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Abstract

Generative AI tools are increasingly used in higher education, yet most available systems
lack pedagogical grounding, course alignment, and insight into student learning. This
paper presents the development, implementation, and evaluation of the bioTutor, an open-
source, course-specific AI chatbot designed to support constructivist learning in large
university classrooms. The system integrates a curated knowledge base, a didactically
structured interaction design, and a learning analytics dashboard for instructors that
summarizes anonymized student-chatbot conversations. To assess students’ perceptions of
usefulness, ease of use, learning relevance, output quality, and result demonstrability, we
developed an education-adapted extension of the Technology Acceptance Model (edTAM)
and applied it in an introductory biology course with 407 enrolled students. During
a 23-week deployment, students generated more than 10,000 interactions across over
1000 conversations. Questionnaire data indicate high usability, strong perceived usefulness,
and broad interest in adopting similar tools. Usage patterns show that the bioTutor was
employed both for learning and exam preparation. These findings suggest that students
perceived pedagogically structured, course-grounded AI chatbots as useful for learning and
exam preparation, while the lecturer dashboard provided aggregated insights into students’
questions and recurring difficulties. The open-source framework enables adaptation to
other disciplines and provides a scalable foundation for further research on didactically
informed AI systems in higher education.

Keywords: generative AI; chatbot; higher education; intelligent tutoring system; learning
analytics; constructivist pedagogy; educational technology

1. Introduction
Applications based on generative Artificial Intelligence (AI) have become an integral

part of our daily lives and, consequently, are increasingly being integrated into educational
settings (Sharma, 2024; Heeg & Avraamidou, 2023), and students rely on such applications
in their academic routines (Abdaljaleel et al., 2024; Valeri et al., 2025; Zhang et al., 2024).
From reviewing lecture content, solving problem sets, generating or revising code, or
preparing for exams, to conducting literature research, tools like ChatGPT (OpenAI, 2026),
GitHub Copilot (GitHub, n.d.), or Gemini (Google, 2026) are widely used and applied
across various disciplines (Baig & Yadegaridehkordi, 2024). In line with this, a recent
study conducted at a European technical university showed that a majority of students use
ChatGPT or similar applications on a regular basis for study-related tasks (Balabdaoui et al.,
2024). While these developments pose certain challenges, such as assessing the academic
merit of student work, ensuring independent task completion, and upholding academic
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integrity (Kiryakova & Angelova, 2023), generative AI-based tools also offer an opportunity
to address longstanding issues including personalizing learning experiences or enhancing
student engagement in higher education (Vieriu & Petrea, 2025). Moreover, this technology
presents a unique chance not only to support students in their learning processes but also
to collect insights about these processes, thereby enabling educators to tailor teaching to
students’ knowledge levels to support learning (Chaiklin, 2003).

1.1. Challenges Associated with Available AI-Based Tools

The number of students relying on tools like ChatGPT is steadily increasing (Baig
& Yadegaridehkordi, 2024), even though the underlying Large Language Models (LLMs)
have well-known and extensively documented limitations (cf. Alkaissi & McFarlane, 2023;
Claman & Sezgin, 2024). While available LLMs are becoming increasingly accurate and
make fewer errors (Achiam et al., 2023), the information they provide is not always factually
correct (e.g., Fukuda et al., 2025; Chow et al., 2024; Theophilou et al., 2023). Moreover,
the additional information often introduced by the chatbot during conversations can not
only cognitively overwhelm learners but may also deviate from the direction of learning
intended by the instructors (García-López et al., 2025). In biology for instance, if a lecture
covers the topic of mitosis with a focus on chromosome segregation and the molecular
mechanisms involved, it might be didactically more valuable for subsequent conversations
to focus on these aspects rather than shifting to meiosis as a comparison if not yet discussed
in class. Therefore, the provided answers can diverge from the intended focus of the
instruction (Achiam et al., 2023; García-López et al., 2025). Concomitantly, studies show
that students generally wish to use generative AI tools based on course materials, as these
may offer higher-quality feedback (Balabdaoui et al., 2024).

Another challenge of chatbot-based interactions for knowledge acquisition is the
underlying didactic design. LLM-based chatbots generally follow a similar pattern: the
user enters a question or task and receives a corresponding answer within seconds. As
a result, the associated thought process is skipped (Bauer et al., 2025). Moreover, the
abundance of information and the speed at which it can be accessed may lead to reduced
cognitive efforts (Stadler et al., 2024) and therefore eventually in reduced learning gains
(Azeem & Abbas, 2025; Kosmyna et al., 2025; Li et al., 2025; Mueller & Oppenheimer, 2014).
In line with these findings, offering appropriate learning scaffolds when using tools like
ChatGPT in education and actively integrating different learning modes, may be inevitable
for providing an effective learning environment.

