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ARTICLE INFO ABSTRACT

Keywords: Generative Al has been increasingly integrated into educational settings for its potential to facilitate personalized
Artificial intelligence learning. However, evidence-based implementation concepts remain essential to realize its pedagogical value.
Chatbot Therefore, this study investigates the educational efficacy of ADA, a domain-specific Al chatbot customized for
Personalization . . . . .

Education secondary mathematics education, in enhancing learning outcomes and student engagement. A cluster-
STEM randomized controlled study was conducted with 195 ninth-grade students from German secondary schools in
Mathematics authentic classroom settings. The objective of the study was to compare ADA’s personalized support against

conventional differentiation materials. The intervention targeted the Heron method for estimating square roots
in a single-lesson intervention with a pre-post assessment. As one of the few cluster-randomized controlled
studies on custom Al chatbots in secondary mathematics education, this investigation assessed both affective and
cognitive aspects of learning simultaneously to provide a comprehensive research picture. The findings indicated
a high degree of student acceptance across the dimensions of the Technology Acceptance Model. Additionally,
situational interest significantly improved in the chatbot condition. The study found that trends in performance
and emotional responses were favorable, while cognitive load increased slightly. The findings emphasize the
evident potential of customized AI chatbots to supplement differentiated instruction in the domain of mathe-
matics education. They provide a critical foundation for future research investigating the potential of AI chatbots
to enhance student learning through careful integration and customization.

1. Introduction Recent meta-analytic evidence demonstrates that custom Al chatbots
in particular have a statistically significant positive effect on student

Conventional teaching methods in current STEM education learning performance, with text-based interactions and STEM disci-

frequently fall short in providing sufficient individualized learning
support [1]. The rapid advancement of artificial intelligence (AI) has
introduced innovative tools with the potential to address these systemic
challenges in STEM education on a large scale [2-4]. Among these
technological innovations, Al chatbots have emerged as particularly
promising educational technologies, offering the capacity to provide
personalized, interactive support tailored to individual learner needs
[5-71.

Al chatbots enable students to interact through natural language,
facilitating immediate feedback, comprehension support, and access to
supplementary learning materials [2]. By responding to individual
needs in real time, these systems have the capacity to engender
student-centered, interactive classroom environments and, concomi-
tantly, to reduce the instructional burden associated with differentiated
teaching [8].

* Corresponding author.

plines showing particularly substantial effectiveness [9]. Furthermore,
the educational benefits of custom AI chatbots include enhanced
learning motivation and the promotion of self-directed learning and
problem-solving skills [10,11].

The present study investigates ADA, a domain-specific Al chatbot
specifically developed for secondary STEM education. In contradiction
to generic large language models, ADA incorporates domain-specific
pedagogical frameworks and curriculum-aligned content that have
been shown to enhance chatbot effectiveness in STEM contexts [9]. The
objective of this study is to evaluate the effectiveness of ADA in com-
parison to conventional differentiation strategies with regard to stu-
dents’ learning performance, emotional responses, situational interest,
and cognitive load. By examining the implementation of ADA in
authentic classroom settings, the current study provides empirical in-
sights into the pedagogical potential of customized AI chatbots in
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secondary STEM education.

2. Current state of research
2.1. Al chatbots in education

2.1.1. Current applications and capabilities

Unlike conventional conversational agents, Al chatbots have the
potential to function as learning assistants by providing personalized,
interactive support that is tailored to the specific needs of individual
learners [12-14]. Within educational environments, Al chatbots have
been shown to possess a high degree of versatility with regard to their
potential applications. Primarily, the provision of various types of im-
mediate formative feedback and personalized correction on student
work in a low-risk environment where learners need not fear making
mistakes [15-19]. Additionally, they address individual learning diffi-
culties by providing answers to questions and offering accurate expla-
nations [15,20]. These explanations range from the transfer of solution
strategies to complex scientific concepts and are available at various
levels of understanding [21,22]. Al chatbots further offer supplementary
learning resources, including additional exercises and explanatory texts
comparable in quality to those found in textbooks [15,23,24]. Moreover,
they systematically guide students step-by-step through the develop-
ment of explanations for scientific phenomena [25] and the intricacies
of problem-solving processes, thereby facilitating a more profound
comprehension of underlying concepts [23].

2.1.2. Impacts on learning performance and experience

A growing body of research indicates that chatbot-assisted learning
can surpass traditional learning in certain contexts, exhibiting favorable
effects on both cognitive and affective dimensions of learning (e.g.
[26-28]).

Al chatbots have demonstrated improvements in learning perfor-
mance and reductions in cognitive load across various educational
contexts [26,27,29]. Subsequent studies have demonstrated in partic-
ular the potential of ChatGPT to enhance students’ productivity,
engagement, knowledge construction, and higher-order thinking [2,
30-34].

