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Abstract. Artificial Intelligence (AI) systems are now widely applied across different domains. As
AI systems increasingly shape professional and academic domains, there is a growing need to pre-
pare future professionals to work with these technologies responsibly and effectively. Accordingly,
an increasing number of studies advocate AI education for undergraduates across disciplines. How-
ever, there is limited qualitative research on these students’ motivations for learning about AI and
on what they are interested in learning, despite the importance of such understanding for designing
motivating, engaging, and effective learning experiences. Therefore, the objective of this research
is to answer the following two research questions: (1) What motivates undergraduates across dis-
ciplines to learn about AI? (2) What are undergraduates across disciplines interested in learning
about AI? To answer the research questions, we conducted a survey with 128 students who volun-
tarily enrolled in an elective introductory AI course over three semesters. The findings indicate that
these students are motivated to learn about AI not only for career-related utility but also due to its
perceived societal relevance and ethical implications. Regarding learning interests, students most
frequently expressed interest in learning how AI systems work, how these systems impact society
positively and negatively, and how to use them effectively and responsibly. In the discussion sec-
tion, we provide guidance on how these results can inform the design or adaptation of AI curricula,
course invitations, and learning experiences to foster sustained engagement and meaningful learning
among these students.
Key words: AI education; Higher education; Students’ perspectives; Curriculum design.

1. Introduction

According to the EU AI Act, an AI system is a "machine-based system that is designed to
operate with varying levels of autonomy, and that may exhibit adaptiveness after deploy-
ment, and that, for explicit or implicit objectives, infers, from the input it receives, how
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to generate outputs such as predictions, content, recommendations, or decisions that can
influence physical or virtual environments" (European Union, 2024). In recent years, with
advancements in the deep learning field, improvements in computing power, and the avail-
ability of a large amount of data, AI systems have achieved exceptional results on a variety
of complex tasks in numerous disciplines (Taye, 2023; Sarker, 2021; Maslej et al., 2025).
For example, in medicine, AI systems have demonstrated the potential to help identify out-
breaks of infectious diseases, identify patients’ rare and common conditions, and support
hospital business operations (Haug and Drazen, 2023; Krishnan et al., 2023). Similarly,
the marketing field has adopted AI systems to support the creation of marketing content
that enhances user engagement, improves real-time customer assistance, and personalizes
promotions, discounts, and recommendations (Kshetri et al., 2024; Kumar et al., 2024). In
journalism, AI systems have also been increasingly used in the news industry to support
the gathering of information, production of content, customization, and dissemination of
news (Shi and Sun, 2024; de Lima-Santos and Ceron, 2022).

With the rising integration of AI systems across these and various other disciplines
(Sarker, 2022), the literature increasingly points out the need to equip future professionals
with core AI competencies to use these AI systems effectively and critically in their work-
places, and the critical role of universities in preparing these students who will become
professionals in the near future (Tenório and Romeike, 2024; Laupichler et al., 2022; Al-
Zahrani and Alasmari, 2024; UNESCO IESALC and Mendigutxia, 2024; Liu et al., 2023).
In addition, the importance of interdisciplinary courses at universities is also pointed out,
where students from different disciplines can learn from each other to diminish differ-
ences between disciplines and enable all students to develop a critical understanding of
AI (Hornberger et al., 2025). However, the design of an effective AI curriculum and course
for undergraduates across domains, aimed at equipping them with essential AI competen-
cies, presents various challenges. First, AI is a broad, multidisciplinary field with diverse
technical approaches and methods ranging from knowledge-based AI to machine learn-
ing (ML) and deep learning (Russell and Norvig, 2021; Bringsjord and Govindarajulu,
2024), and with a wide range of applications across domains, such as finance, science,
health, and the public sector, and with diverse social, ethical, and legal implications for
society, economy, and global governance (Maslej et al., 2025). Additionally, AI is a rapidly
evolving field. According to recent reports (Maslej et al., 2025), notable developments in
AI models have occurred over the past years, resulting in significant improvements in AI
capabilities. Consequently, it is challenging to identify fundamental concepts of AI to de-
sign an AI curriculum in such a rapidly evolving area that will remain current, relevant,
and engaging in the years to come (Eaton and Epstein, 2024; Steinbauer et al., 2021; Long
and Magerko, 2020).

Moreover, since the target audience is undergraduates across disciplines, this hetero-
geneity may pose a substantial pedagogical challenge, as students may have different inter-
ests, experiences, and varying prior knowledge of computer science basics or AI (Horn-
berger et al., 2023). Hence, it is challenging to design an AI curriculum that motivates
this audience and addresses their different learning needs and expectations. Therefore,
it is important that educational researchers, professors, or curriculum developers follow
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educational models that support the effective development of curricula in fields where
there is a lack of consensus on needed core content, such as fields in the Computer Sci-
ence (CS) area (Diethelm et al., 2012), as AI. An example of an educational model that
can be adopted for this task is the Model of Educational Reconstruction (MER) for Com-
puter Science Education (CSE). According to MER for CSE, for the development of CS
curricula, lessons, or learning environments, it is necessary to clarify the science content
structure, analyze social demands, and investigate teachers’ and students’ perspectives
(Diethelm et al., 2012; Grillenberger et al., 2016). Regarding students’ perspectives, more
specifically, MER for CSE highlights the relevance of investigating learners’ cognitive
and affective perspectives, such as interests, attitudes, and motivation (Duit et al., 2012;
Diethelm et al., 2012; Grillenberger et al., 2016). All these components of MER for CSE
contribute to the development of an effective curriculum that aligns science subject matter
with students’ learning interests, needs, and capabilities (Duit et al., 2012; Diethelm et al.,
2012; Grillenberger et al., 2016). Although MER for CSE was developed for the school
context, it may also be applicable in the multidisciplinary undergraduate education context
since both involve novice learners aiming to learn about computer science topics.

In alignment with the MER for CSE, in the AI education field for undergraduates
across disciplines, previous research has qualitatively investigated perspectives of differ-
ent audiences, such as professionals with working experience at the intersection of AI
and other domains for understanding the social demands (Tenório and Romeike, 2024)
and higher education lecturers from different domains (Tenório et al., 2025), with the ob-
jective of collecting the reasons for AI education for this audience and AI competencies
that are relevant to non-computer science undergraduate students according to their per-
spectives. Other research has quantitatively investigated university students’ cognitive and
affective perspectives, including their knowledge of AI, AI self-efficacy, interest in AI, and
attitudes towards AI (Hornberger et al., 2023, 2025). Although the results of quantitative
assessments are highly relevant for providing an overview of the current state of students’
cognitive and affective variables, they are limited in informing the design of curricula and
learning environments. Therefore, qualitative approaches can be valuable for extending
these results and clarifying concrete actions and topics that translate students’ affective
perspectives directly into curriculum and course structure and design. For example, al-
though the quantitative research indicated that university students are interested in AI and
in learning new things about AI (Hornberger et al., 2023, 2025), there is a lack of under-
standing of what perspectives, topics, methods, and concepts they are interested in learn-
ing, which is valuable knowledge for professors, AI education researchers, and curriculum
developers who are designing curricula and learning environments to be motivating for
this audience.

