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Abstract

With artificial intelligence (AI) topics entering computer science
school curricula, there is a growing need for instructional approach-
es that support the teaching of data-related concepts and practices.
In academic Al and data science programs, an established teach-
ing and learning method is the data case study. However, despite
its widespread adoption, reports on its didactic development in
school settings are lacking. This article presents findings from a
research project that theoretically and empirically identified the
challenges of implementing the data case study in schools. Based
on these findings, the method was further developed for secondary
education. The result is a specification of the data case study as an
action-oriented, learner-centered approach aligned with the goals
of Al education in schools and designed to promote data-based
judgment and problem-solving skills.
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1 Introduction

The data case study is a learner-centered, action-oriented instruc-
tional method widely used in academic education on artificial intel-
ligence (AI) and data science [14, 30, 57].! University students work
on data cases by applying theoretical knowledge of data concepts
and practices to real-world datasets in authentic scenarios, thereby
developing data-based judgment and problem-solving skills [19].

!Wright et al. provide illustrative examples (e.g., “Predicting Annual Air Pollution”) in
[57].
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This process helps students internalize the fundamental role of data
in Al systems, especially those that employ machine learning (ML)
methods. Similarly, school education on Al prioritizes cultivating
a fundamental understanding of data and strengthening students’
ability to make data-based decisions and solve problems. Accord-
ing to the authors’ national educational standards for secondary
school education for computer science (CS), students should, for
example, be able to describe the influence of the training data used
when applying a ML method [11]. Given these learning objectives,
the question arises whether the data case study can be fruitfully
adapted as an instructional method for teaching Al in secondary
school CS education.

The case study is already established as a teaching and learn-
ing method for fostering problem-solving skills in CS lessons [15].
However, the data case study represents a more complex form of
learning, and its use in schools is likely to pose challenges that
require careful consideration. For example, academic data cases de-
mand extensive programming skills [30] and are time-consuming
to prepare [19]. In secondary schools, however, many students lack
the programming skills needed to work with data, and teachers
have limited time for lesson planning.

To balance its potential with school-specific challenges, we adapt-
ed the data case study for use in secondary school CS education
following the design-based research approach. In the process, we
addressed two research questions:

RQ1: What challenges should be considered to fruitfully imple-
ment the data case study in CS lessons on the topic of AI?

RQ2: How can the data case study be adapted to address the
identified challenges and meet the objectives of CS education on
the topic of AI?

In the next sections, we outline the theoretical background, the
methodology and the results of the research process. This work
makes a twofold contribution: In addition to the theory-based and
empirical adaptation of the data case study as a teaching and learn-
ing method, we provide examples of data cases for CS education
that were tested under real school conditions.

2 Theoretical Background

Data is a central topic in CS education in schools (see, for instance,
[4]) and is becoming even more relevant with the integration of Al
content into CS curricula. Data is a fundamental component of Al
systems, especially those built with ML methods [59]. To design
and utilize such systems responsibly—competencies that are con-
sidered essential for K-12 education on Al [22, 35, 48]—an advanced
understanding of data practices such as data collection, cleaning,
feature engineering, and data splitting [32] and fundamental data
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concepts such as data-based task, data noise, or data bias [31] is
necessary.

The most common approach to teaching ML topics is reportedly
data-driven [25], i.e., it glassboxes the content related to creating
and labeling datasets to train ML models while blackboxing the
details of the ML algorithms; nevertheless, a recent study found
that the role of data in current teaching approaches has largely
been underestimated [34]. For instance, teaching approaches rarely
address data cleaning, optimization, or visualization practices. At
the same time, scholars emphasize that engaging with data can
create substantial learning opportunities for students to under-
stand Al technologies and develop a greater ownership for learning
[41, 47, 60]. Studies that teach data concepts and practices in the
context of Al education report on successful experiments with un-
plugged approaches [54] and project-based learning in textual [2]
and graphical environments [9, 49].