Beyond cognitive dimensions, Al chatbots have demonstrated posi-
tive effects on student motivation, interest, and emotions [2,26,27,33].
Al chatbots have demonstrated efficacy in mitigating students’ anxi-
eties, stress, and the occurrence of a sense of learned helplessness [29,
34]. Furthermore, they have the capacity to augment the enjoyment of
learning and the sense of well-being [34,35]. These findings are
consistent with research that has documented an increase in positive
attitudes toward learning and an enhancement in perceived value of
learning [2,33].

These favorable outcomes may be linked to several characteristics
observed in interactions with AI chatbots in educational settings [36]. A
salient feature is their capacity to address particular learning challenges
[37]. Furthermore, the promotion of low-pressure learning environ-
ments that encourage learners to seek clarification with greater ease
were evidenced, particularly for ChatGPT [38].

However, critical considerations regarding the implementation of
chatbots in educational settings have also emerged. While Al chatbots
can reduce mental effort in research tasks compared to conventional
methods, they may simultaneously result in a decline in the quality of
reasoning and depth of understanding, presenting a significant trade-off
for educators [39]. Furthermore, the educational effectiveness of Al
chatbots tends to diminish over extended experiment durations, sug-
gesting the need for strategic implementation and the development of
novel pedagogical approaches to maintain student motivation and
engagement over time [40].

In summary, AI chatbots demonstrate substantial potential to
enhance both the cognitive and affective dimensions of learning. How-
ever, there remains a critical need for further research to identify
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successful didactic concepts and meaningful implementation strategies,
particularly in subject-specific contexts [41]. Addressing these gaps is
imperative to enable educators to maximize the pedagogical advantages
of AI chatbots while mitigating potential drawbacks.

2.1.3. Applications and advantages in STEM education

The efficacy of chatbot-assisted learning is substantiated by domain-
specific evidence across STEM (Science, Technology, Engineering, and
Mathematics) disciplines. In the domain of biology education, signifi-
cant improvements in students’ academic achievements have been
documented through the implementation of educational AI chatbots
[42]. Computer science education research demonstrated that Al chat-
bots facilitate self-paced learning, enhance time efficiency as well as
active participation, and yield superior academic outcomes compared to
traditional methodologies [43,44]. Additionally, Al chatbots in com-
puter science contexts have been shown to reduce stress, increase
motivation, and positively influence situational interest [43,44].

Physics education research has similarly demonstrated benefits of Al
chatbots integration. Studies document significant improvements in
student achievement in both experiential learning dimensions and
measurable performance metrics as well as effective rectification of
preexisting misconceptions, contributing to more comprehensive un-
derstanding of fundamental physical concepts such as electromagnetism
[45-471].

Mathematics education shows analogous benefits from AI chatbot
integration. Studies demonstrate that Al chatbots facilitate robust con-
ceptual understanding and enhance critical thinking processes in
mathematical problem-solving contexts [48,49]. Additionally, chatbot
utilization in mathematics instruction has been shown to enhance stu-
dent self-efficacy [48].

Interdisciplinary research has further illuminated the potential of Al
chatbots at the intersection of mathematics and physics education.
While chatbot-generated explanations focusing on proportional re-
lationships demonstrated indefinite impact on learning outcomes, they
significantly reduced both intrinsic and extrinsic cognitive load [50].
Regarding affective dimensions, Al-generated materials have been
demonstrated to elicit positive-activating emotions, situational interest,
and self-efficacy among students [50].

These findings indicate that AI chatbots can serve as valuable re-
sources for more personalized STEM education by catering to students’
unique learning needs with substantial impact documented across
various disciplines [51]. Notwithstanding these promising results, a
significant research gap persists concerning the development and vali-
dation of specific didactic concepts for the meaningful integration of Al
chatbots in subject-specific STEM contexts. Further investigations are
required to identify successful didactic approaches and to develop
meaningful implementation strategies that can harness the full peda-
gogical potential of these technologies [41]. Absent such research-based
didactic frameworks, there is a risk that the integration of Al chatbots
may result in disadvantages such as diminished reasoning quality or
diminishing effects over extended usage periods [39,40].

2.1.4. Custom chatbots

While general-purpose Al chatbots have demonstrated considerable
potential in education, recent research highlights the superior efficacy of
custom Al chatbots that are tailored to specific pedagogical contexts.
These systems address the critical limitations of general-purpose chat-
bots in education by integrating curriculum-aligned content, pedagogi-
cally informed prompt engineering, and design features that promote
active learning rather than passive answer retrieval.

In the context of mathematics education, the implementation of
custom chatbots has been shown to enhance practice performance in
comparison to conventional ChatGPT interfaces [52]. This enhancement
was achieved while circumventing the deleterious learning effects
identified in standard ChatGPT usage [52]. In a similar vein, engineering
education research demonstrated that customized chatbots exhibited
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superior efficacy in enhancing learning outcomes and self-efficacy in
comparison to both standard ChatGPT and conventional instruction,
with students reporting greater confidence and perceived effectiveness
[53].