Understanding what motivates students and incorporating what interests them may
prove to be a highly beneficial pedagogical strategy (Hagay and Baram-Tsabari, 2011).
Studies in the literature demonstrate that students’ motivation is a significant predictor of
academic achievement, persistence, and self-regulation in learning (Robbins et al., 2004;
Schunk et al., 2014). Learning motivation refers to the extent to which a student consis-
tently applies effort in learning (Law et al., 2010), which can be influenced by different
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factors (Law et al., 2010; Zuckerman et al., 2024). An understanding of motivational fac-
tors can elucidate why and how undergraduates across disciplines initiate their learning
trajectories, and how motivated participation in an AI undergraduate course for this audi-
ence can be enabled (Zuckerman et al., 2024). Moreover, positive relationships have been
reported between interests and a wide range of learning indicators (Hagay and Baram-
Tsabari, 2011; Pintrich and Schunk, 2002). Interest constitutes a form of intrinsic motiva-
tion, referring to "doing something because it is inherently interesting or enjoyable" (Ryan
and Deci, 2000). When students are learning a topic they are interested in, they participate
more, stay involved for longer periods, exhibit creative practices, process information ef-
fectively, and ultimately perform better (Harackiewicz et al., 2016; Schiefele et al., 1992;
Seiler, 2013). Therefore, professors and curriculum developers also need to be encouraged
to understand students’ interests, along with the science content structure, social demands,
and teachers’ perspectives. Christidou (2006) argues that curricula should engage students
by incorporating topics and experiences that are both interesting and relevant to them.

Based on this, this article aims to investigate the following two research questions:
RQ1: What motivates undergraduates across disciplines to learn about AI?
RQ2: What are undergraduates across disciplines interested in learning about AI?
To answer these research questions, we conducted a questionnaire survey with open-

ended questions with undergraduates across disciplines enrolled in an introductory AI
course to understand their motivation for learning about AI and what they are interested
in learning. Consequently, this study contributes to the growing body of research on AI
literacy for undergraduates across domains. While existing AI literacy works in this field
specify what learners should know, they are largely expert-derived (Tenório and Romeike,
2024; Tenório et al., 2025). Following MER for CSE, this study adds the complementary
learner perspective: what motivates undergraduates across disciplines to learn about AI,
and what they want to know.

2. Theoretical background

2.1. Model of Educational Reconstruction for Science Education

The Model of Educational Reconstruction (MER) was introduced by Kattmann et al.
(1997) as a framework for research and development in science education. Grounded in
the German Didaktik tradition (Duit et al., 2012), the model emphasizes that both science
subject matter and student learning needs and capabilities are equally important for the
successful design of science teaching and learning sequences (Duit et al., 2012). Duit et al.
(2012) argue that progress in students’ understanding and learning may be achieved only
if there is a balance between the scientific and student perspectives. Therefore, the MER
consists of three closely interrelated components: (1) clarification and analysis of science
content, which encompasses subject-matter clarification and analysis of educational sig-
nificance; (2) research on teaching and learning, which encompasses research on learners’
cognitive and affective perspectives, such as interests, attitudes, and motivation (Kattmann
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et al., 1997), and teachers’ views and conceptions (Duit et al., 2012); and (3) design and
evaluation of teaching and learning environments (Duit et al., 2012), where the research
findings on students’ and teachers’ perspectives and the results of the subject-matter clar-
ification are the main resources for the design of the activities. As shown in Figure 1, the
three components interact in a cyclical (recursive) process.

Figure 1. Three components of the Model of Educational Reconstruction for Science Education. Source: Duit
et al. (2012)

2.2. Model of Educational Reconstruction for Computer Science Education

Drawing on the Model of Educational Reconstruction for science education, Diethelm
et al. (2012) introduced a detailed framework for designing and developing lessons in
computer science education (CSE). Diethelm et al. (2012) argue that adopting educational
models from other disciplines in CS education may be problematic, since CS differs from
other traditional subjects. For example, there is a strong consensus about the core content
of the curriculum of traditional subjects such as biology, chemistry, and physics. In ad-
dition, teachers in these subjects are educated based on long traditions and curricula that
are similar across countries (Diethelm et al., 2012). Therefore, in Diethelm et al. (2012),
a specific framework for CSE was derived based on MER for science education.

In this framework, Selection of CS Phenomena is placed in the center (Figure 2), re-
flecting the broad agreement within CSE that teaching units should start from a "real-
world" context or phenomenon, aiming to motivate students to connect prior knowledge.
According to Humbert and Puhlmann (2004), phenomena in CSE are "occurrences of in-
formatics in everyday life and society". Connected to the Selection of CS Phenomena, the
framework includes the components derived from the Model of Educational Reconstruc-
tion for science education: the Clarification of Science Content Structure, which reveals
how a phenomenon can be explained scientifically and thus which CS concepts must be
taught; the Investigation of Students’ Perspectives, which clarifies learners’ experiences
with the chosen phenomena and whether these are attractive, accessible, and important
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to them; and the Investigation of Teachers’ Perspectives, which accounts for variation in
teachers’ subject-domain, pedagogical, and pedagogical content knowledge. Moreover,
the framework also places the process Analysis of Social Demands since it is a very im-
portant step to assess the educational significance of a certain topic. These components
inform the "Design and Arrangement of CS Lessons and Courses" component (Diethelm
et al., 2012).

Figure 2. Components of the Educational Reconstruction Framework for Computer Science Education. Source:
Diethelm et al. (2012)

In Grillenberger et al. (2016), the Educational Reconstruction Framework for CSE was
proposed as a research framework. The authors rearranged and slightly adapted the com-
ponents of the Educational Reconstruction Framework for CSE, and in this way transferred
it to a process perspective, as can be seen in Figure 3. In the research framework proposed
in Grillenberger et al. (2016), the results of the investigation of students’ and teachers’ per-
spectives, the investigation of social demands, and the analysis of science content structure
are used to derive contents, contexts, and phenomena suitable for CS teaching and gen-
eral design principles. All these components should be processed at least once in order to
design and arrange CS lessons. As discussed and proposed in Kattmann et al. (1997) and
Diethelm et al. (2012), Grillenberger et al. (2016) also highlighted that students’ cogni-
tive and affective perspectives should be pervasive in all steps. Consequently, the students’
interests, perspectives, and conceptions support the appropriate selection of contexts and
the appropriate adaptation of lessons and courses to their needs and interests (Grillen-
berger et al., 2016). Moreover, Grillenberger et al. (2016) propose that the selection of CS
phenomena be derived in relation to concepts and context relevant for students.