This emphasis on scaffolded chatbot use reflects principles from learning theory, par-
ticularly research on «productive failure» or «problem-solving before instruction» (Kapur,
2014; Loibl et al., 2017; Loibl & Rummel, 2014). This research suggests that the highest
learning gains are achieved when students first actively engage in a problem-solving phase
before the correct solution is discussed (Sinha & Kapur, 2021). If instruction is provided
immediately instead, students are not expected to identify own knowledge gaps (Loibl
& Rummel, 2014), to explore different potential solutions (Kapur & Bielaczyc, 2012) and,
ultimately, to construct their knowledge (Bada & Olusegun, 2015), which may lead to
lower learning gains. Applied to the challenge of chatbot use, this suggests that students
may be deprived of the opportunity to actively engage with their own questions before a
solution is presented (Bai et al., 2023; Fan et al., 2025), although being aware of such ques-
tions and having the opportunity to reflect on them were shown to enhance performance
(Spitzer et al., 2025). If knowledge no longer needs to be constructed, students’ conceptual
understanding might diminish on a long-term when using chatbots without appropriate
pedagogical design.
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In addition to the challenge of leveraging chatbots effectively for student learning,
a further limitation arises from the fact that conventional chatbots do not grant instruc-
tors access to student interaction data, thereby restricting insights into students’ learning
processes. Understanding which problems students struggle with and which concepts are
still unclear could help instructors not only reflect on their own teaching practices but also
reveal direct ways to improve their instruction (Buck & Trauth-Nare, 2009; Leenknecht
et al., 2021). Thus, there is emergent need for the development of didactically motivated
open source chatbots that allow access to information on students’ learning status.

1.2. Didactically Motivated Chatbots for University Lectures

In large university courses, it can be challenging to address all students’ specific
needs, consider their prior knowledge, educational and cultural background, and provide
personalized instruction (Northedge, 2003). Intelligent tutoring systems based on machine
learning, more specifically artificial intelligence, however, hold the potential to tackle
precisely this challenge (Tobler & Köhler, 2025; Steenbergen-Hu & Cooper, 2014). However,
setting up a system that combines a knowledge-based and controlled environment for
student interactions, a didactically structured design to support learning, and lecturer-
facing insights into student questions remains challenging.

When Schwarz and Bransford proposed in 1998 that learning is more effective when
a meaningful activity precedes instruction (i.e., one that engages with the subject) they
laid the groundwork for the current trends in learning theory: Empirical research has
repeatedly shown that working on (own) problems instead of first receiving instruction
significantly enhances learning, even if the correct solution is not found (Sinha & Kapur,
2021). Thereby, relevant prior knowledge is activated to help anchor new concepts more
broadly and learners are supported in identifying their own knowledge gaps, thereby
potentially boosting engagement and motivation. These insights are further supported by
the conceptual change theory (Vosniadou, 2014), which posits that knowledge develops
through the integration of new information with existing conceptual frameworks.

In contrast to the design of specific instructions or problem sets, the starting points for
new learning scenarios are less clearly defined when working with chatbots as the students
initiate the first step. To counter this, we propose to start the conversations with students
introducing their own problems for clarification which then build the groundwork for
follow-up conversations.

Yet, this challenge also entails considerable potential, as it enables the individualization
of the problem-solving approach. By designing the chatbot so that students’ own open
questions form the starting point of the interaction, their actual problems become the
central focus of learning. This is in line with research on instructional design, showing that
formulating one’s own questions and working through them can be an effective way to
learn (e.g., Chi et al., 1994; Chin & Osborne, 2008; Dori & Herscovitz, 1999).

Moreover, questions and answers generated by students may not only help to acti-
vate prior knowledge but also to promote knowledge construction (Chi et al., 1994; Chin
& Brown, 2000) and increase motivation and interest (Chin & Kayalvizhi, 2005). Thus,
combining question formulation with generating own answers and generative AI-based
evaluation of those responses allows personalized feedback without depriving students of
the opportunity to construct knowledge independently. By continuing the conversation in
the style of a Socratic dialogue, (i.e., a form of interaction that promotes critical thinking
through guided questions; Wang et al., 2008; Katsara & De Witte, 2019), in which the chatbot
follows up with further questions based on the students’ responses, a continuous process
of problem solving could be achieved that builds on the learner’s prior knowledge.
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Particularly in the educational context, however, it is crucial that the context and
content of such an LLM-based chatbot’s answer can be guided to a certain extent to counter
potential hallucination or output unpredictability (Kasneci et al., 2023). One way to achieve
this is a combination of human quality control with transparent explanations of LLM
associated limitations and the integration of a curated knowledge base, thereby controlling
that the chatbot’s interactions remain reliable and aligned with the didactic goals. Since
OpenAI’s Assistants API (OpenAI, 2023) enables users to provide a custom knowledge
base (e.g., lecture notes, scripts, or other written materials for answering student questions),
integrating this API as the underlying chatbot model presents a valuable solution to tackle
the problems described above.

