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Abstract
The rapid development of Artificial Intelligence (AI) in user-facing technologies is resulting in increased human-AI
interaction in everyday life and may reshape the foundations of teaching and learning. At the same time, ethical
and privacy concerns, as well as a lack of understanding of how these tools work can hinder the successful
adoption in education contexts. In this paper, we argue that improving AI literacy cannot occur separately from
the first-hand experience of interacting with AI-powered technology. We propose that understanding technical
systems through hands-on activities can support AI literacy. We illustrate the idea of hands-on learning through
two use cases: (i) social robots in primary and secondary education and (ii) Intelligent Tutoring Systems (ITS) in
higher education. By building on tangible experiences, students might better understand AI principles and their
practical relevance than when receiving solely theoretical materials.
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1. Introduction

The rapid development of Artificial Intelligence (AI) in user-facing technologies, such as social robots
or intelligent tutoring systems (ITS), reflects the increasing integration of human-AI interaction into
everyday life [1, 2]. According to UNESCO, the advancement in text- and speech-producing AI is likely
to reshape the foundations of teaching and learning [3]. At the same time, previous research has shown
that ethical and privacy concerns, as well as a lack of understanding of how these tools work, can hinder
the successful adoption in education contexts [4, 5, 6, 7, 8, 9]. Similarly, students’ understanding of how
an educational tool works has been shown to increase its acceptance [10]. The growing gap between
the state of AI and students’ AI literacy calls for better learning experiences that enable all learners —
including children and adults — to safely and effectively deploy AI technology, including and beyond
generative AI [11, 12].

In this position paper, we propose that understanding technical systems and their societal implications
through hands-on activities can support AI literacy more effectively than solely theoretical curricula.
We argue that AI education is most effective when it is combined with the first-hand experience of
interacting with an educational tool that suits the needs and level of the learner. We illustrate the idea
of hands-on learning through two use cases targeting different student groups and using different forms
of technology: (i) building social robots in primary and secondary education, and (ii) interacting with
ITS in higher education1. This method enables practitioners to provide students with a deeper technical
understanding of AI-powered technology and their societal and environmental implications.
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1We consider social robots and ITS forms of AI, consistent with a broad, established notion of AI[13]. This approach contrasts
with recent trends in AI literacy assessments, which often focus exclusively on generative AI [14].
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2. The State-of-the-Art of AI literacy education

In recent years, efforts to define and implement AI literacy in curricula across learning contexts have
grown. Long and Magerko [15] were among the first to systematically synthesize the core competencies
of AI literacy, which they define as "a set of competencies that enables individuals to critically evaluate
AI technologies; communicate and collaborate effectively with AI; and use AI as a tool online, at home,
and in the workplace". The authors derived 17 core competencies, including, among others, recognizing
AI, data literacy, understanding action and reaction, ethics, and programmability. Additionally, the
authors outlined design considerations, such as using embodied tools and promoting transparency, to
help designers and educators create learner-centered AI.

Within the context of K-12 education, Touretzky and colleagues [12] introduced five Big AI Ideas
that students should know: (i) Computers perceive the world using sensors; (ii) Agents maintain
models/representations of the world and use them for reasoning; (iii) Computers can learn from data;
(iv) Making agents interact comfortably with humans is a substantial challenge for AI developers; and
(v) AI applications can impact society in both positive and negative ways. Similarly, in an exploratory
review, Zhou and colleagues [11] assessed 49 existing AI learning tools and curricula for K-12 AI
literacy. The authors identified major trends in K-12 AI literacy education, including: (i) structured
series courses teaching basic Machine Learning concepts with existing AI education tools; (ii) short
workshops using interactive data visualization and toy problems to teach basic algorithms; (iii) learning
environments enabling students to develop basic AI applications with block-based programming; and
(iv) accessible and engaging Graphical/Text-based/Voice User Interfaces, enabling students to train
and test Machine Learning models. The task of defining AI literacy has also gained traction among
policy-making institutions: The European Commission and OECD [16] are currently developing a K-12
AI Literacy framework, comprising 22 competencies across skills, attitudes, and knowledge.

In higher education institutions, AI literacy learning materials are primarily designed to address the
field-specific professional requirements of students, rather than supporting a basic understanding of
AI [17]. In this context, [18] introduced the term "AI readiness", which refers to the preparedness of
students to use AI in their professional life. Additionally, many AI literacy courses focus on students’
programming skills to support AI literacy (e.g., [19, 20]). This is reflected in a scoping review by
[17], which found that more curricula prioritized technical knowledge (e.g., machine learning and
programming) over the ethical and societal implications of AI (e.g., algorithmic bias or AI’s ’black-box’
problem). While technical skills are useful for understanding AI as a concept, a recent review of 22 AI
literacy assessments highlights that consensus among authors indicates the societal impact of AI and
AI ethics are equally important aspects of AI literacy [14]. Consequently, students should be equipped
with skills in all three domains (i.e., technical skills, societal impacts, AI ethics), extending beyond mere
programming to safely and effectively interact with AI systems.