Within this framework, the present study contributes to the Investigation of Students’
Perspectives component by examining the affective variables of motivation and learning
interest regarding AI among undergraduates across disciplines. The results may inform
the selection of relevant contexts and phenomena for designing AI courses and learning
experiences for this audience (Grillenberger et al., 2016).
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Figure 3. Application of the Educational Reconstruction Framework for Computer Science Education. Source:
Grillenberger et al. (2016)

3. Related work

This section aims to provide a review of a targeted selection of studies that, in line with
MER, investigated students’ perspectives to inform the practice and development of course
environments that motivate students and promote their interests, thereby increasing the
chance of positive learning outcomes. In Zuckerman et al. (2024), focus group interviews
were conducted with life science majors who registered for an introductory programming
course in biology. The objective of the study was to understand students’ motivation to
take a new introductory coding class in biology, as well as their expectations for the course.
The overall objective was to gain insights that would inform how to recruit and retain non-
CS students in the computational area of biology by identifying their characteristics. The
authors frame their analysis using Social Cognitive Career Theory (SCCT). The results
indicated that students’ motivation varied from social and career-related motivations to
the ability to be creative or analyze biological datasets. Through these results, the authors
could draw recommendations for practice, such as highlighting in the curriculum how cod-
ing plays a role in creative and social applications, more specifically, through project-based
work that addresses issues relevant to students’ career goals and values. Furthermore, it
was recommended that departments and universities enhance student awareness of the
benefits of coding, increase the accessibility of non-computer science coding education,
and promote positive role models to inspire students to pursue these opportunities. An-
other recommendation was to make efforts to dismantle students’ perceptions about the
linkage between coding and mathematics, since it may gatekeep non-CS students from
pursuing opportunities to learn programming.

In Liben-Nowell and Rafferty (2022), researchers surveyed students from a liberal arts
college who registered for a CS1 course on the first day of the CS1 offering. The objective
of the study was to investigate students’ motivations and goals for CS1 in order to gain a
collective understanding of them, enabling instructors to tailor courses to better serve the
entire student population. The authors use qualitative and quantitative methods to iden-
tify clusters of students that encompass the majority of students taking CS1. The results
point out that there are mainly three subpopulations: (1) "The Planners" enter the course
with significant intention to further study CS in their student career; (2) "The Explorers"
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seem to be taking the course hoping to have a fun experience, engage with a different
way of thinking, and better understand what computer science actually is; and (3) "The
Utilitarians" enter the course with a more instrumental view of CS, seeking to gain skills
which they perceive as useful for their future careers or for their study of some topic other
than CS. These results offer practical insights, such as the importance of social support
for learning among students with no pre-CS1 programming experience.

In Alshahrani et al. (2018), semi-structured interviews were conducted with students
who were studying CS at three Scottish universities. The purpose of this study was to ex-
plore the factors that motivate students to pursue CS at university. The authors used SCCT,
which focuses on students’ prior experience, social support, self-efficacy, and outcome ex-
pectations. The primary objective was to identify motivational factors that could inform
policy interventions aimed at enhancing pre-university experiences for all students, with
particular attention to female students. The findings indicate that a range of factors, in-
cluding social support from family, teachers, friends, and mentors, as well as the career
opportunities associated with a computer science degree and exposure to problem-solving,
programming, online self-learning, and internships, influence students’ decisions. Based
on these results, the authors recommend that policymakers improve computer science edu-
cation in schools by making it compulsory, introducing it at an earlier stage, incorporating
more programming and problem-solving activities, and increasing the visibility of female
role models and exemplars.

In Monteiro et al. (2022), a questionnaire survey was conducted with students from
electrical engineering programs at a polytechnic higher education institution. The over-
all objective was to understand the motivations and expectations of students in order to
contribute to institutions promoting actions to attract people to this area of knowledge,
and adapt their programs to students’ expectations and thus reduce academic dropouts
or failure. Using content analysis, the results point out that students were motivated to
pursue electrical engineering programs due to the fact that it is a broad area, with high
employability and a wide variety of potential professional activities, and also due to their
perception that the role of engineering reflects a generalized view that its objective is to
improve the living conditions of humanity. Considering these results, the authors propose
some actions to enhance the attractiveness of electrical engineering, including disseminat-
ing several examples of the practical applicability of electrical engineering with a strong
impact on society and everyday people’s lives, through concrete examples, and also mak-
ing it more evident throughout the curricula in the various sub-areas, so that students
develop an interest in any of these areas.

In Hagay and Baram-Tsabari (2011), a questionnaire survey was conducted to investi-
gate high school students’ interest in biology topics. The overall objective was to include
students’ voices in the curriculum and then enable researchers and practitioners to use
these results to develop a curriculum that is more aligned with students’ interests. Through
qualitative analysis, the results indicate that half of the questions that students are inter-
ested in regarding genetics, the cardiovascular system, and the reproductive system are
not covered by the national curriculum. This demonstrates that students’ interests are a
neglected factor, and the results from the article may serve as a tool to better link the
curriculum to their interests and informational needs.
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In AI education, some studies have quantitatively analyzed students’ affective perspec-
tives through surveys. For example, Hornberger et al. (2023, 2025) conducted quantita-
tive surveys to investigate students’ AI literacy, AI self-efficacy, interest in AI, attitudes
towards AI, AI use, and students’ prior learning experiences. In Hornberger et al. (2023),
the overall objective was to develop and validate an instrument that can be used by pro-
fessors, curriculum developers, and researchers to assess students. In Hornberger et al.
(2025), the validated instrument was used among students in Germany, the UK, and the
US. From a curriculum perspective, the studies offer recommendations for educators and
policymakers on how to create effective learning opportunities based on students’ affec-
tive perspectives, such as attitudes towards AI. Some of the recommendations provided in
the studies include: investing in interdisciplinary courses where students can learn from
each other, enabling all students to develop a critical understanding of AI, and providing
hands-on experiences to develop practical experience and interest in AI, leading to AI
literacy.

Chai et al. (2024) developed and validated a scale called the Artificial Intelligence
Learning Intention Scale (AILIS), which supports the investigation of the factors influenc-
ing university students’ behavioral intentions to learn about AI and their AI learning. The
survey was distributed online among Chinese university students from various disciplines
who reported a preliminary understanding of AI and was developed from the perspective
of the theory of planned behavior. Of the seventeen hypothesized relationships among the
factors, sixteen were supported. For example, supportive social norms, programming effi-
cacy, design for social good, optimism, and personal relevance were positively associated
with students’ behavioral intention to learn AI. Based on these results, the authors made
some recommendations for AI courses, such as designing tasks aimed at social good, in-
cluding programming experience, and paying attention to the personal relevance of AI for
students.

In Li et al. (2025b), researchers conducted a survey with undergraduate students
using the validated AI motivation scale (Li et al., 2025a). The survey followed self-
determination theory (SDT) as a theoretical framework. The authors used a network analy-
sis approach to explore the motivational system of university students, as well as to identify
the most central factor in students’ AI motivation and its association with social context.
Results showed that introjected regulation, i.e., engagement in learning to maintain self-
esteem and avoid being perceived as incapable, was the primary driver of students’ AI
learning. However, according to SDT, intrinsic motivation and identified regulation are
the optimal forms of motivation. Some of the implications of these results include that
educators are encouraged to promote strategies to nurture students’ intrinsic motivation,
such as the need for clear goals and standards and the development of students’ compe-
tence in using AI tools.