Finally, implementing such a chatbot for a specific course should aim to remove
potential barriers and ensure accessibility for all students. It is important that students can
use the chatbot without performance pressure or fear of negative consequences, even if
lecturers gain insights into their learning behavior (Zobel et al., 2023). By ensuring that no
personal data is recorded (i.e., anonymous access) or by restricting instructors’ access to
data, these considerations might be mitigated. In other words, the minimal data set would
include only students’ inputs and the chatbot’s outputs to make conversations traceable,
supplemented by randomly generated identity markers and timestamps to group related
interactions meaningfully.

The described chatbot operationalizes this didactic approach through a predefined
instruction prompt and a structured user-interface sequence. The conversations with the
AI-based tutor begin with a student-generated question and the student’s own answer,
before being continued through follow-up questions in a Socratic style. More concretely,
students were first asked to formulate a question. If the question was clear and related to
the lecture context, they were asked to provide their own initial answer. The chatbot was
then instructed to provide concise feedback, avoid directly revealing answers, rely on the
provided lecture materials, and refine students’ reasoning through follow-up questions
before providing explanations. An exemplary conversation illustrating this interaction
structure is shown in Figure 1. The full instruction prompt is provided in Appendix A. The
chatbot was tested before deployment to examine whether it showed the expected behavior.
Yet, the consistency of this interaction pattern was not systematically quantified across all
recorded conversations.

Figure 1. Exemplary conversation with the bioTutor. Student inputs and bioTutor outputs are
grouped in different categories to provide an overview of the course of the conversation.
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2. Technical Architecture of the Chatbot and Lecturer Dashboard
2.1. Developing a Chatbot for University Classrooms

Based on these considerations, we developed an AI-based chatbot (bioTutor) that
follows the described didactic design and provides students with an opportunity to indi-
vidually test and deepen their understanding of lecture content. In addition, we aimed
to create a technically simple solution to ensure transferability to other courses without
significant adaptation efforts. Therefore, the entire software is published as open source
code and can be freely accessed and adjusted to enable researchers or educational devel-
opers to advance or implement such a chatbot. Programmed as an RShiny application
(Chang et al., 2024), the chatbot can be hosted either on local servers or on commercially
available platforms (such as Posit’s Shinyapps server; https://shinyapps.io, accessed on
20 May 2025), making it possible to provide a customizable standalone solution tailored to
individual use cases.

The chatbot conversations are powered by OpenAI’s Assistant API (OpenAI, 2023),
which provides a specifically instructed assistant that functions as a conversational agent.
The Assistant API further allows for direct integration of custom documents as a knowledge
base, specific instruction on chatbot behavior, and selection of generative pre-trained
transformer (GPT) models with different pricing ranges as the underlying LLM.

A further challenge was to make student questions and the corresponding LLM
responses available for later analysis by instructors. Thus, this data needed to be stored in
an easily accessible and usable format. This was achieved by saving both the input and
output of the LLM during processing to an external data storage. In the present case, we
opted for Google Sheets (Google, 2025), as these databases can be easily created, edited,
and accessed via an API. However, the free version of Google Sheets has some limitations,
such as a slower API and rate limits, which may take effects when working with large
student cohorts simultaneously. Yet, if working with asynchronous conversations, Google
Sheets proved to be a valuable solution.

To allow reconstruction of individual conversations from the saved questions and
answers, each chatbot session is assigned a randomized unique ID (UID) and for each
interaction the timestamp is recorded. No additional data is collected, in order to maintain
student anonymity. Consequently, there is no login required and the chatbot is accessible
as a web application via a shared link. A schematic overview of the chatbot’s software
architecture is shown in Figure 2, its implementation as a web application is shown in
Figure 3 (left).