Hands-on learning activities are beneficial across all ages [21, 22, 23, 24], an idea rooted in Piaget’s
constructivism [25] and Papert’s constructionism ([26], for a review see [27]). Yet in Zhou and colleagues’
review [11], fewer than ten works focusing on AI literacy education used Embodied Interactions and
only six addressed Natural Interaction. These two concepts were identified as crucial to support AI
literacy education by [15] and [12]. We propose that involving students in the construction of and
interaction with technology is more effective for supporting the understanding of technical systems
and their societal and ethical implications than using solely theoretical curricula, as we will illustrate in
the following use cases.

3. Use case 1: Social robots for primary and secondary education

Research on social robots in education has received significant interest over the past two decades,
with a variety of different roles and different robots studied [28, 29, 30, 31]. Prior work highlights
the positive effects of social robots on children’s affective and cognitive learning outcomes across
various domains such as literacy, second-language learning, and engineering where robots have been
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deployed as teachers, tutors, and peers [32]. At the same time, robots are still rarely seen in classrooms,
libraries, or homes. Reasons for this include (i) logistical and technical challenges associated with
deploying autonomous, yet effective social robots [32, 33], (ii) purchase and deployment costs opposed
to limited school budgets [9], (iii) a lack of long-term engagement partly due to missing adaptivity and
customization of current systems [28, 34], and (iv) unrealistic expectations of stakeholders regarding
robot capabilities [35, 9, 36, 37, 38]. Instead of deploying costly, complex, and ready-to-use social robots,
we propose a hands-on approach that engages children in both constructing social robots and interacting
with them. By including children in the building process of low complexity Do-it-Yourself (DIY) robot
kits (such as the Blossom robot (Figure 1, [39]) or Ono robot [40]), teachers can foster children’s AI
literacy and equip them with the necessary knowledge to create AI artifacts that they would understand
technically.

Other fields have long included children in the building process of robots, most prominently to teach
children about computer science and robotics. For example, Pedersen and colleagues [41] developed
a computer science course in which 10- to 12-year-old children build (non-social) LEGO and fabric
robots to learn about hardware, programming, and physical/mechanical topics. Similarly, Jackson and
colleagues [42] investigated children’s engineering motivation and self-efficacy, following participation
in a soft robotics curriculum unit, in which children build a gripper robot. Scaradozzi and colleagues
[43] included even younger children and developed a robotics curricula for primary school children, as
part of which children build their own LEGO robots. These examples showcase established applications
of robot-building activities to support children’s technical education, a foundation we will extend to AI
literacy using social robots, as demonstrated in the following section.

3.1. Curriculum example

This section outlines an example of integrating hands-on AI literacy learning into an 8th grade (13-15y)
Natural Sciences and Technology (NST) curriculum, using the social robot Blossom [39]. NST classes are
interdisciplinary courses, focused on students’ technical skills alongside natural sciences (e.g., physics,
chemistry, biology) and as such well suited for interdisciplinary robot-building activities. The 6-weeks
curriculum (Figure 1) is designed to include the foundational elements of AI literacy (i.e., technical
understanding, societal implications, and AI ethics [14]), while additionally incorporating lessons on
robot and AI sustainability.

Through Weeks 1-3, children actively engage in robot construction, fostering their understanding of
hardware, sensors, and data collection modalities (e.g., microphones, cameras). To complement this
technical understanding, Week 4 introduces block-based programming, and Week 5 focuses on Large
Language Models (LLMs) and AI safety, specifically addressing data privacy and the broader societal
implications of AI. This is crucial as social robots increasingly engage in natural and autonomous
interactions, yet children are often unaware of what data are collected from them and how they
are stored and used ([44]). Discussions during this Week can include data storage and handling
decisions, such as local versus cloud-based solutions and their consequences for data ownership,
thereby supporting children’s safe and educated use of AI technology. Week 6 shifts to the deployment
of robots, enabling children to explore and make different deployment decisions (e.g., robot placement,
required infrastructure), and consider their environmental and societal implications through a virtual
classroom activity.

This curriculum offers a valuable starting point for implementation, though it should be adapted
to local AI literacy curricula and target groups. Positioning it within NST classes leverages teachers’
existing technical skills to support robot-building activities while additional resources to facilitate lessons
are already openly available (e.g., [16, 45]) and are expected to increase in quality and accessibility with
broader adoption. Ultimately, this example curriculum illustrates how involving children in the building
process of social robots provides opportunities for hands-on learning to support AI literacy, enabling
children to design personalized social robots, and, consequently, laying the foundation for sustainable
and effective long-term human–robot interaction.
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Figure 1: Structure of a 6-week (3 hours/week) NST curriculum, using the Blossom robot. Grey blocks indicate
45-minute theoretical lessons, while blue boxes represent 90-minute practical sessions.