To inform the design of learning arrangements for Al educa-
tion on data concepts and practices, prior research on data literacy
offers valuable insights [20, p. 5]. Besides providing strong exam-
ples for instructional materials (see, for instance, Bootstrap World
platform [38]), these studies inform about the difficulties of teach-
ing data-related topics. For instance, it is reported that generating
and maintaining motivation and engagement is challenging when
teaching data literacy and data science topics to school students
[21, 43]. The reason is debated—besides the inappropriately selected
context [26], researchers argue that the topic is too complex, stu-
dents lack programming knowledge, and time constraints in schools
make mastering the subject difficult [21]. To overcome these chal-
lenges, researchers recommend grounding learning arrangements
in situated learning theory, an instructional method that integrates
learning with physical objects, social contexts, and environments
[21]. Others suggest employing an active learning approach based
on the constructivist learning theory [10]. Positive effects have
also been reported from teaching with real-life data following the
constructionist approach [40], using low-code or no-code environ-
ments [21] to enable low-floor access for all students, and providing
hands-on and module-based approaches [43].

In academic data science education, where students’ backgrounds
and prior knowledge are also heterogeneous [45, p. 44], an estab-
lished teaching and learning method grounded in the tradition of
situated, active, and constructivist learning is the data case study
(also known as a “case study” or “lab”) [3, 8, 12, 16, 30, 57]. At its
core, it presents students with a specific data case—a description
of a realistic, problematic situation accompanied by a dataset and
an example of how to approach it [3, 30, 57]. Students’ work on a
data case is then structured in various ways. Some educators use
step-by-step instructions [57], while others prefer open tasks and
exercises [16, 19].

Preparing a data case requires significant initial investment in
time and effort, and working with it in academic contexts requires
prior knowledge of statistics and computing [14, p. 11,]. Because
data cases are realistic situations without ideal, clear-cut solutions
[3] and because the students need to absorb subject matter knowl-
edge, statistical concepts, and computing skills simultaneously,
teaching with data case study is challenging [14, p. 6]. Nevertheless,
learning with data cases reportedly has positive effects on students’
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interest, motivation, engagement, knowledge, and skill acquisition
[12, 16, 19, 51].

Reports on the didactic development of the data case study for CS
school education are lacking. However, teaching and learning with
the case study is known [58], although not as widely as in other
science subjects such as chemistry [1] or biology [13]. For instance,
case study is used to teach databases [37]. Since the data case study
represents a more complex form of learning, involving challenges
evident from data science education, the question arises of how the
data case study can be adapted to enrich school education on AL

3 Methodology

Enriching CS school education on Al with the data case study re-
quires balancing potential advantages and challenges. To support
this aim, we formed an expert panel comprising two teachers, both
of whom teach Mathematics and one of whom teaches CS, a do-
main expert, and two researchers in CS education. The team met
regularly over a period of two years and followed the design-based
research approach after Prediger as the methodological framework
[39] to adapt the data case study. The research process consisted
of four closely interlinked phases, which we performed in three
cycles: (1) specifying and structuring the learning objective, (2) (fur-
ther) developing the design, (3) conducting and evaluating design
experiments, and (4) (further) developing local theories.

(1) What should students learn? The first phase involved
specifying the subject matter to be learned. To identify data con-
cepts and practices relevant to teaching Al, we analyzed the subject
literature and Al curricula for schools [31, 32]. From the resulting
collections of concepts and practices, we selected those for the first
research cycle that were also covered in academic data cases (e.g.,
preparing data [57]), further narrowing the selection in the second
cycle.

(2) How should students learn? In the second phase, we itera-
tively developed data cases, resulting in over 20 data cases after two
years of work (see examples? in Table 1). While some requirements
for the design—the importance of cognitive activation of students in
the design of learning-effective activities [18] or the need to address
motivational challenges (see Section 2)—could be derived from the
research, we expected unknown difficulties during implementation.
To identify and tackle these at an early stage, each data case was
developed in four steps: (1) discussion of potential contexts and
challenges among the team of experts, (2) identification of suitable
contexts and datasets and development of a proposal for the data
case by CS education researchers, (3) technical validation of the
proposal by the domain expert, and (4) didactic validation of the
proposal by the teachers.