The mechanisms underlying these enhanced outcomes remain an
active area of investigation. Custom Al chatbots appear to empower
learners by catering to individual learning needs, enabling them to
independently overcome challenges, study according to their preferred
schedules, and progress at a pace that suits them [34,44]. Initial studies
indicate that designs that facilitate interactive or constructive commu-
nication are more effective than passive approaches [11,54]. Further
preliminary studies suggest a positive correlation between students’
perceptions of social presence and human-likeness in Al chatbots and
their motivation levels [55]. However, the number of empirical studies
examining custom Al chatbots in educational contexts remains limited,
highlighting substantial gaps in our understanding of how these systems
function across diverse STEM disciplines and educational settings.
Consequently, future research should endeavor to address this gap by
developing theoretically grounded and empirically validated didactic
approaches for the effective integration of custom AI chatbots across
various STEM disciplines.

3. Research questions

The current state of research demonstrates the promising potential of
Al chatbots in educational settings, particularly within STEM disci-
plines. The utilization of Al chatbots has been shown to enhance both
affective dimensions (e.g., situational interest, emotions) and cognitive
dimensions (e.g., learning performance, cognitive load). This enhance-
ment is primarily attributable to their capacity to facilitate personalized
learning experiences.

Nevertheless, despite these promising findings, the current state of
research reveals notable limitations. Firstly, extant studies are pre-
dominantly situated in higher education, with limited empirical insights
into domain-specific applications within secondary STEM education that
align with curricula standards [7,56]. Secondly, there persists a sub-
stantial research gap regarding the development and validation of
custom Al chatbots. As argued by Kiichemann et al. [41], the absence of
theoretically grounded and empirically supported integration concepts
poses a risk of undermining their potential benefits or even counter-
productive effects. Individual studies have cautioned that substandard
implementation of AI chatbots has the potential to inadvertently
compromise learning quality [39,40]. Moreover, few investigations
have systematically examined how these technologies simultaneously
affect both cognitive and affective learning dimensions in authentic
classroom environments.

The present study aims to address the research gaps identified in the
field of STEM education by investigating the efficacy of an Al chatbot
named ADA, specifically designed for mathematics education. Utilizing
the Heron method for estimating square roots as the learning context,
the study compares student outcomes achieved through AI chatbot
assistance to those obtained via traditional analog learning support. This
study addresses the following five research questions:

RQ1. How high is the technological acceptance of ADA among students?

The successful integration of Al-based educational tools such as ADA
is contingent not only on pedagogical efficacy but also on user accep-
tance [57]. Research has demonstrated that perceived usefulness and
ease of use have a significant impact on students’ propensity to engage
with new learning technologies [58].

RQ2-5. Does the utilization of the learning assistant ADA, in comparison to

conventional differentiation measures, lead to

RQ2. ... an increase in positive-activating emotions and a reduction in
negative-deactivating emotions?
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Guided by Pekrun’s [59] control-value theory of achievement emo-
tions, this study explores how AI chatbot ADA influences learners’
emotional states during the intervention. The study focuses on emotions
that have been shown to impact engagement and learning:
positive-activating emotions such  as satisfaction, and
negative-deactivating emotions such as frustration or boredom. We
measure these emotions directly in response to the chatbot interaction
rather than long-term affective outcomes.

RQ3. ... an improvement in situational interest?

Building on AI chatbots’ potential to stimulate situational interest,
this study assesses whether ADA can spark greater situational interest
than traditional learning materials. We prioritized dynamic, context-
dependent constructs, such as emotions and situational interest, over
more stable constructs, including self-efficacy, due to their heightened
responsiveness to immediate, personalized AI chatbot interactions
[59-61].

RQ4. ... areduction in cognitive load?

This study also investigates whether Al chatbot ADA supports more
efficient cognitive processing by reducing intrinsic and extraneous
cognitive load relative to traditional differentiation materials.

RQ5. ... an enhancement in learning performance?

Given the growing evidence of AI chatbots’ potential to enhance
academic performance, this study explores whether AI chatbot ADA
fosters measurable gains in mathematical achievement.

4. Methodology
4.1. Sample

A total of N = 195 ninth-grade students (91 female, 104 male) from
secondary schools in Germany participated voluntarily in the random-
ized controlled study. The mean age of the students was 14.33 years
(SD=0.67). The sample was divided into two groups: an experimental
group (EG) and a control group (CG). The EG comprised 102 students,
with 41 female and 61 male participants. The CG comprised 93 students,
with 50 female and 43 male participants.

The sample size was determined using G*Power with parameters of
an effect size (f) of 0.2, an alpha level of 0.05, and a power level (1-beta)
of 0.8. The calculated sample size was 200, thus enabling the detection
of medium effect sizes between groups.

4.2. Data collection procedure

A quasi-experimental, controlled intervention design with cluster
randomization was employed. Due to technical constraints, existing
class groups were assigned to either the CG or the EG. This methodo-
logical approach ensured the uniformity of treatment across classes,
thereby preventing contamination effects and enhancing external val-
idity. The fundamental distinction between the groups pertained to the
nature of supplementary support provided. The students in the EG were
able to access the Al chatbot ADA via a web browser on school-provided
laptops. Conversely, the CG students employed static reference mate-
rials, namely help cards attached to their materials.