4. Use case 2: Intelligent Tutoring System for higher education

ITS (i.e., AI artifacts designed to tutor students through scaffolding, targeted hints, and personalized
feedback) have been proven successful in improving learning outcomes and student motivation across
all ages, including higher education [46, 47]. However, when asked about potential concerns regarding
the use of these tools, university students express high ethical expectations for educational tools [48, 49].
Their concerns range from social (e.g., reducing human interaction related to learning) to educational
ones (e.g., potential unfair evaluation by professors after accessing student data) [50]. General privacy
research indicates that concerns not only differ greatly between users but vary for the same user in
different contexts [51], depending on their, often unconscious, stance regarding the tradeoff between
privacy and functionality [52]. Addressing these varying concerns requires (i) flexible user settings
for data collection and handling, tailored to individual preferences, (ii) transparency about available
options to enable informed decision-making and foster increased AI literacy, thereby leading to (iii) a
comprehensive understanding of the intelligent system and its available options, ensuring the provided
information is comprehensible and actionable for users [53]. In short, students should be supported in
actively controlling their data when interacting with an ITS, which will lead to improved AI literacy. In
an educational context, fulfilling these requirements becomes additionally challenging due to power
and information imbalances between teachers and students, as students are not necessarily able to
assess a learning tool’s benefits on their learning [54].

To address these requirements, two key solutions for an ITS can be defined as follows (Figure 2):

• Controllability: To adapt to students’ varying data privacy needs, the tool should offer multiple
personalization options that students can set with every use. These options are organized
based on privacy invasiveness (no personalization, adaptation, full personalization), providing
control without overwhelming the users. Moreover, this approach addresses the issue of power
imbalance in education by using only pedagogically sound options that do not disadvantage
privacy-conscious students.

• Transparency: Instead of a lengthy and complex privacy policy, students should receive direct,
on-screen feedback while interacting with the tool about the privacy implications of their person-
alization choices, as illustrated in Figure 2. This ensures that students are fully aware of their
decision’s privacy implications and can adapt accordingly if necessary.

Extending the scope of an ITS beyond merely covering the learning content to transparently demon-
strating its data handling could significantly improve students AI literacy. This approach enables
students to better understand the types of data collected by these systems, their purposes, and benefits
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Figure 2: Draft screens, based on the interface of the CTAT tool [55], demonstrating proposed ITS features with
varying personalization levels. The three screens demonstrate Level 1, Level 2, and Level 3 of personalization,
which students can choose. Specific features would be enabled or adjusted based on the selected personalization
level, as more data becomes available. Hint window (1): At Level 1, students passively receive general hints;
at Level 2 and 3, they can request specific hint types. Skill feedback (2): This feature disabled at Level 1. At
Level 2, it provided feedback based on answer correctness. At Level 3, it further incorporates click sequences and
time spent on task. Chat window (3): Disabled at Levels 1 and 2. This window uses generative AI to provide
additional support connected to student interactions in the task space at Level 3. The implications of choosing
each personalization level are explained in dedicated information boxes (marked with an eye sign) to ensure
informed decision-making.

and risks of providing these data. Such transparency would not only allow students to provide truly
informed consent for the ITS — addressing a challenge unresolved by traditional consent form-based
solutions [56, 57] — but also foster a deeper understanding of how such systems function. While
we propose these controllability and transparency features for a specific tool, the same principles
are applicable to other tutoring systems, whether commercial or open-source, given their common
underlying mechanisms.

Therefore, our recommendation primarily targets developers of such tools to integrate transparent
and educational data handling features into their existing systems. Transferring knowledge from this
hands-on experience to broader contexts can be supported by an additional theoretical curriculum that
builds on the insights provided by the ITS. Depending on the availability of resources in institutions,
this curriculum could be implemented as an e-learning resource freely available in short modules to all
students (currently the most common practice [17]) or offered in person by a relevant lecturer. In either
scenario, we believe that more conscious interactions with intelligent tools can significantly support
students in fostering their AI literacy, even in the absence of additional curricular resources.
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5. Discussion

Emerging technologies, such as AI possess a great potential for creating personalized learning expe-
riences at scale, for example for tutoring, content generation, and analytics [58, 59]. To benefit from
this potential, students of all ages must be able to effectively use AI systems. In this position paper, we
argue that improving AI literacy through hands-on learning activities can enhance students’ learning
outcomes more effectively than a theoretical curriculum alone, thereby making them more responsible
and effective users and creators of AI artifacts. We illustrated this idea through two use cases: (i)
building social robots in primary and secondary education, and (ii) interacting with ITS in higher
education. Based on these two use cases, we identify the following benefits of implementing hands-on
learning activities into AI literacy curricula:

Students gain first-hand experience with AI-systems, improving their technical understand-
ing and providing insights into societal and ethical implications of AI. By engaging students
in hands-on activities that encourage critical thinking about AI systems, our aim is to foster more
conscious and safe interactions with these technologies. When students are given the opportunity to
independently explore their educational tools, supported by appropriate guidance, they can develop
into more responsible and informed users. The insights gained through these hands-on activities can
then be reinforced through complementary theoretical sessions.

Teaching AI literacy as an integrated subject in other learning sessions. The proposed hands-
on activities target not only AI and technical literacy but also other competencies, such as robotics, or
learning new topics in general with a tutor. This enables their easier integration into existing curricula,
requiring minimal additional instructional time. This is especially relevant because educators often
have limited time resources and frequently cannot accommodate additional classes.