Therefore, this study complements previous contributions by investigating undergrad-
uates’ motivations to learn about AI and their learning interests in AI through qualita-
tive research, specifically by applying an open-ended survey in a university introductory
AI course. The investigation of these two affective perspectives can provide concrete ac-
tions and topics for the development of effective curriculum and learning experiences for
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this audience, according to the MER for CSE. We interpret our results through situated
expectancy-value theory and the Dagstuhl triangle.

4. Method

As previously pointed out, this work is motivated by the MER, which highlights the need
to consider students’ perspectives for the design of learning experiences (Kattmann et al.,
1997; Duit, 2007; Diethelm et al., 2012; Grillenberger et al., 2016). These studies high-
light that different methods can be used to investigate students’ perspectives, including
interviews, surveys, and written tasks (Grillenberger et al., 2016; Duit et al., 2012). Based
on this, we adopted the questionnaire survey with open-ended questions as a method in
this work to investigate students’ affective perspectives on AI education, specifically their
motivation and learning interests in the field.

4.1. Participants

This study took place during the first meetings of an introductory AI course, called "AI
Across Domains", offered in the winter semester of 2024/2025, the summer semester of
2025, and the winter semester of 2025/2026 at Freie Universität Berlin, Germany. No pre-
requisites were required to enroll, and enrollment in the course was voluntary and elective.
During the first meeting, 19 students from the winter semester 2024/2025, 49 from the
summer semester, and 60 from the winter semester 2025/2026 participated in the survey,
resulting in a total sample size of N = 128. The domains of the students that partici-
pated in the survey can be seen in Table 1. Due to the major–minor structure of the study
programs, some students were enrolled in more than one academic domain. All reported
domains were documented, so the total number of domain entries exceeds the number of
participants (N = 128). The objective of the course is to enable undergraduates across
disciplines to explore the fundamental concepts of AI, its applications, and its social, ethi-
cal, and legal aspects, and to equip them with the necessary knowledge and relevant skills
to use AI technologies in an effective and responsible way in their own domains.

Table 1: Participants’ study domains by semester

Domain S1 S2 S3 Total
Business Administration 4 11 12 27
Media and Communication Studies 5 5 4 14
Political Science 1 1 5 7
Economics 3 2 1 6
Language and Society 1 1 4 6
Film Studies 1 1 4 6

Continued on next page



Students’ Motivations and Learning Interests in AI 95

Table 1: Participants’ study domains by semester (Continued)

Computer Science 1 2 3 6
Geological Sciences 3 0 2 5
Geographical Sciences 0 3 2 5
Psychology 1 4 0 5
History 0 1 4 5
Chemistry 0 3 2 5
German Philology 2 2 1 5
Chinese Studies 0 2 2 4
Korean Studies 0 2 2 4
Philosophy 0 2 2 4
Art History 0 0 4 4
Educational Science 0 1 2 3
Biochemistry 1 2 0 3
Physics 0 0 2 2
Japanese Studies 0 1 1 2
English Philology 0 0 2 2
Social and Cultural Anthropology 0 0 2 2
North American Studies 0 1 0 1
Islamic Studies 0 1 0 1
Mathematics 0 0 1 1
Bioinformatics 0 0 1 1
Chinese Language and Society 0 0 1 1
International Relations 0 0 1 1
Theater Studies 0 0 1 1
Equine Science 0 0 1 1
Meteorology 0 0 1 1

Unspecified 0 1 1 2

Note: S1 = winter semester 2024/2025 (n = 19); S2 = summer semester 2025 (n = 49);
S3 = winter semester 2025/2026 (n = 60). Unspecified = students who did not report a
domain.

4.2. Survey procedure and data collection

The course was delivered online. However, the first and last meetings took place in per-
son at the university. At the beginning of the first meeting, students were asked to com-
plete a questionnaire survey so that the professors could collect information on students’
motivations and interests in AI. The professors provided a QR code, and students were
redirected to an online survey. The first page of the survey contained an informed con-
sent form that described the survey’s objective, the procedure, and information about the
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researchers involved. After reading the form and agreeing to participate in the research
study, the students began the survey. The survey consisted of three questions: Q1: What
motivates you to learn about AI? Q2: What do you most want to learn about AI?; Q3:
What is your domain? The professors did not restrict the time for the students to answer
all the questions. Besides the survey, in the first meeting, students had the opportunity
to meet the professors and each other, be presented with what they were going to learn
during the semester, understand the details about the course, such as requirements, assess-
ments, the final project, and ask questions. Across all three semesters, the survey included
the same three questions, and the administration timing, objectives, procedure, and basic
course context of the first meeting remained consistent. Participation was voluntary and
anonymous and had no influence on course assessment. The data from the three semesters
were combined to identify recurring themes among students enrolled in the course, rather
than to conduct comparative analyses. We included semester-level counts to ensure trans-
parency. The study was approved by the Central Ethics Committee of the university.

4.3. Data analysis

The qualitative data analysis was conducted using the directed qualitative content analy-
sis method (Hsieh and Shannon, 2005). In this approach, existing theory or prior research
informs the initial coding scheme, and additional codes may be developed during the data
analysis process (Hsieh and Shannon, 2005). The process of data analysis followed the
framework suggested by Elo and Kyngäs (2008), which includes three main phases: (1)
preparing the data, (2) organizing the data into categories and subcategories, and (3) re-
porting the findings. Students originally wrote their responses in German. The responses
were then translated into English using Google Translate. The second and third authors,
fluent in German and English, verified the accuracy of these translations before coding to
ensure the meaning was preserved.

To analyze students’ motivation to learn about AI, we employed situated expectancy-
value theory (SEVT) (Eccles and Wigfield, 2020) to initiate the categorization process.
SEVT is particularly well suited for understanding the dynamic nature of students’ moti-
vation, as it identifies students’ expectancies for success, task values, and cost as important
determinants of their motivation and subsequent academic outcomes (Rosenzweig et al.,
2019; Eccles and Wigfield, 2020). To analyze what students are interested in learning
about AI, we used the Dagstuhl triangle (Brinda et al., 2016; Michaeli et al., 2023) to
initiate the categorization process. The Dagstuhl triangle is a framework that supports the
idea that education about digitalization phenomena should be examined through different
perspectives to secure a sustainable education for the connected digital world. The three
perspectives are the technological perspective (How does it work?), the socio-cultural per-
spective (What are the effects?), and the user-oriented perspective (How do I use it?).

During the preparation phase, the first author prepared an initial codebook, i.e., a set
of codes and definitions to be used as a guide during the qualitative data analysis process
(DeCuir-Gunby et al., 2011). The initial codebook consisted of categories derived from
the SEVT constructs and the three perspectives of the Dagstuhl triangle. Each category
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(i.e., each SEVT construct and Dagstuhl triangle perspective) was followed by a defini-
tion extracted from the papers of Eccles and Wigfield (2020) and Michaeli et al. (2023).
The second and third authors read the initial codebook and familiarized themselves with
the SEVT constructs and the Dagstuhl triangle perspectives. Afterward, the first three au-
thors immersed themselves in the data assigned to them by repeatedly reading students’
questionnaire responses to gain a comprehensive understanding (Vaismoradi et al., 2013).
The first author read responses from all three semesters (S1-S3), the second author read
responses from S1 and S2, and the third author read responses from S2 and S3.