The data collection was executed during three scheduled mathe-
matics lessons, with the objective of preserving ecological validity. The
initial single lesson comprised a pre-test, the purpose of which was to
collect demographic and prior mathematical knowledge data. This
served to assess comparability between groups and to provide baseline
measures for evaluating the intervention’s impact on learning gains. The
subsequent double lesson comprised the intervention followed imme-
diately by a post-test measuring all dependent variables (see Section
4.4). In order to ensure procedural consistency, teachers were required
to adhere to detailed lesson plans, which included standardized timing
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and instructions. Prior to the commencement of the study, all instructors
received a structured online briefing.

The study received ethical approval from the University of Cologne’s
Faculty of Humanities Ethics Committee. Further, written informed
consent was obtained from school administrators, parents, and students.
The participants were thoroughly informed about data handling, the
voluntary nature of participation, and withdrawal rights.

4.3. Chatbot design

The intervention employed ADA, a Custom Generative Pre-Trained
Transformer (C-GPT) that had been adapted specifically for the pur-
pose of STEM education. The system accessed the GPT-4 language model
through a privacy-compliant Application Programming Interface (API)
provided by fobizz, a widely used Al platform in German schools. This
enabled interaction through an intuitive chat interface requiring no
prior technical knowledge while ensuring General Data Protection
Regulation (GDPR) compliance through anonymized data transmission
[62,63].

ADA was conceptualized as a learning assistant for STEM education.
It employs Socratic dialogues to enhance conceptual understanding by
encouraging students to articulate their reasoning and examine as-
sumptions [64,65]. Rather than merely providing answers, ADA utilized
questioning techniques to assist students in discovering mathematical
relationships independently, thereby providing scaffolding tailored to
individual learning needs. The configuration process combined prompt
engineering and retrieval-augmented generation (RAG; [66,67]). Sys-
tem prompts underwent a process of refinement through iterative testing
to ensure mathematical accuracy, age-appropriate clarity, and peda-
gogical effectiveness. The integration of motivational design elements
was informed by the Self-Determination Theory [68]. The language was
carefully adapted for the student demographic, with particular emphasis
placed on gender-inclusive phrasing [69,70]. In order to enhance ac-
curacy and minimize hallucinations, ADA accessed a curated knowledge
base containing curriculum content, the intervention materials, and
in-depth background information on Ada Lovelace and the Heron
method. The integration of the Wolfram Alpha plugin facilitated the
accurate verification of student calculations and the immediate provi-
sion of mathematical steps when required.

4.4. Material

Both groups received identical paper-based materials explaining the
Heron method, an iterative procedure for calculating square roots (see
the Supplementary Material I Intervention Material). The materials fol-
lowed a scaffolded progression based on evidence-based practice for
mathematical procedures (see [71]), moving systematically from pre-
requisite knowledge through guided exploration to independent appli-
cation. The material commenced with prerequisite knowledge of square
roots (Worksheet 1), followed by guided exploration through geometric
visualizations (Worksheet 2), independent application (Worksheet 3),
and critical optimization (Worksheet 4). The tasks were designed to span
a range of competence levels, encompassing reproduction, application,
and transfer, and are grounded in established textbooks by Griesel et al.
[72] and Neubert and Benedix [73].

4.5. Measured variables

A variety of constructs were measured using established instruments,
all of which were adapted to the specific learning context and translated
into German if necessary. The assessment of all items was conducted
using four-point Likert scales with anchors: 1 = strongly disagree, 2 =
somewhat disagree, 3 = somewhat agree, and 4 = strongly agree. The
variables of technological acceptance, emotional responses, situational
interest, and cognitive load were measured exclusively post-
intervention. The learning performance was collected at both the pre-
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test and post-test in order to facilitate comparison of changes over time.

4.5.1. Technology acceptance model

To assess students’ acceptance of the Al chatbot in the experimental
group, this study employed the Technology Acceptance Model (TAM;
[741). The TAM provides the basis for the iterative refinement of Al tools
with the aim of sustainable technology adoption [75]. Four established
TAM constructs were used to evaluate students’ perceptions of the Al
chatbot [76-78]. The constructs encompassed perceived ease of use
(three items), perceived usefulness (four items), attitudes toward using
(five items), and perceived competence (four items).

4.5.2. Emotions

The emotional states of the students during the learning phase were
measured using five items adapted from the Achievement Emotions
Questionnaire [79]. The items assessed positive-activating emotions
(two items: pleasure and satisfaction) and negative-deactivating emo-
tions (three items: boredom, frustration, and uncertainty).

4.5.3. Situational interest

The situational interest of the students was assessed using a set of
seven items drawn from the International Situational Interest Ques-
tionnaire by Potvin et al. [60]. The assessment draws on Hidi and
Renninger’s [80] conceptualization of situational interest as a precursor
to sustained STEM participation.