Students learn the most relevant aspects of AI through tools they use regularly. According
to Faruqe et al. [60], the scope of AI literacy is not generalizable, as it depends on the frequency
and intensity of AI use (i.e., those who interact less with AI also require lower AI literacy). Thus, by
designing hands-on activities with age- and needs-appropriate tools, we ensure that students engage
with aspects of AI literacy relevant to their experiences. For example, if an ITS is used in the classroom,
understanding how it processes and uses data becomes an important learning objective. By applying
the same design principles, we can also support diverse communities, including those in regions with
limited resources or access to technology, by adapting the activities to suit available resources. In such
contexts, students might benefit more from a different set of AI literacy skills compared to those in
more technologically developed regions based on the systems they regularly interact with.

While the proposed approach offers a range of potential benefits, its practical implementation
faces several barriers. First, limited (financial and technological) resources can prevent the use of AI
technology, particularly in underdeveloped regions, thereby restricting access to AI literacy education.
As discussed above, accessibility can be increased by adapting activities to suit available resources. For
example, the concept of AIED Unplugged [61, 62] promotes adapting current AI-based learning tools to
function without constant internet access or advanced hardware. Similarly, DIY robotic toolkits, such
as the Blossom robot, can be built from a variety of accessible materials (e.g., wood, plastic) and use
relatively inexpensive technical components (i.e., servo motors), reducing the total costs to approximately
100$. Second, the deployment of (generative) AI technology necessitates ethical guidelines and safety
guardrails. The responsibility for these safety regulations lies with both technology designers and those
responsible for deployment. As such, teachers and educators must be trained to evaluate and monitor
safe human-AI interaction. As AI literacy curricula are being increasingly implemented globally these
skills are crucial, regardless of the mode of education.

To conclude, while implementing hands-on AI literacy education faces practical and ethical barriers,
its potential benefits are substantial. Such activities could enhance AI literacy education by providing
students with age-appropriate, first-hand experiences with AI tools. Combining these practical expe-
riences with theoretical curricula could support learning more effectively than current instructional
methods, ultimately fostering a new generation of responsible, informed, and technical-literate AI users.

65



Luca M. Leisten et al. CEUR Workshop Proceedings 60–69

Acknowledgments

We would like to thank Prof. Dr. Verena Zimmermann, Prof. Dr. Emily S. Cross, Dr. Nathan Caruana,
and Dr. Ryssa Moffat for their continuous support throughout our projects.

Declaration on Generative AI

During the preparation of this work, the authors used X-GPT-4 to Grammar and spelling check. After
using these tools, the authors reviewed and edited the content as needed and take full responsibility for
the publication’s content.

References

[1] A. Goel, Ai education for the world, AI Magazine 38 (2017) 3–4.
[2] D. Touretzky, C. Gardner-McCune, F. Martin, D. Seehorn, Envisioning ai for k-12: What should

every child know about ai?, in: Proceedings of the AAAI Conference on Artificial Intelligence,
volume 33, Honolulu, Hawaii, USA, 2019, pp. 9795–9799.

[3] F. Miao, W. Holmes, R. Huang, H. Zhang, AI and Education: Guidance for Policy-Makers, UNESCO,
Paris, France, 2021. URL: https://unesdoc.unesco.org/ark:/48223/pf0000376709.

[4] A. L. Cermakova, A. Clary, B. Havinga, Evaluation Mechanisms: A Way to Increase Trust in
Educational Technologies?, 2024. URL: https://www.edtechstrategylab.org/s/2024_Deep-Dive-I_
Evaluation-Mechanisms_EdTech-Strategy-Lab.pdf.

[5] M. Cukurova, X. Miao, R. Brooker, Adoption of artificial intelligence in schools: Unveiling factors
influencing teachers’ engagement, in: N. Wang, G. Rebolledo-Mendez, N. Matsuda, O. C. Santos,
V. Dimitrova (Eds.), Artificial Intelligence in Education, Springer Nature Switzerland, Cham, 2023,
p. 151–163. doi:10.1007/978-3-031-36272-9_13.

[6] A. Renz, G. Vladova, Reinvigorating the Discourse on Human-Centered Artificial Intelligence in
Educational Technologies, Technology Innovation Management Review 11 (2021) 5–16. doi:10.
22215/timreview/1438.

[7] M. Tan, H. Subramonyam, More than model documentation: Uncovering teachers’ bespoke
information needs for informed classroom integration of chatgpt, in: Proceedings of the CHI
Conference on Human Factors in Computing Systems, CHI ’24, Association for Computing
Machinery, New York, NY, USA, 2024. URL: https://doi.org/10.1145/3613904.3642592. doi:10.1145/
3613904.3642592.

[8] E. Fast, E. Horvitz, Long-term trends in the public perception of artificial intelligence, in:
Proceedings of the AAAI Conference on Artificial Intelligence, volume 31, 2017.

[9] L. M. Leisten, N. Caruana, E. S. Cross, Concerns and opportunities of social robots in education: A
multi-stakeholder perspective, 2025. In preparation.