Potential contexts were drawn from various sources: the domain
expert in the expert group; academic data cases [57]; scientific pub-
lications about Al in the domain literature, such as the overview
provided by Rolnick et al. [44]; popular science literature (e.g., Rex
et al. [42]); teaching materials on data science school education,
such as those provided by the Day of AI program [23]; online re-
sources on Al for professionals, such as online courses [5], tutorials
[50] or books for Al practitioners [24]. The datasets for data cases

2The data cases are being gradually published in a digital repository [33].
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came from local institutions such as the local air quality monitor-
ing network [46], databases for scientific data such as PANGAEA
[36], National Oceanic and Atmospheric Administration [28], Na-
tional Snow and Ice Data Center [29]; research institutions such
as GEOMAR Helmbholtz Centre for Ocean Research; and platforms
specialized in datasets for ML, such as the UCI Machine Learning
Repository [52]. In some data cases, the students collected their
own data or worked with the datasets collected by us. The architec-
ture for the data cases—which is the way of structuring the work
on the data case—was initially derived from academic data cases.
Before implementation in CS lessons, we transformed it based on
the challenges and requirements, as explained in Section 4.1.

(3) How successful is the implementation? The third phase
involved implementing the data case study under real school condi-
tions and identifying further challenges. In this phase, two teachers
from the expert group led a three-month enrichment course that
integrated CS and mathematics, using data cases. The course took
place weekly during regular school hours in a secondary school and
covered topics related to ML with a strong focus on data practices
and concepts. To evaluate the implementation, one CS researcher
and the domain expert participated in the lessons. The study was
coordinated with and approved by the Senate Department for Edu-
cation, Youth, and Family Affairs Berlin and the ethics committee
of the Freie Universitat Berlin. Before starting the research, the
school director, teachers, students, and their guardians were given
comprehensive information about the study to obtain informed
consent for participation.

To investigate challenges and conditions for success, we collected
data on a wide range of direct and indirect indicators, as proposed by
Van Den Akker [53] for research projects focused on development.
First, we measured knowledge among students in weekly pre- and
post-tests, which consisted of single, multiple-choice, and open-
ended questions (e.g., “Briefly describe the creation and evaluation
of a ML model in chronological order. Which steps are carried out in
which order?”). Moreover, we collected data on students’ intrinsic
motivation after working on a data case with a questionnaire on
perceived competency, pleasure, freedom of choice, and pressure,
each consisting of four items [55]. For each item (e.g., “During class,
I was able to approach the work in the way I wanted to.”), the
students selected an answer on a five-point Likert scale (1 — not at
all true, 2 — slightly true, 3 — somewhat true, 4 — mostly true, 5 -
completely true).

Second, CS education researchers observed and videotaped the
lessons. After each lesson, we also conducted semi-structured in-
terviews with teachers. For instance, we asked teachers “What
difficulties did students encounter with teaching and learning ar-
rangement, and how did they overcome them?” (question B5)°.
To identify areas of difficulty for students, we collected student
artifacts such as worksheets every week.

To understand and address the difficulties and success factors
(RQ1), we qualitatively analyzed student artifacts and teacher in-
terviews. The artifacts were coded inductively by a researcher in
the MAXQDA software, focusing on mistakes, and subsequently
summarized as lists of common difficulties. The interviews with

3The interview protocol is available upon request from the first author.
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teachers were transcribed. Then, a CS education researcher iden-
tified text passages in interview transcripts related to questions
on difficulty and success factors and coded them inductively. The
following categories of difficulties emerged while coding: subject-
specific challenges (problems with understanding the data flow
concept—i.e., the complete path of the data from the first to the last
computing unit (called “Widget” in Orange3)—, debugging strategy,
technical nature), pedagogical challenges (problems with learn-
ing speed, learning process, learning control), and domain-specific
challenges (articulation and interpretation of the result). The CS re-
searchers synthesized the results and discussed the findings weekly
within the expert group to ensure validity. We also analyzed the data
from the questionnaires on students’ motivation and knowledge
gains to determine the efficacy of learning with data cases.

(4) Which factors are essential for learning? In the fourth
phase, at the end of each cycle, we retrospectively reflected within
the expert panel on challenges and the effectiveness of the data
case design in supporting student learning. Based on these reflec-
tions, we made decisions about how to revise the data cases for
the next cycle. The reflections were audio-recorded, transcribed,
and analyzed by a CS education researcher with a focus on joint
decisions made regarding the design. Through reflection at the end
of the second and particularly the third cycle, after experimenting
with several approaches—and in accordance with the philosophy of
the design-based research, which postulates that discovery occurs
through change [7, p. 145]—, we were able to formulate the school-
specific elements of the data-case architectures and their effects on
learning (RQ2). The result is a specification of the data case study
as a teaching and learning method that meets the challenges and
goals of CS education on the topic of Al in secondary schools.