4.5.4. Cognitive load

The cognitive load experienced by the students was measured using a
set of five items drawn from Klepsch et al. [81]. The items were designed
to assess intrinsic cognitive load (two items) and extrinsic cognitive load
(three items).

4.5.5. Learning performance

The learning outcomes were assessed using a set of four items
derived from mathematics textbooks [73,82]. The test items systemati-
cally progressed from basic conceptual recall to advanced
problem-solving, mirroring the scaffolded structure of the learning
materials. The students were able to demonstrate their acquired
knowledge at the reproduction level by completing clozes, at the
application level by applying the Heron method, and at the transfer level
by critically optimizing the method.

5. Data analysis

All analyses were conducted using R statistical software (Version
4.4.2; [83]).

5.1. Validation of the measurement models

The structural configuration’s appropriateness for all models was
confirmed through exploratory factor analysis (EFA) (R package
"psych") and confirmatory factor analysis (CFA) (R package "lavaan").

5.1.1. Technology acceptance model

The parallel analysis supported a three-factor solution. Both three-
factor (¥*(101)=91.95, p = 0.729; CFI=1.00; RMSEA=0.00;
SRMR=0.06) and four-factor models (}*(98)=87.28, p = 0.773;
CFI=1.00; RMSEA=0.00; SRMR=0.06) demonstrate exemplary model
fit, with no significant difference between the two (Ay*=4.68, Adf=3, p
= 0.130). The limited empirical discriminability within the current
dataset can be ascribed to the fact that TAM dimensionality has been
shown to be context-sensitive, particularly when user experience is
limited [58,84]. In order to ensure theoretical consistency with the TAM
[76,771, the four-factor model was retained.
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5.1.2. Emotions

The parallel analysis supported a two-factor solution. The two-factor
model (3%(4)=12.67, p = 0.013; CFI=1.00; RMSEA=0.11; SRMR=0.04)
demonstrated a significantly superior fit in comparison to the single-
factor model (Ay*>=16.54, Adf=1, p < 0.0001), confirming the separa-
bility of positive-activating and negative-deactivating emotions in our
data, thereby aligning with the dimensional structure proposed by
Pekrun et al. [79].

5.1.3. Situational interest

The results of both exploratory and confirmatory factor analyses
indicated a two-factor structure (¥*(13)=11.86, p = 0.539; CFI=1.00;
RMSEA=0.00; SRMR=0.05). As demonstrated by the model comparison
tests, a significant improvement was observed in relation to the unidi-
mensional structure (Ay?>=21.82, Adf=1, p < 0.0001). However, it is
likely that this statistical structure is an artifact of methodological issues
rather than an indication of substantive conceptual distinctions [85].
Given that the simpler unidimensional model exhibited an acceptable fit
and demonstrated a stronger theoretical alignment with prevailing
frameworks in educational intervention research [60,86], it was adop-
ted. This approach circumvents arbitrary distinctions that lack sub-
stantial theoretical foundation while enhancing explanatory power for
intervention effects [87].

5.1.4. Cognitive load

The parallel analysis supported a two-factor solution. The two-factor
model (y*(4)=3.94, p = 0.414; CFI=1.00; RMSEA=0.00; SRMR=0.03)
demonstrated a significantly superior fit compared to the single-factor
model (Ay*=11.18, Adf=1, p < 0.0001), validating the distinction be-
tween intrinsic and extrinsic cognitive load in our data, thereby aligning
with the cognitive load theoretical framework proposed by Klepsch et al.
[81].

5.2. Test for normal distribution

The Shapiro-Wilk test indicated that the variables of emotions,
cognitive load, situational interest, and learning performance are not
normally distributed (R package "stats"). While non-parametric tests
(Mann-Whitney U test, R package "stats") were employed for the purpose
of group comparisons, a Repeated Measures (RM-) ANOVA (Type III sum
of squares, R package "ez") was used for pre-post analysis. Given the
adequate sample size (N = 195) and approximately balanced group
sizes, RM-ANOVA remains robust to normality violations, with Monte
Carlo studies demonstrating acceptable Type I error control for moder-
ate departures from normality [88].

5.3. Test for initial group differences

Despite the implementation of cluster randomization, Mann-
Whitney U tests indicated significant disparities between groups with
regard to prior knowledge pertaining to the Heron method on all
evaluable pre-test performance variables (p < 0.05). To account for
these initial differences, a RM-ANOVA was employed to analyze
learning outcomes.

5.4. Test for interrater reliability

The majority of performance test items were closed-ended, with tasks
4.2(a) and 4.2(b) requiring open-ended responses (see the Supplemen-
tary Material II. Post-test). The responses were evaluated by two inde-
pendent raters according to a three-dimensional framework that
encompassed depth of understanding, factual accuracy, and content
accuracy (see Appendix Table A.1). Cohen’s weighted kappa with
quadratic weighting (R package "irr'") demonstrated excellent interrater
agreement for the composite scores (k=0.921-0.974) and the individual
dimensions (k=0.816-1.000).
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6. Results
6.1. Descriptive statistics

Table 1 presents a comprehensive overview of the descriptive sta-
tistics for all outcome variables across EG and CG.