In this phase, the unit of analysis and the coding unit were also selected (Elo and
Kyngäs, 2008). Responses to Q1 and Q2 were analyzed separately, and the unit of analysis
was the individual student’s response to each question. Within individual responses, the
coding unit was a part of the text whose content and meaning differed from those of the
surrounding text (i.e., a passage or meaning unit) (Lindgren et al., 2020). In our data, a
coding unit consisted of a passage expressing one distinct idea, e.g., one motivation to
learn about AI or one learning interest. Therefore, a response was divided into more than
one passage and could receive more than one code when its content shifted from one
meaning to another. For example, the response of the following student for Q2, "I wanted
to take this class to learn how to use AI tools more efficiently, but also to understand more
about the technical background of it and its risks," was divided into three passages: (1) "to
learn how to use AI tools more efficiently," coded as the user-oriented perspective; (2) "to
understand more about the technical background", coded as the technological perspective;
(3) "its risks," coded as the socio-cultural perspective. Repeated mentions of the same idea
within a response were coded once.

In the organizing phase, the first three authors divided the initial coding as follows: the
first author coded responses from all three semesters, the second author from S1 and S2,
and the third author from S2 and S3. The researchers began coding passages from students’
answers into categories based on the initial codebook. To code the subcategories, open
coding was then applied. During open coding, students’ passages were labeled with codes
representing the core idea they conveyed. Passages that could not be assigned to a single
SEVT construct, namely concerns about the ethical and societal implications of AI, were
grouped into an additional, inductively derived category (Hsieh and Shannon, 2005). After
the initial coding, all three authors reviewed, compared, and discussed their coding of both
categories and subcategories in consensus meetings to ensure trustworthiness through
collaborative debriefing, which provided different perspectives on the interpretation of
the data (Creswell and Miller, 2000). Disagreements were resolved through discussion
until consensus was reached. In this step, codes were added, renamed, or related codes
were grouped. This iterative process of coding and discussion ensured that the final set of
codes was robust and reflected the nuances of the data.

Finally, the results are presented in Section 5. The frequencies in Section 5 indicate
the number of students whose responses included at least one passage assigned to the
subcategory. As a result, individual students may be represented in multiple subcategories,
and column totals may exceed the total number of participants. The data analysis process
was supported by the qualitative analysis tool MAXQDA (Woolf and Silver, 2017).
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5. Results

In this section, we aim to answer the two research questions posed in Section 1:
RQ1: What motivates undergraduates across disciplines to learn about AI?
RQ2: What are undergraduates across disciplines interested in learning about AI?
We divide our findings into two subsections (i.e., one subsection for each research

question).

5.1. Motivation

The students who participated in the survey stated different motivations for learning about
AI. To initiate the categorization process, we adopted SEVT (Eccles and Wigfield, 2020).
Students’ responses reflected three SEVT constructs: intrinsic value, utility value, and at-
tainment value, as can be seen in Table 2. Moreover, many students’ responses expressed
motivation to learn about AI arising from concerns about the ethical and societal impli-
cations of AI. Because these concerns were linked to different types of value, we did not
assign them to a single SEVT construct. Instead, we report them as an inductively de-
rived category (Hsieh and Shannon, 2005). Below, we present the motivations cited by
the students, and Table 2 provides an overview.

5.1.1. Attainment value
Attainment value concerns the extent to which a student finds a task to be personally
meaningful or important. More specifically, the relative within-person attainment value
derives from the assumed fit of perceived task characteristics with the individual’s core
self-schema, social and personal identities, and ought selves (Rosenzweig et al., 2019; Ec-
cles and Wigfield, 2020). In our context, the concept refers to the extent to which learning
about AI is personally important to students, since feeling competent in AI aligns with
their identities as future professionals or students. Sixty-five students reported that they
are motivated to learn about AI because they perceive AI as relevant due to its prevalence
and importance in many areas of society and across domains, and reported that due to the
importance of AI, they would like to be competent so they could "feel confident and have
an informed presence in the working world".

5.1.2. Intrinsic value
According to SEVT (Rosenzweig et al., 2019; Eccles and Wigfield, 2020), intrinsic value
(sometimes called interest value) refers to the extent to which a student is interested in or
enjoys doing a task. In our context, this refers to the extent to which a student is interested
in and enjoys learning about AI. For the intrinsic value category, three main subcategories
emerged: curiosity/interest (n = 27), enjoyment (n = 5), and excitement (n = 5). Cu-
riosity or interest was the most frequently cited subcategory. Several students expressed
curiosity about specific tools. For instance, a student from Korean Studies mentioned an
interest in "tools for translation and how advanced they are." Others were curious to un-
derstand how AI methods and systems are applied in different domains, such as medicine
and psychotherapy. Some students were curious to learn how AI systems work technically.



Students’ Motivations and Learning Interests in AI 99

For example, a psychology student stated an interest in "knowing exactly how AI systems
such as ChatGPT work technically." Additionally, some students wanted to learn about AI
because they enjoyed using AI tools and wanted to know more about them, as reflected
in comments such as "I really enjoy working with ChatGPT and NotebookLM." Finally,
a number of students described AI as an exciting field and expressed a wish to "stay up to
date with the latest knowledge."

5.1.3. Utility value
Utility value refers to the extent to which a student believes a task will be useful for cur-
rent or future goals (Rosenzweig et al., 2019; Eccles and Wigfield, 2020). In our context,
this refers to the extent to which a student believes that learning about AI will be useful
for current or future goals. Fifty-three students reported being motivated to learn about
AI because they perceive AI competencies as useful for their work or studies. Some stu-
dents were already working professionally with AI systems and wished to deepen their
knowledge (e.g., "I have actually been working professionally on implementing AI in a
company for quite some time now, and I look forward to continuing to use and develop my
knowledge!"). Others, although not currently using AI systems in their professional activ-
ities, recognized its growing relevance across various fields. For example, a student from
Business Administration stated that they are motivated because they see "professional ad-
vantages, since AI expertise is becoming increasingly important in many jobs." Similarly,
a student from Economics reported that they think AI will become more widespread and
want to learn more about it so they can use it to their advantage and adapt to the changes
ahead, especially for professional purposes.

5.1.4. Ethical and societal concerns
Twenty-four students were motivated to learn about AI because they were concerned about
its effects on society. For example, a student stated, "AI will play an important role in all
areas in the future, and we need to learn/recognize where potential dangers can arise,
especially in research." Another student pointed out, "In my opinion, AI has great poten-
tial, but also dangers if not used properly. That’s why I want to learn more about it and
strengthen my skills," and another stated, "I think generally I am fascinated by all moral,
anthropological, practical, and psychological questions and issues around AI."
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Table 2: Participants’ motivation to learn about AI by semester

Category Motivation S1 S2 S3 Total
Attainment
value

Perceive AI as a highly prevalent and relevant
field nowadays, and learning about it is
personally important to them as future
professionals who want to be competent in the
field.