[10] A. Toth, Z. Abraham, V. Zimmermann, Understanding university students’ concerns regarding
automated learning assessment tools, in: Adjunct Proceedings of the 32nd ACM Conference on
User Modeling, Adaptation and Personalization, UMAP Adjunct ’24, Association for Computing
Machinery, New York, NY, USA, 2024, p. 195–200. URL: https://doi.org/10.1145/3631700.3664881.
doi:10.1145/3631700.3664881.

[11] X. Zhou, J. V. Brummelen, P. Lin, Designing ai learning experiences for k-12: Emerging works,
future opportunities and a design framework, arXiv preprint (2020). arXiv:2009.10228.

[12] D. Touretzky, C. Gardner-McCune, C. Breazeal, F. Martin, D. Seehorn, A year in k-12 ai education,
AI Magazine 40 (2019) 88–90.

[13] H.-L. E. G. on Artificial Intelligence, A definition of ai: Main capabilities and scientific disciplines,
2019.

[14] T. Lintner, A systematic review of AI literacy scales, npj Science of Learning 9 (2024) 50. URL:
https://www.nature.com/articles/s41539-024-00264-4. doi:10.1038/s41539-024-00264-4.

66

https://unesdoc.unesco.org/ark:/48223/pf0000376709
https://www.edtechstrategylab.org/s/2024_Deep-Dive-I_Evaluation-Mechanisms_EdTech-Strategy-Lab.pdf
https://www.edtechstrategylab.org/s/2024_Deep-Dive-I_Evaluation-Mechanisms_EdTech-Strategy-Lab.pdf
http://dx.doi.org/10.1007/978-3-031-36272-9_13
http://dx.doi.org/10.22215/timreview/1438
http://dx.doi.org/10.22215/timreview/1438
https://doi.org/10.1145/3613904.3642592
http://dx.doi.org/10.1145/3613904.3642592
http://dx.doi.org/10.1145/3613904.3642592
https://doi.org/10.1145/3631700.3664881
http://dx.doi.org/10.1145/3631700.3664881
http://arxiv.org/abs/2009.10228
https://www.nature.com/articles/s41539-024-00264-4
http://dx.doi.org/10.1038/s41539-024-00264-4


Luca M. Leisten et al. CEUR Workshop Proceedings 60–69

[15] D. Long, B. Magerko, What is ai literacy? competencies and design considerations, in: Proceedings
of the 2020 CHI Conference on Human Factors in Computing Systems, ACM, Honolulu, HI, USA,
2020, pp. 1–16. doi:10.1145/3313831.3376727.

[16] OECD, Empowering learners for the age of AI: An AI literacy framework for primary and secondary
education (Review draft), Technical Report, Paris, 2025. URL: https://ailiteracyframework.org/
wp-content/uploads/2025/05/AILitFramework_ReviewDraft.pdf, review draft.

[17] M. C. Laupichler, A. Aster, J. Schirch, T. Raupach, Artificial intelligence literacy in higher and
adult education: A scoping literature review, Computers and Education: Artificial Intelligence 3
(2022) 100101. doi:10.1016/j.caeai.2022.100101.

[18] O. Karaca, S. A. Çalışkan, K. Demir, Medical artificial intelligence readiness scale for medical
students (mairs-ms) – development, validity and reliability study, BMC Medical Education 21
(2021) 112. doi:10.1186/s12909-021-02546-6.

[19] A. Vazhayil, R. Shetty, R. R. Bhavani, N. Akshay, Focusing on teacher education to introduce ai in
schools: Perspectives and illustrative findings, in: 2019 IEEE Tenth International Conference on
Technology for Education (T4E), 2019, pp. 71–77. doi:10.1109/T4E.2019.00021.

[20] J. D. Rodríguez-García, J. Moreno-León, M. Román-González, G. Robles, Introducing artificial intel-
ligence fundamentals with learningml: Artificial intelligence made easy, in: Eighth International
Conference on Technological Ecosystems for Enhancing Multiculturality, TEEM’20, Association
for Computing Machinery, New York, NY, USA, 2021, p. 18–20. URL: https://doi.org/10.1145/
3434780.3436705. doi:10.1145/3434780.3436705.

[21] R. Williams, H. W. Park, C. Breazeal, A is for artificial intelligence: The impact of artificial
intelligence activities on young children’s perceptions of robots, in: Proceedings of the 2019 CHI
Conference on Human Factors in Computing Systems, 2019, pp. 1–11.

[22] S. Druga, S. T. Vu, E. Likhith, T. Qiu, Inclusive ai literacy for kids around the world, in: Proceedings
of FabLearn 2019, 2019, pp. 104–111.

[23] T. Hitron, Y. Orlev, I. Wald, A. Shamir, H. Erel, O. Zuckerman, Can children understand machine
learning concepts? the effect of uncovering black boxes, in: Proceedings of the 2019 CHI Conference
on Human Factors in Computing Systems, 2019, pp. 1–11.

[24] Y. Gil, Teaching big data analytics skills with intelligent workflow systems, in: Proceedings of the
AAAI Conference on Artificial Intelligence, volume 30, 2016.