6.1. Technological acceptance

Descriptive analyses within the EG revealed positive perceptions
toward the AI chatbot (see Appendix Fig. A.1). Students reported
favorable assessments of ADA’s perceived ease of use (M = 3.44,
SD=0.83), perceived usefulness (M 3.03, SD=0.81), attitudes toward
use (M = 3.01, SD 0.85), and perceived competence (M 3.09, SD=0.83).

6.2. Emotions

Descriptive analyses revealed subtle differences in emotional re-
sponses across the EG and the CG. The EG demonstrated slightly
elevated mean scores for positive-activating emotions (M 2.37,
SD=1.03) relative to the CG (M = 2.10, SD 0.96), alongside slightly
reduced negative-deactivating emotion scores (M 2.45, SD=1.15 vs. M
2.61, SD=1.15) (Fig. 1).

The Mann-Whitney U test revealed no significant differences be-
tween the EG and the CG for positive-activating (p = 0.053) or negative-
deactivating emotions (p = 0.265).

6.3. Situational interest

Descriptive analyses revealed substantial differences in situational
interest across the EG and the CG. The EG demonstrated notably higher
mean scores for situational interest (M 2.63, SD=0.51) compared to the
CG (M = 2.43, SD=0.62), indicating a pronounced increase in student
interest during the learning activity (Fig. 2).

The Mann-Whitney U test revealed a highly significant difference
between the EG and the CG for situational interest (p = 0.00005). The
effect size analysis using Cohen’s d revealed a medium positive effect (d
= 0.63), suggesting a substantial enhancement of situational interest in
the EG.

Table 1
Descriptive statistics.

Variable Group (ng, ng) M SD 95 % CI

Technological Acceptance

Perceived ease of use EG (41, 61) 3.44 0.83 [3.28,3.60]

Perceived usefulness EG (41, 61) 3.03 0.81 [2.87,3.19]

Attitudes toward use EG (41, 61) 3.01 0.85 [2.84,3.18]

Perceived competence EG (41, 61) 3.09 0.83 [2.93,3.25]

Emotions

Positive-activating EG (41, 61) 2.37 1.03 [2.17,2.57]
CG (50, 43) 2.10 0.96 [1.90,2.30]

Negative-deactivating EG (41, 61) 2.45 1.15 [2.23,2.67]
CG (50, 43) 2.61 1.15 [2.38,2.84]

Situational Interest
EG (41, 61) 2.63 0.51 [2.53,2.73]
CG (50, 43) 2.43 0.62 [2.30,2.56]

Cognitive Load

Intrinsic EG (41, 61) 2.75 1.01 [2.55,2.95]
CG (50, 43) 2.63 0.97 [2.43,2.83]

Extrinsic EG (41, 61) 2.62 0.98 [2.43,2.81]
CG (50, 43) 2.38 1.02 [2.17,2.59]

Learning Performance

Pre-test EG (41, 61) 3.56 4.18 [2.75,4.37]
CG (50, 43) 8.61 8.28 [6.93,10.29]

Post-test EG (41, 61) 12.42 12.72 [9.95,14.89]
CG (50, 43) 9.38 12.51 [6.84,11.92]

Notes: EG = Experimental Group, CG = Control Group, M = Mean, SD = Stan-
dard Deviation, CI = Confidence Interval (95 %).
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6.4. Cognitive load

Descriptive analyses revealed nuanced differences in cognitive load
across the EG and the CG. The EG demonstrated marginally elevated
mean scores for intrinsic cognitive load (M 2.75, SD 1.01) relative to the
CG (M = 2.63, SD=0.97), alongside slightly increased extrinsic cognitive
load scores (M = 2.62, SD=0.98 vs. M = 2.38, SD 1.02) (Fig. 3).

The Mann-Whitney U test indicated no significant differences be-
tween the EG and the CG for intrinsic (p 0.299) or extrinsic cognitive
load (p 0.060).

6.5. Learning performance

Descriptive analyses revealed notable differences in the learning
progression between the EG and CG. Despite the CG’s higher initial
performance in the pre-test across all tasks (EG: M 3.56, SD=4.18; CG: M
8.61, SD 8.28), the EG showed greater overall improvement from pre- to
post-test (EG: M 12.42, SD 12.72; CG: M 9.38, SD 12.51) (Fig. 4).

An RM-ANOVA confirmed a significant main effect of time, F
(1194)=145.76, p < 0.001, ges=0.22, and group, F(1194)=9.26, p =
0.003, ges=0.03, but no significant group by time interaction, F(1194)=
2.84, p = 0.094 (Fig. 5).

At the subtask level, Task A3 (application task; EG: M = 9.44,
SD=10.37; CG: M 6.68, SD 11.31) and Task A4.2(a) (transfer task; EG: M
=0.49, SD=1.42; CG: M 0.29, SD 1.03) exhibited marked differences. In
addition to the descriptive trends, each subtask demonstrated a signifi-
cant time effect (all ps<0.001), along with significant group differences
for Al (p 0.001), A3 (p = 0.022), and A41 (p 0.005). Although no
interaction reached significance at the 0.05 level, Task A3 came closest,
F(1194)=3.18, p = 0.076 (Fig. 6).