2.2. A Dashboard Informing Lecturers on Student Learning

Being able to record students’ conversations, which is typically not possible with
commercially available chatbots, enables further data analysis to gain insights into learning
and teaching, e.g., identifying unclear points and addressing these by adjusting instruction
based on students’ questions. To support this, a lecturer dashboard was developed that is
directly linked to the chatbot’s conversations.

It provides AI-generated weekly summaries of challenging topics and analyses of
conversations, offering instructors an initial overview of potentially recurring difficulties.
In addition, usage statistics and access to anonymized raw data are provided, allowing
more in-depth analysis of the conversations when needed.

The dashboard’s technical implementation allows setting up a comparable application
without much technical knowledge. We chose the RShiny programming framework for
the dashboard (Chang et al., 2024) to develop a data-driven and responsive application
that can be hosted on a server with minimal effort. The dashboard is linked to the same
Google Sheet as the chatbot and connected to OpenAI’s API for using GPT-based LLMs.
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Unlike the chatbot, however, the dashboard is password-protected and not tied to a specific
course. Thus, different course-specific dashboards can be loaded depending on the user
login, simplifying the administrative provision of the dashboard for multiple courses
and lecturers.

Figure 2. Software architecture and dependencies of the bioTutor.

Figure 3. User interface of the bioTutor chatbot (left) and lecturer dashboard (right).

Upon logging in, the conversation data is directly retrieved from the chatbot-linked
Google Sheet. Statistical data analyses are calculated automatically, including the number
of questions, number of conversations, or the average conversation length. In-depth
qualitative analyses must be manually triggered with a button, prompting a batch of
diverse analyses of questions and answers via OpenAI’s Chat Completion (OpenAI, 2023).
By doing so, the dashboard generates weekly summaries of all interactions, a list of the
most frequently asked questions, and an analysis of question types. The question type

https://doi.org/10.3390/educsci16050812
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analysis enables the identification of the nature of questions, for example, whether students
asked primarily about definitions or about biological mechanisms (Tawfik et al., 2020).

An overview of the dashboard’s software architecture is shown in Figure 2. Figure 3
(right) shows a screenshot of the integration of the dashboard as a web application. The
code for the dashboard and chatbot is available on GitHub.

3. Using the bioTutor to Support Life Science Education
The developed applications described in Section 2 were introduced as part of a large

lecture with 407 students at a highly ranked technical university in Switzerland. At the
beginning of the semester, the chatbot «bioTutor» and its functionalities were presented
to the students by the lecturer, and the link to access it was provided digitally in their
Learning Management System (LMS). The students were free to use the bioTutor and
its use was anonymous, voluntary, and not tied to passing the course. Students were
informed in advance and reminded when using the chatbot that the conversations in the
bioTutor would be recorded anonymously to gain insights into their learning process and
used for research purposes. Thereby, only student inputs, chatbot outputs, timestamps,
and randomly generated session IDs were stored. Access to these data was restricted to
the research group and educators of the course. Since each interaction with the bioTutor
automatically generated an anonymous entry in the conversation dataset, students could
not opt out of recording while using the tool. In addition, students were anonymously
surveyed about their use of the chatbot as part of the end-of-semester feedback of the
lecture. The university’s ethics committee approved all data collections and surveys prior
to their implementation (23 ETHICS-277).

3.1. Methods
3.1.1. Participants

The students who had access to the chatbot were enrolled in either the Health Sciences
and Technology or Human Medicine study program and inscribed to an introductory
biology lecture. Of the 316 students who finished the end-of-semester feedback, 94 students
(29.7%) stated that they had used the chatbot. Of these 94 students, 73 completed the ques-
tionnaire and were therefore included in the data analysis. Data collection was completely
anonymous and no demographic data about the participant population was collected1.

3.1.2. Procedure

At the end of the semester, students had the opportunity to complete an anonymous
questionnaire about the course. Part of this questionnaire dealt with the use and imple-
mentation of the bioTutor. Answering the questions was voluntary and there was no
compensation. Students could complete the questionnaire independent of location or time.
The submission deadline for the questionnaire was the end of the semester; however, the
bioTutor could still be used until the end of the exam phase (i.e., two months later). Thus, it
cannot be ruled out that not all students who used the chatbot also gave feedback.