[25] J. Piaget, L’équilibration des structures cognitives, PUF, Paris, 1975.
[26] S. Papert, Mindstorms: Children, Computers, and Powerful Ideas, Basic Books, New York, 1980.
[27] E. K. Ackermann, Constructing knowledge and transforming the world, in: A Learning Zone of

One’s Own: Sharing Representations and Flow in Collaborative Learning Environments, volume 1,
2004, pp. 15–37.

[28] T. Belpaeme, Advice to new human-robot interaction researchers, in: C. Jost, B. L. Pévédic,
T. Belpaeme, C. Bethel, D. Chrysostomou, N. Crook, M. Grandgeorge, N. Mirnig (Eds.), Human-
Robot Interaction, Springer International Publishing, Cham, 2020, pp. 355–369. doi:10.1007/
978-3-030-42307-0_14.

[29] E. S. Cross, R. Ramsey, Mind meets machine: Towards a cognitive science of human–machine
interactions, Trends in Cognitive Sciences 25 (2021) 200–212. doi:10.1016/j.tics.2020.12.
008.

[30] O. Mubin, C. J. Stevens, S. Shahid, A. A. Mahmud, J.-J. Dong, A review of the applicability of robots
in education, Journal of Technology in Education and Learning 1 (2013) 13.

[31] K. J. Rohlfing, N. Altvater-Mackensen, N. Caruana, R. van den Berghe, B. Bruno, N. F. Tolksdorf,
A. Hanulíková, Social/dialogical roles of social robots in supporting children’s learning of language
and literacy—a review and analysis of innovative roles, Frontiers in Robotics and AI 9 (2022)
971749. doi:10.3389/frobt.2022.971749.

[32] T. Belpaeme, J. Kennedy, A. Ramachandran, B. Scassellati, F. Tanaka, Social robots for education:
A review, Science Robotics 3 (2018) eaat5954. doi:10.1126/scirobotics.aat5954.

[33] H. Woo, G. K. LeTendre, T. Pham-Shouse, Y. Xiong, The use of social robots in classrooms: A
review of field-based studies, Educational Research Review 33 (2021) 100388. doi:10.1016/j.

67

http://dx.doi.org/10.1145/3313831.3376727
https://ailiteracyframework.org/wp-content/uploads/2025/05/AILitFramework_ReviewDraft.pdf
https://ailiteracyframework.org/wp-content/uploads/2025/05/AILitFramework_ReviewDraft.pdf
http://dx.doi.org/10.1016/j.caeai.2022.100101
http://dx.doi.org/10.1186/s12909-021-02546-6
http://dx.doi.org/10.1109/T4E.2019.00021
https://doi.org/10.1145/3434780.3436705
https://doi.org/10.1145/3434780.3436705
http://dx.doi.org/10.1145/3434780.3436705
http://dx.doi.org/10.1007/978-3-030-42307-0_14
http://dx.doi.org/10.1007/978-3-030-42307-0_14
http://dx.doi.org/10.1016/j.tics.2020.12.008
http://dx.doi.org/10.1016/j.tics.2020.12.008
http://dx.doi.org/10.3389/frobt.2022.971749
http://dx.doi.org/10.1126/scirobotics.aat5954
http://dx.doi.org/10.1016/j.edurev.2021.100388
http://dx.doi.org/10.1016/j.edurev.2021.100388


Luca M. Leisten et al. CEUR Workshop Proceedings 60–69

edurev.2021.100388.
[34] I. Leite, C. Martinho, A. Paiva, Social robots for long-term interaction: A survey, International

Journal of Social Robotics 5 (2013) 291–308. doi:10.1007/s12369-013-0178-y.
[35] J. Rosén, J. Lindblom, E. Billing, The social robot expectation gap evaluation framework, in:

International Conference on Human-Computer Interaction, Springer International Publishing,
Cham, 2022, pp. 590–610.

[36] L. M. Leisten, N. Caruana, E. S. Cross, Teachers perceive distinct competency profiles in soft and
hard social robots for supporting learning, https://doi.org/10.31219/osf.io/zvkbp_v1, 2025. Preprint,
April 14, 2025.

[37] A. Henschel, G. Laban, E. S. Cross, What makes a robot social? a review of social robots from
science fiction to a home or hospital near you, Current Robotics Reports 2 (2021) 9–19. doi:10.
1007/s43154-020-00035-0.

[38] A. M. Harris-Watson, L. E. Larson, N. Lauharatanahirun, L. A. DeChurch, N. S. Contractor, Social
perception in human-ai teams: Warmth and competence predict receptivity to ai teammates,
Computers in Human Behavior 145 (2023) 107765. doi:10.1016/j.chb.2023.107765.

[39] M. Suguitan, G. Hoffman, Blossom: A handcrafted open-source robot, ACM Transactions on
Human-Robot Interaction (THRI) 8 (2019) 1–27. doi:10.1145/3300189.

[40] C. Vandevelde, F. Wyffels, B. Vanderborght, J. Saldien, Do-it-yourself design for social robots: An
open-source hardware platform to encourage innovation, IEEE Robotics & Automation Magazine
24 (2017) 86–94. doi:10.1109/MRA.2016.2636363.