7. Discussion

The purpose of this investigation was to examine the efficacy of a
domain-specific Al chatbot ADA in ninth-grade mathematics classrooms.
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As one of the few studies to employ a cluster-randomized design in
authentic secondary education settings whilst simultaneously assessing
both affective and cognitive outcomes, our findings regarding situa-
tional interest, emotional responses, cognitive load, and learning per-
formance provide particularly valuable empirical evidence for the
efficacy of individualized learning process support through custom bots
in STEM education.

7.1. Technological acceptance

Concerning RQ 1 ("How high is the technological acceptance of ADA
among students?"), the findings demonstrate a high level of acceptance
of the AI chatbot ADA across all TAM dimensions. The mean scores
persistently exceed 3.0 on the 4-point scale. The high usability scores of
ADA can be attributed to architectural innovations that address common
Natural Language Processing limitations, including RAG techniques for
improved response accuracy and prompt engineering for enhanced
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response patterns [66]. The observed high perceived usefulness of ADA
aligns with prior research demonstrating high perceived usefulness of
educational chatbots across diverse learning contexts [89-91].
Furthermore, the positive ratings of competence indicate the successful
conveyance of domain expertise, a crucial factor in the acceptance and
adoption of technology [92]. Finally, the students demonstrated a pos-
itive attitude towards using ADA, which is consistent with TAM theory
given the strong usability and usefulness ratings [93-95]. This finding
aligns with the broader body of evidence suggesting that well-designed
educational chatbots tend to engender positive attitudes when incor-
porating empathic design elements [54] and maintaining consistent
response quality [96].

7.2. Emotions

Turning to RQ 2 ("Does the utilization of the learning assistant ADA
[...] lead to an increase in positive-activating emotions and a reduction

in negative-deactivating emotions?"), the findings reveal a directional
but non-significant trend. The utilization of AI chatbot ADA in the
context of math education has been observed to elicit elevated positive-
activating emotions and slightly diminished negative-deactivating
emotions in comparison with learning employing conventional differ-
entiation measures. Despite the absence of statistical significance, the
observed trends align directionally with prior research, even though
previous studies have demonstrated more pronounced positive
emotional responses to Al chatbot interventions, particularly in relation
to negative-deactivating emotions [29,35]. The absence of significant
effects could be attributed to the relatively brief nature of the inter-
vention, as prior research demonstrates that measurable emotional
shifts in educational contexts typically require sustained exposure to
manifest robustly [97].
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7.3. Situational interest

In relation to RQ 3 ("Does the utilization of the learning assistant
ADA [...] lead to an improvement in situational interest?"), the results
provide robust evidence for a significant positive effect. The employ-
ment of ADA within the domain of mathematics education significantly
enhanced situational interest compared to learning employing conven-
tional differentiation measures. This finding is consistent with prior
research indicating that AI chatbots can enhance learners’ interest
across various educational settings, including nursing, teacher, lan-
guage, computer science, physics, and chemistry education (e.g., [31,32,
98]). However, Huang et al. [11] emphasize that the motivational
impact of chatbots is context-dependent. This assertion is corroborated
by Kumar [99], who reported no significant benefits in relation to
affective-motivational outcomes in their study of educational chatbots
in design education.

7.4. Cognitive load

The results pertaining to RQ 4 ("Does the utilization of the learning
assistant ADA [...] lead to a reduction in cognitive load?") indicate a
modest yet non-significant tendency towards increased intrinsic and
extrinsic cognitive load. This finding is in contrast to the results of
previous research, which has reported reductions in cognitive load as a
key benefit of Al-assisted learning environments [29,39,50,]. Two
principal factors may account for the observed patterns of cognitive
load. Firstly, in contradistinction to conventional learning materials
with predetermined scaffolding, the AI chatbot imposes dual-task de-
mands on students [100]. Secondly, the brevity of the intervention may
have been insufficient to allow students to achieve cognitive efficiency
in their interactions with ADA [75,84].

7.5. Learning performance

Addressing the influence of the AI chatbot ADA on learning perfor-
mance, the results concerning RQ 5 ("Does the utilization of the learning
assistant ADA [...] lead to an enhancement in learning performance?")
indicate non-significant yet promising trends. In comparison to con-
ventional differentiation methods, the implementation of ADA was
associated with a more favorable development in learning performance.
While the effects did not reach statistical significance, the observed
tendencies point toward a potential benefit of the chatbot in fostering
conceptual understanding and higher-order thinking. This interpreta-
tion is supported by recent research (e.g., [27,30,101]). Analogous to
previous arguments, the lack of significant effects on learning perfor-
mance may be primarily attributed to the brevity of the intervention, the
dual-task demands imposed by the AI chatbot, and the limited scope of
the participant sample.