3.1.3. Education-Adapted Technology Acceptance Model (edTAM)

To analyze how students accepted and used the bioTutor, the Technology Acceptance
Model 2 (TAM2; Venkatesh & Davis, 2000) was theoretically extended and adapted for
educational contexts, resulting in the education-adapted Technology Acceptance Model
(edTAM; Figure 4). The structure of the edTAM follows TAM2 and adjusts it for tech-
nologies in the educational context to reflect the usefulness of a technology for learning
processes. As such, the edTAM items are concerned with factors ultimately influencing
students’ chatbot usage behavior. Perceived usefulness and perceived ease of use were

https://doi.org/10.3390/educsci16050812

https://doi.org/10.3390/educsci16050812


Educ. Sci. 2026, 16, 812 8 of 18

measured using the UMUX-Lite questionnaire (Lewis et al., 2013). Learning relevance
encompasses the subjective assessment of using the technology for one’s own learning
success. Output quality describes the subjective perception of the usefulness of the tech-
nology’s output, while result demonstrability deals with the extent to which the results of
using the technology become tangible and communicable.

Table 1. Overview of the questionnaire items.

Item Explanation

1.1 The bioTutor chatbot was straightforward to use. Adapted from the UMUX-Lite questionnaire1.
Item concerning perceived ease of use.

1.2 The capabilities of this chatbot met my requirements. Adapted from the UMUX-Lite questionnaire1.
Item concerning perceived usefulness.

2.1 I would have appreciated having a similar chatbot for
exercises in other lectures. Item concerning behavioral intention.

2.2 The follow-up questions posed by the chatbot were
helpful in deepening my understanding of the topic. Item concerning learning relevance.

2.3 The chatbot’s answers were useful in clarifying my
outstanding questions. Item concerning output quality.

2.4 The time invested in learning with the chatbot did not
pay off.

Item concerning result demonstrability
(negatively formulated).

Figure 4. Education-adapted Technology Acceptance Model. Small numbers indicate with which
item the individual aspects of the edTAM were examined (cf. Table 1).

For assessing learning relevance (the personal estimation of relevance of the technol-
ogy for own learning gains), output quality (the subjective assessment of the chatbot’s
analysis quality and follow-up conversation), and result demonstrability (whether the
benefits of the technology are clearly visible or tangible), one item was used each (Table 1).
Although individual items may not cover the entire dimension of a theoretical construct
(Diamantopoulos et al., 2012), they still provide initial insights and allow for efficient
surveys (Bergkvist & Rossiter, 2007). However, as these constructs were each assessed
with a single item, they should be interpreted as exploratory indicators rather than robust
construct measurements. Further validation with multi-item scales is therefore needed to
confirm construct validity and reliability.
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The TAM2’s subjective norm, which includes the experience and voluntariness of
technology use, as well as the user’s image, were not analyzed in this context as using the
tool was non-mandatory, anonymous, and not tied to grades or public visibility among
peers. Therefore, the edTAM framework used in this study should be understood as a
context-specific adaptation rather than a complete validation of all TAM2 components.

3.1.4. Data Analysis

All items of the edTAM questionnaire were answered on a 5-point Likert scale. An
overview of the items used is shown in Table 1. The Likert-scale responses were transformed
into numeric values and subsequently analyzed descriptively. The negatively formulated
item 2.4 was reverse-coded before analysis. No missing data were present in the analyzed
questionnaire dataset.

For the exploratory correlation analysis between questionnaire items, Likert responses
were treated as approximately interval-scaled and Pearson correlations were calculated
using the rcorr function from the Hmisc (Harrell, 2025) package. Statistical significance was
evaluated using conventional thresholds (* p < 0.05; ** p < 0.01; *** p < 0.001). No correction
for multiple testing was applied, as the analysis was exploratory and descriptive. These
data and the chatbot usage data were analyzed and visualized using the RStudio software
environment (R Core Team, 2016, Version 2025-09-02+418).

3.2. Empirical Investigation and Analysis of Student Evaluations of the bioTutor

The analysis of the questionnaire results showed that students were generally sat-
isfied with the bioTutor, both in terms of usability and perceived usefulness (combined
Median = 4.5, Figure 5). More than 85% of students indicated that using the bioTutor
was straightforward, and more than 75% stated that the bioTutor adequately met their
requirements. As such, one student stated, “I find it very useful that it asks follow-up
questions, as this allows one to test one’s knowledge.” These findings are also reflected in
the data on learning relevance, output quality, and result demonstrability: 77% of students
reported that the bioTutor’s follow-up questions were helpful in deepening the learned
material, and nearly 70% agreed that the responses were helpful in clarifying open ques-
tions, even though the chatbot itself was designed to mainly support students in finding
answers but not directly providing them. Only 23% of students indicated that learning
with the chatbot was not worth the invested time. Possible reasons for this might include
the didactic design that enforces active examination with the topic rather than providing
fast solutions or technical limitations including server outages or longer waiting times
for chatbot responses during high demand. Qualitative analysis of student feedback on
open questions regarding the bioTutor partially supports this hypothesis. For example, one
student stated that “[. . .] for some questions I find this [asking of explanations] somewhat
unnecessary and would prefer to simply receive an answer,” and another student stated
that “the follow-up questions are not useful when one cannot answer one’s own question
and the chatbot asks for the solution.”