[41] B. K. M. K. Pedersen, E. Marchetti, A. Valente, J. Nielsen, Fabric robotics: Lessons learned
introducing soft robotics in a computational thinking course for children, in: International
Conference on Human-Computer Interaction, Springer International Publishing, Cham, 2020, pp.
499–519.

[42] A. Jackson, N. Mentzer, J. Zhang, R. Kramer, Enhancing student motivation and efficacy through
soft robot design, in: 2017 ASEE Annual Conference & Exposition, 2017.

[43] D. Scaradozzi, L. Sorbi, A. Pedale, M. Valzano, C. Vergine, Teaching robotics at the primary
school: An innovative approach, Procedia - Social and Behavioral Sciences 174 (2015) 3838–3846.
doi:10.1016/j.sbspro.2015.01.1121.

[44] L. M. Leisten, R. Moffat, N. Caruana, E. S. Cross, Social robots as a tool for probing children’s
understanding of ethical and safe ai, 2025. In preparation.

[45] Code.org, How Artificial Intelligence Works, 2025. URL: https://code.org/de/curriculum/
how-artificial-intelligence-works, curriculum.

[46] J. Kulik, J. D. Fletcher, Effectiveness of Intelligent Tutoring Systems: A Meta-Analytic Review,
Review of Educational Research 86 (2015). doi:10.3102/0034654315581420.

[47] W. Ma, O. O. Adesope, J. C. Nesbit, Q. Liu, Intelligent tutoring systems and learning outcomes: A
meta-analysis, Journal of Educational Psychology 106 (2014) 901–918. doi:10.1037/a0037123,
place: US Publisher: American Psychological Association.

[48] A. Whitelock-Wainwright, D. Gašević, R. Tejeiro, Y.-S. Tsai, K. Bennett, The student expectations
of learning analytics questionnaire, Journal of Computer Assisted Learning 35 (2019) 633–666.

[49] K. Sun, A. H. Mhaidli, S. Watel, C. A. Brooks, F. Schaub, It’s my data! tensions among stakeholders
of a learning analytics dashboard, in: Proceedings of the 2019 CHI Conference on Human Factors
in Computing Systems, CHI ’19, Association for Computing Machinery, New York, NY, USA, 2019,
p. 1–14. URL: https://dl.acm.org/doi/10.1145/3290605.3300824. doi:10.1145/3290605.3300824.

[50] A. Toth, N. Roch, N. Zufferey, V. Zimmermann, "I would share it, but...” Exploring Ways to Optimize
the Privacy-Personalization Trade-Off in Intelligent Tutoring Systems, in: Artificial Intelligence in
Education, Springer Nature Switzerland, Cham, 2025.

[51] H. Nissenbaum, A Contextual Approach to Privacy Online, Daedalus 140 (2011) 32–48. URL:
https://doi.org/10.1162/DAED_a_00113. doi:10.1162/DAED\_a\_00113.

[52] B. Knijnenburg, E. Raybourn, D. Cherry, D. Wilkinson, S. Sivakumar, H. Sloan, Death to the Privacy
Calculus?, 2017. URL: https://papers.ssrn.com/abstract=2923806. doi:10.2139/ssrn.2923806.

[53] B. P. Knijnenburg, R. G. Anaraky, D. Wilkinson, M. Namara, Y. He, D. Cherry, E. Ash, User-

68

http://dx.doi.org/10.1016/j.edurev.2021.100388
http://dx.doi.org/10.1016/j.edurev.2021.100388
http://dx.doi.org/10.1007/s12369-013-0178-y
https://doi.org/10.31219/osf.io/zvkbp_v1
http://dx.doi.org/10.1007/s43154-020-00035-0
http://dx.doi.org/10.1007/s43154-020-00035-0
http://dx.doi.org/10.1016/j.chb.2023.107765
http://dx.doi.org/10.1145/3300189
http://dx.doi.org/10.1109/MRA.2016.2636363
http://dx.doi.org/10.1016/j.sbspro.2015.01.1121
https://code.org/de/curriculum/how-artificial-intelligence-works
https://code.org/de/curriculum/how-artificial-intelligence-works
http://dx.doi.org/10.3102/0034654315581420
http://dx.doi.org/10.1037/a0037123
https://dl.acm.org/doi/10.1145/3290605.3300824
http://dx.doi.org/10.1145/3290605.3300824
https://doi.org/10.1162/DAED_a_00113
http://dx.doi.org/10.1162/DAED_a_00113
https://papers.ssrn.com/abstract=2923806
http://dx.doi.org/10.2139/ssrn.2923806


Luca M. Leisten et al. CEUR Workshop Proceedings 60–69

Tailored Privacy, in: B. P. Knijnenburg, X. Page, P. Wisniewski, H. R. Lipford, N. Pro-
feres, J. Romano (Eds.), Modern Socio-Technical Perspectives on Privacy, Springer Interna-
tional Publishing, Cham, 2022, pp. 367–393. URL: https://doi.org/10.1007/978-3-030-82786-1_16.
doi:10.1007/978-3-030-82786-1\_16.