14 24 27 65

Intrinsic value Curious/interested in the topic of AI 6 9 12 27
Enjoy using AI systems 1 2 2 5
Find AI an exciting field 1 1 3 5

Utility value Find that AI competencies will be
useful/helpful for current or future goals in
private, work, or study life

9 10 34 53

Ethical and
societal
concerns

Care about the ethical implications of AI on
society, research, and across domains

2 10 12 24

Note: S1 = winter semester 2024/2025 (n = 19); S2 = summer semester 2025 (n = 49);
S3 = winter semester 2025/2026 (n = 60).

5.2. Learning interests

Students who participated in the survey stated different learning interests regarding AI.
The results will be depicted through three subsections, according to the Dagstuhl trian-
gle perspectives: technological perspective ("What is AI and how do AI methods/systems
work?"), socio-cultural perspective ("What are the effects of AI?"), and user-oriented per-
spective ("How do I use AI systems?"). The overview of the results can be seen in Table 3.

5.2.1. Technological perspective
Within the technological perspective, the most cited learning interest from students is
learning how AI methods, algorithms, and models work (n = 30). Some examples of
responses are "How do the models behind AI systems work?", "How does the self-learning
mechanism work?", "How does it work on a technological level?". Students also expressed
interest in the technical limitations of AI systems (n = 22). Some examples of responses
are "Why do AI systems generate inaccurate outputs?", "How reliable is the information
provided by AI systems?" and "What are the weak points of AI systems?"

Moreover, ten students were also interested in the topic of the future of AI. For exam-
ple, student responses included, "What hinders artificial general intelligence (AGI) devel-
opment?" and another student answered, "What is the next big milestone?", and "What
can we expect in the future?". In addition, six students expressed interest in having an
overview of the field of AI. For example, one student answered, "I would like to find out
more about how it is structured", and another student answered, "What exactly does the
term AI cover, and what subcategories are there?"
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Students are also interested in learning about data in the context of AI. Five students
answered that they would like to learn what data is used for training AI models and where it
comes from. Additionally, two students expressed interest in understanding what happens
to their data when they use AI systems (e.g., "Where does my data go?"). Finally, one
student pointed out an interest in understanding the difference between AI systems and
traditional systems.

5.2.2. Socio-cultural perspective
Within the socio-cultural perspective, the most frequently stated learning interest among
students is to learn about the positive and negative effects of AI systems on society and the
environment (n = 30). Within this category, for example, some students showed interest
in the topic of the replacement of humans in workplaces. A student answered, "Can jobs
actually be replaced by AI?" Other students showed interest specifically in learning the
impact of AI systems on the environment. For example, one student pointed out, "What
impact does AI use have on climate change?".

Moreover, thirteen students were interested in learning about strategies for mitigating
negative effects and ensuring that AI serves the good of all people. For example, one
student pointed out, "Is there an estimate of how high the energy consumption is for the use
of AI systems, and are there ways of limiting it?" and another student pointed out, "How
can AI systems make people’s lives easier instead of taking work away from them?". Also,
other students showed interest in learning how AI systems can be compliant with data
protection and copyright requirements. Furthermore, five students also indicated interest
in learning about the legal aspects.

Students also expressed interest in having an overview of AI systems that are available
and for which tasks they can be applied (n = 12). For example, a student answered, "I
would like to know more about how AI is used in different areas in general, so no specific
question, more of a desire for an overview that will help me find my way around this topic".
In addition, students are also interested in having an overview of which areas AI systems
are mostly used in and how AI systems are being applied in different areas (n = 12). For
example, a student answered, "I am also interested in the extent to which AI can support
users in creative processes, such as writing songs," and another student answered, "In
which professional fields does AI currently have the greatest significance?"

Four students also expressed interest in learning which skills are necessary for the
working world and how knowledge about AI will stay relevant while the field itself is
changing fast. For example, one student answered, "What skills are necessary for the work-
ing world?" Finally, one student expressed interest in learning more about the history of
AI, and another in experts’ perspectives on AI development.

5.2.3. User-oriented perspective
Within the user-oriented perspective, the most cited learning interest was to learn how to
use AI systems effectively for study and work (n = 26). Furthermore, nine students are
also interested in learning how to interact with AI systems to avoid inaccurate outputs.
Students answered, for example, "How can I handle AI hallucinations?", "How can AI be
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used without receiving partially incorrect information?". Nine students are also interested
in learning how to detect AI-generated content. For example, a student answered, "How
should videos created using AI be assessed in terms of credibility?". Five students are
also interested in learning how to use AI systems in order to protect themselves from
risks. Finally, one student was interested in learning how to develop an AI assistant.

Table 3: Participants’ learning interests regarding AI by semester

AI
perspective

Learning interests S1 S2 S3 Total

Technological
Functioning: AI methods, algorithms and
models
How do the AI methods, algorithms, and models

work?
5 7 18 30

What does the field of AI encompass? 2 1 3 6
Capabilities and limitations
What are the limitations of AI systems? 7 8 7 22
What does the future development of AI look like? 3 3 4 10

Data in the context of AI
What data is used, and where does the data for

training AI come from?
3 1 1 5

What happens with my data when I use AI
systems?

1 1 0 2

AI systems vs. traditional systems
What is the difference between AI systems and

traditional systems?
0 1 0 1

Socio-
cultural

Societal, ethical, and legal implications
What are the positive and negative effects that AI

systems bring?
7 10 13 30

How can we mitigate the negative effects and
ensure that artificial intelligence truly serves the
good of all people?

5 2 6 13

What are the legal frameworks? 0 2 3 5
What do experts think about AI development? 0 0 1 1

AI in society, student life and work life
Which AI systems are there and for which tasks? 2 5 5 12

Continued on next page
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Table 3: Participants’ learning interests regarding AI by semester (Continued)

Which areas are AI systems being mostly used in?
How are AI systems being applied in different
areas?

2 3 7 12

Needed skills
What skills are necessary for the working world?

How will knowledge about AI stay relevant while
the field itself is changing fast?

0 1 3 4

History of AI
Since when do AI systems actually exist? 0 0 1 1

User-
oriented

Effective AI interaction
How can I use AI systems effectively for my

studies and work?
11 3 12 26

Safe and responsible AI use
How can I use AI systems in a way that avoids

errors?
4 3 2 9

How can I be safe when I use AI systems? 2 3 0 5
Identifying and evaluating AI outputs
How can I detect whether it is AI-generated

content and evaluate its credibility?
5 1 3 9

Building an AI assistant
How can I develop an AI assistant? 0 1 0 1

Note: S1 = winter semester 2024/2025 (n = 19); S2 = summer semester 2025 (n = 49);
S3 = winter semester 2025/2026 (n = 60).