The finding that, despite the widespread availability of other free-to-use chatbots like
ChatGPT or Gemini, a large majority of over 80% of students disclosed their preference to
have similar tools in other lectures further supports the conclusion that the implementation
of a lecture-based and didactically motivated chatbot addresses a significant need in current
university education.
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Figure 5. Descriptive questionnaire item analysis. Numbers in brackets after the items display the
item number (cf. Table 1). Neutral values are centered around the null value (cf. Heiberger & Robbins,
2014). Note that item 2.4 has been inverted for better readability of the graph.

An additional exploratory correlation analysis of the individual item values according
to the edTAM framework showed that the majority of the selected questionnaire items
were significantly correlated with each other, indicating preliminary coherence between
the selected items (Table 2). However, these correlations do not constitute validation of
the edTAM framework, and statistical evaluations of the edTAM questionnaire regarding
construct validity and reliability need to be confirmed in future studies and larger cohorts.
In summary, the developed chatbot bioTutor demonstrates high acceptance among students,
which can be attributed to its usability and implementation functionality.

Table 2. Correlation analysis of questionnaire items.

Item 1.1 1.2 2.1 2.2 2.3

1.2 0.62 *** – – – –
2.1 0.70 *** 0.58 *** – – –
2.2 0.66 *** 0.70 *** 0.66 *** – –
2.3 0.55 *** 0.81 *** 0.59 *** 0.69 *** –
2.4 0.21 (ns) 0.23 (ns) 0.08 (ns) 0.27 * 0.36 **

Note. Values indicate correlation coefficient r. * p < 0.05; ** p < 0.01; *** p < 0.001; ns = not significant.

3.3. Evaluation and Discussion of Students’ Chatbot Usage

To analyze the chatbot usage, the time period during which the tool was available was
divided into three phases: the semester with in-person lectures and exercises (13 weeks),
the learning and exam preparation phase after the end of lectures (7 weeks), and the
period after the exam until the tool was deactivated (3 weeks). The chatbot bioTutor was
introduced to the students in the second week of the semester; no lectures were held in
the first week. The tool was presented for five minutes during an official lecture hour
without compulsory attendance and linked afterwards on the course’s LMS, along with a
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guide explaining the structure of the tool and its intended use. Students were not further
reminded of the existence of the tool, and no extrinsic motivation for its use was provided
(e.g., no integration into lectures, grade bonuses, or specific exercises).

During the entire 23-week period in which the bioTutor was available, 10,465 student-
formulated interactions with the chatbot were recorded. These interactions included
questions asked by students, student answers to their own questions, as well as responses to
and interactions with the bioTutor’s questions and statements. These interactions occurred
in 1026 individual conversations, which resulted in a median of 6 student interactions per
conversation (Mean ± SD = 10.2 ± 11.6).

Since data were recorded anonymously, it was not possible to determine how many
individual users actually used the chatbot. However, the end-of-semester questionnaire
(Section 3.1.1) provides a complementary self-report estimate: approximately 30% of the
students who completed the course feedback reported having used the bioTutor. This
value should not be interpreted as a verified usage rate for the full cohort, but only as the
proportion of feedback respondents who self-reported chatbot use. Combining this self-
reported number with the log data suggests an average of approximately 11 conversations
per self-reported user. However, this estimate is descriptive only, as the anonymous usage
data cannot be linked to individual questionnaire responses.

The distribution of usage data displaying when students used the bioTutor most
intensively (Figure 6), showed that during the semester, the usage remained relatively
constant at a Median of 4 conversations per day (Mean ± SD = 5.4 ± 3.8; without outliers
outside of the 1.5 IQR). At two timepoints, the usage spiked, coinciding with the mid- and
end-of-semester formative assessments (learning objective checks). After the winter break
and especially shortly before the summative exam in mid-February, the usage increased
significantly and remained high for a longer period. Interestingly, the chatbot was still used
in March, even though the associated lecture had already ended and students were aware
that the materials underlying the chatbot’s knowledge foundation were not specific to any
other course.