[54] L. Longin, D. M. Briceno, O. Poquet, The power of conversation: Learners become more cautious
sharing learning data after a group discussion, in press. (2025).

[55] C. M. University, Cognitive Tutor Authoring Tools (ctat), 2025. URL: https://www.cmu.edu/simon/
open-simon/toolkit/tools/learning-tools/ctat.html.

[56] M. Beardsley, J. Martínez Moreno, M. Vujovic, P. Santos, D. Hernández-Leo, Enhancing consent
forms to support participant decision making in multimodal learning data research, British Journal
of Educational Technology 51 (2020) 1631–1652. URL: https://bera-journals.onlinelibrary.
wiley.com/doi/abs/10.1111/bjet.12983. doi:https://doi.org/10.1111/bjet.12983.
arXiv:https://bera-journals.onlinelibrary.wiley.com/doi/pdf/10.1111/bjet.12983.

[57] M. M. Knepp, Using questions to improve informed consent form reading behavior in students,
Ethics Behavior 28 (2018) 560–577. doi:10.1080/10508422.2017.1320665.

[58] HolonIQ, Artificial Intelligence in Education. 2023 Survey Insights, 2023. URL: https://www.holoniq.
com/notes/artificial-intelligence-in-education-2023-survey-insights.

[59] O. Zawacki-Richter, V. I. Marín, M. Bond, F. Gouverneur, Systematic review of research on artificial
intelligence applications in higher education – where are the educators?, International Journal of Ed-
ucational Technology in Higher Education 16 (2019) 39. URL: https://educationaltechnologyjournal.
springeropen.com/articles/10.1186/s41239-019-0171-0. doi:10.1186/s41239-019-0171-0.

[60] F. Faruqe, R. Watkins, L. Medsker, Competency model approach to ai literacy: Research-based
path from initial framework to model (2021). URL: http://arxiv.org/abs/2108.05809. doi:10.48550/
arXiv.2108.05809, arXiv:2108.05809 [cs].

[61] S. Isotani, I. I. Bittencourt, G. C. Challco, D. Dermeval, R. F. Mello, Aied unplugged: Leapfrog-
ging the digital divide to reach the underserved, in: N. Wang, G. Rebolledo-Mendez, V. Dim-
itrova, N. Matsuda, O. C. Santos (Eds.), Artificial Intelligence in Education. Posters and Late
Breaking Results, Workshops and Tutorials, Industry and Innovation Tracks, Practitioners,
Doctoral Consortium and Blue Sky, Springer Nature Switzerland, Cham, 2023, p. 772–779.
doi:10.1007/978-3-031-36336-8_118.

[62] C. Portela, P. Palomino, G. Challco, Sobrinho, T. Cordeiro, R. Mello, D. Dermeval, I. Bittencourt,
S. Isotani, Ai in education unplugged support equity between rural and urban areas in brazil, in:
Proceedings of the 13th International Conference on Information Communication Technologies
and Development, ICTD ’24, Association for Computing Machinery, New York, NY, USA, 2025, p.
143–154. URL: https://dl.acm.org/doi/10.1145/3700794.3700810. doi:10.1145/3700794.3700810.

69

https://doi.org/10.1007/978-3-030-82786-1_16
http://dx.doi.org/10.1007/978-3-030-82786-1_16
https://www.cmu.edu/simon/open-simon/toolkit/tools/learning-tools/ctat.html
https://www.cmu.edu/simon/open-simon/toolkit/tools/learning-tools/ctat.html
https://bera-journals.onlinelibrary.wiley.com/doi/abs/10.1111/bjet.12983
https://bera-journals.onlinelibrary.wiley.com/doi/abs/10.1111/bjet.12983
http://dx.doi.org/https://doi.org/10.1111/bjet.12983
http://arxiv.org/abs/https://bera-journals.onlinelibrary.wiley.com/doi/pdf/10.1111/bjet.12983
http://dx.doi.org/10.1080/10508422.2017.1320665
https://www.holoniq.com/notes/artificial-intelligence-in-education-2023-survey-insights
https://www.holoniq.com/notes/artificial-intelligence-in-education-2023-survey-insights
https://educationaltechnologyjournal.springeropen.com/articles/10.1186/s41239-019-0171-0
https://educationaltechnologyjournal.springeropen.com/articles/10.1186/s41239-019-0171-0
http://dx.doi.org/10.1186/s41239-019-0171-0
http://arxiv.org/abs/2108.05809
http://dx.doi.org/10.48550/arXiv.2108.05809
http://dx.doi.org/10.48550/arXiv.2108.05809
http://dx.doi.org/10.1007/978-3-031-36336-8_118
https://dl.acm.org/doi/10.1145/3700794.3700810
http://dx.doi.org/10.1145/3700794.3700810

	1 Introduction
	2 The State-of-the-Art of AI literacy education
	3 Use case 1: Social robots for primary and secondary education
	3.1 Curriculum example

	4 Use case 2: Intelligent Tutoring System for higher education
	5 Discussion