6. Discussion

Our results provide concrete resources to inform the design of learning experiences on
AI for undergraduates across disciplines. Based on the MER for CSE (Diethelm et al.,
2012; Grillenberger et al., 2016), these students’ perspectives are important to consider
for curricula and course design, alongside analyses of content structure, social demands,
and teachers’ perspectives. In the following, we distinguish between (a) what students re-
ported and interpretations supported by previous literature, and (b) examples of curricular
application that we propose as illustrations, based on our findings. It is important to high-
light that the latter are not direct findings of the survey, but are illustrations of how our
results can be translated into practice.
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6.1. Motivations for learning about AI

Student-reported findings and interpretation considering previous literature
Students described motivations that encompass attainment, utility, and intrinsic values,

as well as ethical and societal concerns, rather than career-related utility alone. Attainment
value was the most frequently coded category (n = 65). Students whose responses were
coded as attainment value considered it personally meaningful to be good professionals in
their fields. Because they perceive that AI systems are becoming very relevant in different
areas, they want to learn about AI to be competent as professionals, not only because it
is a useful skill for their work or studies. They want to feel confident and informed as a
journalist, economist, scientist, or citizen, for example.

Utility value was the second most frequently coded category (n = 53). These students
wanted to learn about AI because it will be useful for current or future goals in their
work or studies. We would like to highlight that this interpretation should be treated with
caution, since the boundary between attainment and utility value is subtle, as utility value
can also connect to personal goals and sense of self (Eccles and Wigfield, 2020), and the
coders experienced this difficulty during the analysis (see Section 7).

Intrinsic value was the third most frequently coded category in our study, indicating it
was referenced less often than attainment value and utility value. In a study grounded in
SDT, Li et al. (2025b) analyzed the motivation of undergraduates to learn AI in Greater
China, including Mainland China and Hong Kong. They similarly found intrinsic motiva-
tion to be less central than other types of motivation, including introjected regulation (i.e.,
engagement in learning to maintain self-esteem and avoid being perceived as an incapable
person) and external regulation (i.e., engagement in learning due to external reasons such
as punishments or rewards). However, these results are not directly comparable with ours,
because they are grounded in different theories, rely on rating scales rather than spon-
taneously reported motives, and our participants did not describe introjected or external
motives.

Moreover, ethical and societal concerns also emerged as a prominent category. Twenty-
four students reported motivation to learn about AI due to its ethical and societal impli-
cations and the desire to better understand associated dangers and risks. Some students
identified acquiring knowledge of AI ethics as important, while others emphasized the
significance of responsible system use as a meaningful competence. Additionally, some
students expressed fascination with topics related to AI ethics.

Illustrative curricular application
These findings can inspire future research related to course development and help pro-

fessors better encourage these students to enroll in introductory AI courses. For example,
invitations to AI courses for this audience may highlight that the course aims to provide
personally meaningful and socially important skills, acknowledging the increasing preva-
lence and relevance of AI, the ethical challenges it raises, and its value for students’ career
paths and educational goals.
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6.2. Students’ learning interests

Regarding learning interests, students reported interest in learning the technical, practical,
and socio-cultural dimensions of AI, i.e., all three perspectives of the Dagstuhl triangle
framework, which a comprehensive AI literacy curriculum would ideally cover (Michaeli
et al., 2023).

6.2.1. Technological perspective
Student-reported findings and interpretation considering previous literature

Within the technological perspective, the most frequently stated interest was learn-
ing how AI methods, algorithms, and models work (n = 30). Regarding their interest
in how AI works, they normally formulated it at a general level, without naming spe-
cific methods or algorithms. Students’ interest in learning how AI methods, algorithms,
and models work is in alignment with opinions from professionals working at the in-
tersection between AI and other domains, where most participants stated that students
need to learn how ML techniques and their main algorithms work (Tenório and Romeike,
2024). Unlike students, professionals were more specific about which AI methods should
be learned, mainly pointing out the ML techniques: supervised, unsupervised, and rein-
forcement learning, and more advanced techniques, such as artificial neural networks and
more advanced architectures, such as transformers (Tenório and Romeike, 2024).

Moreover, students reported learning interest in the limitations of AI systems (n = 22).
Smaller numbers of students showed interest in the future development of AI (n = 10),
what the field of AI encompasses (n = 6), where training data come from (n = 5), what
happens to their own data when they use AI systems (n = 2), and how AI systems differ
from traditional systems (n = 1).

Illustrative curricular application
Following the MER for CSE (Grillenberger et al., 2016), the AI methods pointed out

as relevant in previous works (Tenório and Romeike, 2024; Michaeli et al., 2023), along
with context relevant to undergraduate students, can support the derivation of phenomena
that can be used to develop learning materials that motivate students during the learning
process by connecting them to prior knowledge.

The following examples are not derived from the results, but they illustrate how the
reported interests could be addressed. For example, to enable students to learn about un-
supervised learning (an AI method), a context related to undergraduates across disciplines
can be selected, such as business, and then a phenomenon in the intersection of unsuper-
vised learning and business can be selected, such as customer segmentation (Saxena et al.,
2024; Shen, 2021). This phenomenon could further guide the development of lessons that
address students’ interests. Students can learn about this, for example, through a simulation
that demonstrates how an unsupervised learning algorithm, such as k-means, iteratively
groups customers into clusters by assigning each customer to the nearest cluster center and
updating the centers, and how the resulting segments must then be interpreted by humans.
This is in line with work in the field of AI literacy (Long and Magerko, 2020), which
recommends using graphical visualizations, simulations, explanations of agent decision-
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making processes, or interactive demonstrations to aid non-technical learners’ understand-
ing of AI.

Concerning the second learning interest most coded in the technological perspective,
students stated they are not only interested in understanding how AI systems work but also
in going a step further to understand their limitations arising from their internal mecha-
nisms. For example, students were particularly interested in inaccuracies in the outputs
of AI systems (i.e., why do AI systems infer incorrect results?). This could be addressed
in learning experiences in different ways. For example, when students are learning about
how ML systems work, they can learn that a ML model learns the patterns of the training
data and generalizes what it has learned to new, unseen data to infer outputs in real-world
contexts (Domingos, 2012; OECD, 2024). However, the model may not work well with
unknown, new data (Domingos, 2012). One of the main reasons for this, for example, is
that the performance of a model is often related to the quality and quantity of the data
used for training, and care must be taken to collect or acquire a large amount of high-
quality data that can represent the target population (Sarker, 2021; Gallegos et al., 2024;
Anh-Hoang et al., 2025). Therefore, students need to be critical when using outputs from
machine-learning-based AI systems, since these systems infer outputs based on what they
have learned, and the inferences can be inaccurate.

Besides that, students also stated interest in learning more about training data, where
it comes from, and what happens to the data provided when using AI systems, as well
as the distinction between AI systems and traditional systems, and what the field of AI
encompasses. Some helpful sources to provide science content structure to develop di-
dactic materials about these topics are OECD papers, such as the policy paper that maps
the principal mechanisms currently used to source data for training AI systems (OECD,
2025) and the memorandum that contains clarifications to the definition of an AI system
(OECD, 2024). Finally, these findings indicate that many students explicitly request expla-
nations of AI’s internal mechanisms rather than only usage skills, although their requests
remain at a high level of abstraction. They provide educators with concrete objectives for
incorporating technical content that responds to these interests.