Figure 6. bioTutor Chatbot Usage Analysis. The usage data of the chatbot is displayed during
the semester, the exam phase, and the time after the exam. The chatbot was not used during the
Christmas holiday break and in the period after the students took the exam and before the next
semester started (mid-February to end of February). The y-axis is plotted on a square-root scale to
improve visibility; the x-axis shows the number of individual interactions with the chatbot.

The results, thus, indicate that the bioTutor was already used during the semester for
preparing or reviewing lecture content but more frequently applied in the preparation for
mid-terms or exams. Nevertheless, students appeared to perceive benefits of the chatbot
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for their own learning and may have used it to review or engage with contents from other
lectures, supporting the claim of its perceived usefulness.

4. General Discussion
Recent research on the use of generative AI in education has highlighted both its

potential to enhance student learning (Heeg & Avraamidou, 2023; Vieriu & Petrea, 2025) as
well as its associated challenges, such as limited pedagogical grounding and contextualiza-
tion (Alkaissi & McFarlane, 2023; Claman & Sezgin, 2024), or reduced cognitive processing
depth or limited transfer knowledge gain (Bauer et al., 2025). The present study extends
this line of work by introducing and evaluating an open-source framework for a generative
AI chatbot aiming to address these challenges through didactically informed conversations.
Thus, the system combines a chatbot based on a lecture-specific knowledge base with
principles of instructional design to provide a potential learning support. Moreover, it
includes a learning analytics dashboard that may provide educators with aggregated and
potentially actionable insights into student questions and recurring difficulties. The results
of its implementation in a large undergraduate classroom indicate high student acceptance,
perceived usefulness, and usage during learning and exam preparation phases, suggesting
that pedagogically grounded digital support may be perceived as useful for learning and
exam preparation.

4.1. Student Acceptance, Usage Patterns, and Insights for Lecturers

Despite being entirely voluntary and not incentivized, 94 of the 316 students who
completed the end-of-semester feedback reported having used the chatbot. This indicates
that a substantial subgroup of the feedback respondents engaged with the tool, although
the anonymous design prevents verification of the exact number of individual users in
the full cohort. Their usage thereby peaked during key assessment phases, such as the
midterm or the final exam, suggesting that students perceived the tool as a meaningful
measure to support their individual learning process and exam preparation.

The chatbot’s high usability and usefulness ratings, as measured by the herein pro-
posed education-adapted technology acceptance model (edTAM), underline its perceived
relevance. This is further supported by the finding that more than 75% of the students
who used the chatbot rated its answers as helpful and that its follow-up questions, which
are tailored to students’ prior knowledge, were perceived as supporting their knowledge
construction. These results are also in line with prior research on ITS in higher education
highlighting the importance of adaptive and dialogue-based learning support (Mirata et al.,
2020). Furthermore, considering that over 80% of the chatbot users stated their interest
in having similar tools in other courses indicates that the students valued the generative
AI-based chatbot potentially due to its didactic design and tailoring to specific course
content. Moreover, the didactic design of the tool was intended to support processes related
to transferable competencies that are essential in contemporary higher education, such as
critical thinking and analytical skills (Köhler & Tobler, 2025), by motivating students to
identify their own knowledge gaps, formulate their own questions, and critically reflect on
their answers. These competencies were not directly measured in the present study. Thus,
the enforced requirement that students formulate their own questions, propose answers,
and then engage in a follow-up Socratic dialogue distinguishes the bioTutor from chatbots
like ChatGPT which typically provide direct answers without motivating students to first
reflect on their understanding (cf. Fan et al., 2025).

Importantly, the bioTutor was not intended to replace student–lecturer or student–
teaching assistant interactions but rather to provide an additional layer of support that is
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always available and is associated with a lower inhibition threshold to ask questions one
might not otherwise dare to ask.

The lecturer dashboard provided additional insights into the nature of student ques-
tions and their development over time. These aggregated and automatically analyzed
chatbot interaction data may inform teaching practice by highlighting recurring questions,
challenging topics, and potential knowledge gaps. Whether and how lecturers used these
insights to adapt their teaching remains to be investigated.

4.2. Learnings and Practical Implications

To ensure successful use of the chatbot by students, it is worthwhile to introduce
the chatbot to the students early and in person. Thereby, time should be dedicated to
clearly explaining the purpose of the bioTutor, especially focusing on its functionalities
and its didactic design. For instance, someone looking for a tool providing quick answers
to an open question or trying to use materials to generate multiple-choice questions will
not achieve their goal with the bioTutor and thus, might be disappointed by its use. In
addition to the in-person explanation, a digital guide could be provided so that students
can inform themselves about the functionalities at any time. Furthermore, a list of potential
conversation starter questions could be prepared to ease the first interactions with the
new tool.

