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Abstract

Curricula around the world have started to include content related
to artificial intelligence (Al) in their agendas. Although this process
is timely and important, it is also challenging because the elabora-
tion of the Al field for K-12 remains ongoing. Current efforts often
underappreciate the critical role of data literacy for Al education.
If the goal is to enable students to understand how AI systems
work and what their implications are, they must understand what
data underpins these systems and how that data is collected and
processed. To advance knowledge about data literacy in Al edu-
cation, we conducted a comprehensive theoretical analysis of the
data science and Al fields, which led to creating a model of key
data-related practices and a collection of key data-related concepts.
Using a design-based research process, we also developed a peda-
gogy for educating K-12 students about data: the data case study.
The collection and the model equip teachers with a map and a
shared vocabulary. The resulting pedagogy provides them with
practical ways to help students develop a conceptual understanding
and agency.
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1 Introduction

Due to advances in artificial intelligence (Al), data-driven systems
are becoming a focal point of computer science school education
[11, 36]. Young people use systems that learn from data and con-
tribute to them as data producers [6]. Accordingly, computer sci-
ence school education should prepare them for a life with such
systems. This task is challenging because little is known about
how young people learn about data in the context of data-driven,
opaque, and stochastic Al systems [38]. As data is a fundamental
component of data-driven systems, data literacy [30, 40], statistical
literacy [33], data management education [8], and transformative
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data agency[37] can provide a stable foundation for AI education,
both conceptually and pedagogically.

2 Related Work

Almost all literature in computer science education research has fo-
cused on teaching and learning about classical, rule-based systems
and computational thinking [38]. Extensive research within and
outside computer science education has addressed the computer
science concepts to be taught [5, 32], the design of learning envi-
ronments, the difficulties involved, and the scaffolding methods
[9, 10]. However, suggestions related to teaching about data-driven
systems are only starting to emerge. Extensive work has been done
from the content perspective, namely, the question “What should
be learned?” [18, 21, 34, 35]. However, previous work has largely
underestimated the role of data literacy [25]. Pedagogical mod-
els [14, 38], studies of young people’s preconceptions and ideas
[19, 20, 22], and reports from the development of teaching materi-
als [2, 15, 17, 39] have provided little insight into what should be
learned about data and how. The difficulties students face when
learning about data in context of data-driven systems, the effects
of the teaching methods used, the cognitive load, or the learning
processes initiated remain largely unknown.

3 Data Concepts and Data Practices as Shared
Vocabulary

In our prior work, we contributed to clarifying the data literacy per-
spective for Al education [24]. Through a comprehensive analysis
of the data literacy, data science, and Al fields, we identified 28 data
practices and 133 data concepts that are essential for understanding
data-driven systems [26, 29].

Knowing data concepts is essential for communicating about
data-driven systems. Just as describing a cell and its functions in
biology lessons requires students to become familiar with a set
of terms and understand their meanings (e.g., nucleus, Golgi ap-
paratus, etc.), describing data-driven systems requires students to
understand the types of data-based tasks that systems can perform
(e.g., classification, regression), the data formats they use (e.g., tabu-
lar, time series, image), how and where data is stored (e.g., datasets
and databases), the types of data problems that occur (e.g., out-
liers, and missing data), how the data is transformed (e.g., cleaning
and feature engineering), and how it is used to solve a task (e.g.,
data flow, training, validation, and testing data). Students must also
understand how the model results are tested and interpreted (e.g.,
performance metrics, underfitting, and overfitting) [28]. Figure 1
provides an overview of the full list of data concepts.

The goal of computer science education has always been to
facilitate not only conceptual understanding but also agency. School
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Figure 1: Data concepts form the basis of a shared vocabulary [26].
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Figure 2: Data practices form the basis for defining competencies [27].

students should learn to design computational systems—not to 4 The Data Case Study as Pedagogy

develop market-ready software products, but to understand how How can data-related concepts and practices be introduced in com-
such systems work. Therefore, knowing and understanding the puter science school education on AI? In academic education in Al
concepts is not sufficient; engaging in the practices is essential. and data science, where the teaching of data concepts and practices
Figure 2 illustrates 28 data practices (and 69 subpractices) that naturally occurs, an established pedagogical method is the data
materialize the data-related concepts for teachers in practice and case study (also known as a “case study” or “lab”). This method

can be used to specify skills.
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Figure 3: Three architectures of the data case study method: bottom-up, top-down and puzzle-like [28, 29]. The examples above
are implemented in the open-source, flow-based data mining environment Orange3 [4].
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is grounded in the tradition of constructivist, active, and situated
learning [3, 7, 12, 13, 23, 41] and requires students to solve a data
case: an authentic problematic situation accompanied by a dataset.
In the process, students apply the data concepts and practices taught
in lectures, thereby developing data-based judgment and problem-
solving skills [16]. Although several researchers in school education
on data literacy and Al have used data cases for teaching (e.g., [1]),
they have not adapted them to school specific requirements. The
cases are code- and text-heavy and require a significant amount
of time and prior knowledge to complete. School teaching, how-
ever, requires the consideration of school-specific demands such
as rigid time constraints and heterogeneous knowledge of compu-
tational concepts among school students. Thus, it can be assumed
that school teachers will reject the data case study that has not
been explicitly adapted as a teaching and learning method for AI
school education due to its impracticability.

After clarifying the technical, practical, and didactic challenges,
we adapted the data case study method from academic data science
education for computer science school classes [28]. In a three-cycle
design-based research project, we tested and further refined the
method in cooperation with computer science teachers, experts
in the field of data science, and 44 students in grades 9 and 10 in
Germany. During the research process, which included quantitative
analyses of teaching quality, student knowledge, and motivation,
as well as qualitative evaluation of audio and video data from the
classroom, we identified three types—or architectures—of the data
case study that address subject-specific and didactic requirements,
while taking school challenges into account: top-down, bottom-up,
and puzzle-like. Figure 3 summarizes three architectures.

Our work has demonstrated that students exhibit moderate to
high levels of motivation when working with the data case study.
However, their understanding of data concepts and practices, com-
municative participation, perceived difficulty, and evaluation of
teaching quality vary significantly depending on the architecture
[29].

5 Current Work

In our current work, we are developing empirically based architec-
ture profiles regarding the objectives of computer science education
on data. Based on previous research, we are following the conjecture
mapping approach outlined by Sandoval [31] to further develop lo-
cal learning theories on teaching and learning about data in context
of computer science school education on Al. Based on our prior
work, we assume the following:

(1) The puzzle-like architecture contributes to a deep under-
standing of data concepts and data practices, as well as to a
high level of communicative participation, but is associated
with high cognitive load and low motivation.

(2) Bottom-up and top-down architectures are associated with
low communicative participation and contribute to the abil-
ity to evaluate and design data-driven systems. Motivation
is higher and cognitive load is lower with bottom-up archi-
tecture than with top-down architecture.

(3) Students can only evaluate and design data-driven systems if
they have a comprehensive understanding of data concepts
and data practices throughout the data lifecycle.

CHI *26, April 13, 2026, Barcelona, Spain

During the workshop, we will discuss the ongoing research
project and share insights from our previous work.
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