6.2.2. Socio-cultural perspective
Student-reported findings and interpretation considering previous literature

The most cited interest related to the socio-cultural perspective was learning about
the positive and negative effects that AI systems bring (n = 30), with students referring,
for example, to the replacement of human workers and the environmental impact of AI.
These findings align with previous studies involving professionals working at the intersec-
tion of AI and other domains (Tenório and Romeike, 2024) and university lecturers from
different disciplines (Tenório et al., 2025), both of which emphasized the importance of
understanding AI-related ethical and societal issues.

Moreover, thirteen students also showed interest in learning how the negative effects
can be mitigated and how AI can serve "the good of all people". Students also pointed out
interest in learning which AI systems exist and for which tasks (n = 12), in which areas
AI systems are mostly used and how they are applied (n = 12), what legal frameworks
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apply (n = 5), which skills are needed for the working world (n = 4), what experts think
about AI development (n = 1), and since when AI systems have existed (n = 1).

Illustrative curricular application
Some of the negative issues of AI systems are related to their technical functionalities.

For example, the negative environmental impact of current AI systems, mainly generative
AI systems, is partly due to the way these systems work. The environmental impact of AI
systems, raised by students interested in energy consumption and climate effects, can il-
lustrate how such an interest can be educationally reconstructed as a phenomenon serving
multiple Dagstuhl perspectives simultaneously. The following examples do not originate
from the study’s results, but they serve to demonstrate potential approaches for address-
ing the reported interests. For example, following the MER for CSE (Grillenberger et al.,
2016), this interest can be addressed through a teaching sequence anchored in the techno-
logical perspective: once students understand what parameters are and how the training of
deep neural networks proceeds through repeated computations (LeCun et al., 2015), they
can more easily learn why training and inference phases of large models based on deep
neural networks, such as large language models (LLMs), in data centers can be energy-
and water-intensive (Bourzac, 2024; Mytton, 2021; Crawford, 2024). Building on this
technical understanding, the second most cited interest of the socio-cultural perspective
(i.e., students also interested in how these negative effects can be mitigated) can then be
addressed by examining mitigation strategies proposed for industry, research, and policy
(Crawford, 2024). This may include legal frameworks such as the EU AI Act (European
Union, 2024), thereby also serving the interests of some students who wished to learn
about legal aspects. In this way, a single phenomenon connects students’ interest in how
AI works with their interest in its societal effects and in mitigating negative impacts, ex-
emplifying the joint didactic processing of technological and socio-cultural perspectives.

6.2.3. User-oriented perspective
Student-reported findings and interpretation considering previous literature

The most frequently cited interest within the user-oriented perspective was learning to
use AI systems effectively for their studies and work (n = 26). This suggests that students
aim not only to develop a conceptual understanding of AI systems and their societal effects,
but also practical skills for applying AI in their studies and work. This is in alignment
with the Dagstuhl triangle, which posits that only joint didactic processing (socio-cultural,
user-oriented, and technological perspectives) can lead to a well-founded and sustainable
education in the digitally networked world (Brinda et al., 2016).

Illustrative curricular application
When learning experiences are developed, the effective use of AI systems for students’

studies and work can be taught together with the technical understanding of AI systems
and their positive and negative effects on society and the environment. The following
examples are not derived from the results but illustrate how the reported interests may be
addressed. For example, in the case of the phenomenon of language generation, students
can first understand what LLMs can do and how they work, then learn about their positive
and negative effects, and then learn how to use AI systems based on LLMs to support the
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performance of tasks required in studies and work lives, such as learning prompt strategies
that increase the quality of LLM outputs and mitigate hallucinations (Lin, 2024; Anh-
Hoang et al., 2025; Wang et al., 2024).

Furthermore, students are also interested in learning how to use AI systems responsibly
and safely. Nine students expressed interest in learning strategies to detect AI-generated
content and evaluate its credibility, and five in protecting themselves from risks. These
risks could include, for example, deepfakes (Mustak et al., 2023), misinformation (Park
and Nan, 2025), and superficial texts with hallucinations (Huang et al., 2025). This sug-
gests that courses for this audience may benefit from dedicating time to the practical use
of AI systems, critical analysis of the possible effects of AI outputs (Pawelec, 2022), the
evaluation of the veracity and credibility of content following some guidelines, and the
understanding of mitigation strategies such as watermarks in AI-generated content and
mandatory labeling of AI outputs in social media (Jones, 2023; Romero Moreno, 2024)
in order to be critical users. A course that addresses this may increase its perceived util-
ity. Moreover, such skills may support students in using AI systems responsibly in their
academic and professional tasks.

7. Conclusion, limitations and future work

In this study, we presented the results of a survey performed with 128 undergraduates
across disciplines during the first meeting of an introductory AI course at a German uni-
versity. The objective of the survey was to collect undergraduate students’ motivations to
learn about AI and their learning interests. The results, presented in Section 5, provide
curriculum developers with an empirical basis for designing learning experiences aligned
with the motivations and interests of students who enroll in such courses. In Section 6, we
provide suggestions for leveraging the results to advance AI education for undergraduates
across disciplines, including recommendations on how the technological, user-oriented,
and socio-cultural perspectives can be jointly taught in meaningful, effective learning ex-
periences.

A first limitation concerns the analysis of the data related to students’ motivation to
learn AI. The first three authors who participated in the process faced difficulties dur-
ing the coding process in differentiating between answers that were related to attainment
value and utility value. However, this was expected, since the distinction between these
constructs is subtle: utility value can also connect to personal goals and sense of self,
and so has some ties to attainment value (Eccles and Wigfield, 2020). This was mitigated
through a collaborative review process composed of several discussions until a consensus
was reached. Moreover, responses to the open-ended question elicited only three SEVT
constructs: intrinsic, utility, and attainment value. Other constructs, including expectan-
cies for success and perceived costs, may still influence students’ motivation, but were not
identified through this question. This outcome is likely a result of the elicitation method,
which relied on a single open-ended question on motivation, rather than evidence that
expectancy beliefs or perceived costs were absent. Future studies could combine open-
ended questions with items that explicitly address expectancy and cost, such as perceived
difficulty or concerns regarding mathematical or programming prerequisites.
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Furthermore, data were collected between October 2024 and October 2025, a period of
rapid change in the capabilities of AI systems, public debate, and regulation (Maslej et al.,
2025). Students’ motivations and interests are probably shaped by this rapidly evolving AI
field. Therefore, the identified themes need to be interpreted as situated in this period and
may change as the AI field evolves. Moreover, the sample comprises students who vol-
untarily enrolled in an elective AI course at one university. Consequently, the reported
motivations and interests cannot be generalized to all undergraduates across disciplines
and do not address the perspectives of students who choose not to pursue AI education,
who may represent a critical audience for AI literacy initiatives. Future research could
examine motivations and barriers among non-enrolled students, for instance, by adminis-
tering surveys outside the context of AI courses, and considering international or cross-
institutional perspectives. Finally, researchers in AI education may integrate this study’s
findings and recommendations with related results from the existing literature to inform
the development of AI curricula and learning experiences for undergraduates across di-
verse disciplines.
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