Another aspect that is crucial for the development of a lecture-based chatbot is the
requirement for diligent material preparation and pre-processing. For instance, complicated
figures in slide sets require descriptions and lecture transcripts might require human
revision prior to be used as content-grounding material (cf. Santos et al., 2022). In fact, one
of the main challenges in designing the content-specific bioTutor was the preparation of
input material that comprehensively matched the lecture content.

4.3. Limitations and Future Work

Whereas the present study provides initial insights into students’ acceptance and
usage behavior when interacting with the bioTutor, several limitations must be considered.
As such, the study does not provide evidence on whether the bioTutor influenced learning
outcomes, since a quasi-experimental setting that would have allowed comparison between
different student groups was not feasible in the present course context. Accordingly, the
present study cannot isolate whether these evaluations were specifically attributable to its
pedagogical design, as no control or comparison group was included. Excluding some
students from a potential learning opportunity for exam preparation might have created
inequality, which we deliberately aimed to avoid. Further, no demographic data were
collected from the questionnaire respondents. Thus, it remains unclear whether the bioTutor
was perceived differently by students with different backgrounds, prior knowledge, or
language proficiency. Future studies may therefore integrate the system into appropriate
experimental settings to investigate potential effects on learning, also in relation to different
demographic variables and prior knowledge.

In addition, the present study did not investigate whether or how lecturers used the
information provided by the dashboard to adapt their teaching. Thus, the lecturer dash-
board should be understood as a prototype for aggregated instructional insight rather than
as a fully validated learning analytics tool. Although the dashboard provides AI-generated
summaries of student questions, recurring topics, question types, and usage patterns, the
accuracy, usefulness, and pedagogical reliability of these summaries were not systematically
evaluated in the present study. Future studies should therefore examine how instructors
interpret and use such dashboard-based information, whether it supports instructional
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decision-making, and how the quality of AI-generated summaries can be evaluated, for
example through expert ratings or comparisons with human-coded conversation analyses.

Moreover, adapting the bioTutor to other courses, disciplines, and curricula could
provide additional insights into how to adjust the chatbot and lecturer dashboard to better
support learning and teaching. Further, whereas the herein presented edTAM framework
represents an exploratory application, it should be further validated, as several constructs
were assessed with single items only.

Finally, the field of machine learning, particularly in the context of generative AI,
is evolving rapidly (Song & Wang, 2020). Hence, it remains a challenge to continuously
analyze and examine which tools or options are best suited to achieve one’s own didactic
and pedagogical goals. Continuous monitoring and software adjustments may therefore be
required to respond to technological developments, such as switching from the Assistant
API to the Response API (OpenAI, 2026). Future work should therefore also address the
long-term maintainability and adaptability of the system.

4.4. Conclusions

The bioTutor represents one possible low-threshold approach to implementing a
didactically structured chatbot (constructivist dialogue with follow-up questions and prior
knowledge adaptation) that also collects teaching-relevant insights from anonymized
student interactions. As an open-source and scalable system, the bioTutor and lecturer
dashboard can be adapted to different educational contexts with comparatively simple
technical means. Finally, the developed edTAM framework for assessing the acceptance of
technological innovations in education showed promising initial results, although further
validation is required in order to confirm its reliability and validity.
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Appendix A
The following instruction prompt was used to guide the behavior of the bioTutor:
As a friendly Socratic biology teacher, evaluate the student’s input based on factual

correctness, providing concise and relevant feedback. Encourage students expressing
uncertainty while refraining from revealing the answer. Do not directly tell the answer,
even if students ask you to provide it. Rather motivate them to think again critically.
Craft follow-up questions to deepen understanding, using information from provided files
without introducing terms not present in them. Use natural conversational language and
do not add references and do not cite files.

Steps:

1. Evaluate the student’s input for factual accuracy.
2. Provide concise, encouraging feedback and shortly elaborate on the concept.
3. Create a follow-up question based on information in the provided files.
4. Avoid using terms not found in the files or referencing file names in your response.

Output Format:

- Limit responses to 100 words.
- Use natural conversational language and no emojis.
- Use the same language as the user.

Notes:

- Encourage students expressing uncertainty without providing direct answers.
- Remove any file name or document reference numbers from responses.

Note
1 In a prior research project, a similar student cohort from the same lecture was recruited (Tobler et al., 2022). In the latter, the

demographic data indicated that the students were 19.7 ± 1.6 years old (mean ± SD). 71.6% of the participants were female,
62.2% of the students had a STEM-related background from prior education.
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