8. Conclusion & future directions
8.1. Major findings

The present study demonstrates that the domain-specific Al chatbot
ADA was robustly accepted by students, who perceived it as a usable,
useful, and competent tool for mathematics learning and also reported a
positive attitude towards its use. The positive attitude scores observed in
this study suggest that ADA successfully fulfills the foundational con-
ditions for sustained technology adoption in educational settings. While
its immediate affective impact on emotional states was limited, the
intervention with ADA significantly enhanced situational interest, with
a medium effect size. This finding underscores the potential of ADA to
foster motivational aspects of the learning process in STEM education.
Notably, cognitive load patterns deviated from prior research, demon-
strating modest increases rather than reductions. The necessity for
scaffolding in order to optimize interaction design is suggested,
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particularly regarding the dual-task nature of inexperienced chatbot use.
Regarding learning outcomes, results revealed an asymmetry between
affective and cognitive effects. While the intervention significantly
enhanced situational interest, these gains did not translate into signifi-
cant improvements in learning performance. Although promising trends
emerged, particularly in higher-order application tasks, the findings
indicate that in this intervention ADA was more effective at enhancing
motivational engagement than at producing immediate performance
gains. Taken together, these findings establish AI chatbot ADA as an
educationally viable and future-oriented approach, particularly effec-
tive in enhancing motivational engagement rather than producing im-
mediate performance gains.

8.2. Limitations

Several limitations must be acknowledged, many of which reflect
deliberate design choices aimed at balancing internal validity with
ecological realism. Firstly, the relatively brief nature of the intervention
may have resulted in a limitation of the potential for significant effects to
emerge. Secondly, as a consequence of this brief exposure, only imme-
diate short-term effects measurements were collected, precluding any
assessment of long-term effects. Thirdly, the study was conducted with a
limited sample size within a specific learning context and with a
particular learning group. This limits the extent to which the results can
be generalized. Fourthly, while analyzing validated educational con-
structs rather than usage metrics, we acknowledge that detailed inter-
action patterns could provide complementary insights. Finally, novelty
effects cannot be entirely ruled out, despite the observed situational
interest suggesting effects that extend beyond mere technological
curiosity.

8.3. Implications for future research

The study’s findings suggest that domain-specific Al chatbots have
the potential to provide targeted support for STEM learning processes
while simultaneously highlighting several crucial avenues for future
investigation. The primary objective is to replicate the observed trends
with substantially larger samples. This is imperative to evaluate the
statistical robustness and generalizability of the effects identified in this
study. Beyond validation, it is imperative to extend the scope of appli-
cation. Future research should explore the transferability of chatbot-
based interventions to a broader range of mathematical and scientific
learning contexts. It is further recommended that comparative studies be
conducted across different educational stages in order to examine the
manner in which age-related differences shape the interaction with
chatbots and the learning outcomes thereof. Furthermore, the short-
term nature of the observed effects necessitates the implementation of
longitudinal designs. Particularly, the observed asymmetry between
enhanced situational interest and learning performance reveals a critical
need to examine whether increased motivational engagement translates
into improved learning outcomes over extended intervention periods.
Longitudinal studies could further elucidate whether immediate per-
formance gains are attenuated by dual-task demands of simultaneously
managing paper-based materials and digital devices, whether the short-
term effects persist over time, and whether initial, non-significant trends
evolve into statistically significant effects when students engage with
chatbots across multiple lessons. Another critical avenue that merits
exploration is the dual-task challenge. In order to address this issue,
future work should focus on a more seamless integration of chatbot
dialogue with instructional content.

8.4. Didactic considerations and practical implications
Despite the implementation of technical safeguards implemented in

ADA (see Section 4.3.), hallucinations persist as an inherent limitation of
language models, arising from the fundamental statistical properties of
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their training, even with perfect training data [102]. For educational
contexts, this means that despite RAG substantially reducing halluci-
nation rates compared to parametric-only models [66], the risk of
plausible but incorrect outputs cannot be eliminated. Further, there is a
risk of inconsistent terminology or Socratic questions that are
misleading. These inherent limitations underscore that ADA was
designed as a learning assistant to support and relieve, not replace,
teacher expertise. Ensuring sustainable implementation therefore re-
quires teacher oversight, contemporary adaptation of the curated
database to the learning group, and fostering Al literacy skills among
both teachers and students (e.g., [103,104]). Crucially, maximizing the
didactic utility and individualization potential of domain-specific
custom Al chatbots hinges on empowering educators with the compe-
tence to configure and customize such bots. This capability allows
teachers to precisely align them with their distinct pedagogical objec-
tives, personal teaching preferences, and the unique needs of their
students.
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Table A.1
Coding rubric.
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Dimension 0

1 2

Depth of understanding
Factual accuracy
Content accuracy (precision)

No understanding
Full of errors
Largely inaccurate or irrelevant

Minimal to adequate understanding
Partial errors
Partially accurate and relevant

Deep understanding
Error-free
Accurate and relevant
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