4 Results

This section provides an overview of the study participants and
explains the key challenges and coping strategies in the research
development process (Q1). Subsequently, we present insights on
the effectiveness of the data case study and provide its specification
as a teaching and learning method for CS school education (Q2).

Participants. Forty-four students in Grades 9 and 10 participated
in the study: 15 students in the first course (cycle 1: f= 5, m = 8; not
specified = 2; average age = 14.46 years); 13 students in the second
course (cycle 2: f = 4, m = 7; not specified = 2; average age = 14.7
years); 16 students in the third course (cycle 3: f = 4, m = 10, not
specified = 2; average age = 14.72 years). Each course began with
four introductory lessons on the context, continued with lessons
guided by the data case study method, included a two-day field trip
to the GEOMAR Helmholtz Centre for Ocean Research — where the
domain expert works — and concluded with a project assignment.
The first and second courses each lasted 10 weeks (48 lessons of 45
minutes per course). The third course lasted 9 weeks and comprised
46 lessons. In total, students completed 6, 9, and 11 data cases in
the first, second, and third courses, respectively.

4.1 Known and New Challenges

Identifying and overcoming challenges was an iterative process
based on theory and practice. Once known challenges were over-
come, new, more detailed ones arose. The following outlines the
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Table 1: Overview of exemplary data cases in three different architectures. Each data case starts with a description of a
problematic situation, providing context and a question. The data cases are available through the digital repository [33].

Context and Question

Dataset and Data Source

Architecture

Learning Artifact(s)

Data Concepts (C) and
Practices (P)

Biodiversity: What
minimum legal size should
be defined for harvesting
abalones?

Dataset on abalones with
their physical measurements
such as rings, length etc. [27]

Bottom-up: Follow the
step-by-step instructions
with inquiry tasks after
each step.

Paper: Completed workbook
with answered inquiry tasks;
Digital: a data flow in
Orange3

C: Statistic measurements
(mean, median, mode); P:
identify and eliminate
anomalies; interpret statistics;
transform features

Air Pollution: How has air
pollution in Berlin developed
over the past 15 years?

Dataset on air pollution in
Berlin (1993-2025) with
measurements of particulate
matter, ozone levels etc. [46]

Top-down: Start with a
prepared data flow and
work through
interpretation and
reflection tasks.

Paper: Written report on the
results of the data
exploration and data flow
structure

C: Trend analysis, scatter plot,
line plot, data flow stages; P:
interpret plots; describe data
flow phases

Glacier Melt: When will
the Schneeferner glacier
disappear?

Dataset on the total area and
height of the Schneeferner
glacier (1892-2023) [56]

Puzzle-like: Start with a set
of puzzle pieces and work
backwards to determine
the underlying data flow
and widget configurations.

Paper: Poster with the
reconstructed and annotated
data flow including widget
configuration details

C: Data flow, data object,
regression; P: reconstruct the
data flow; examine and
verbalize stages in the data
flow

synthesized results on difficulties and strategies for overcoming
them when adapting the data case study for schools.

1. Subject-specific challenges. As an action-oriented method,
the data case study requires extensive programming skills, par-
ticularly in data manipulation, visualization, and modeling. In CS
school education, we expected students to have little to no prior
competence in these areas. Our expectation was confirmed in first
lessons. The students had heterogeneous programming skills and
little experience in working with data, such as in spreadsheet pro-
grams. To overcome this challenge and address initially known
difficulties such as frustration potential when working with data
known from prior research, we developed highly guided bottom-up
data cases for the intuitive, flow-based environment of Orange3 [6]
in the first cycle. Each data case started with an empty workspace
in Orange3 (Figure 1 left; data case on biodiversity in Table 1) and
guided students step by step through data practices in context. The
evaluation showed that the bottom-up architecture successfully ad-
dressed the initial challenges. All students were able to create data
flows according to instructions. However, the necessary overem-
phasis on the operation of Orange3 in the first cycle caused more
important skills to be neglected, such as reflection on the process
and the transition to the abstract level.

Therefore, in the second cycle, we developed a set of data cases
with a top-down architecture in close alignment with the methodi-
cal approach used in an academic context (Figure 1 center; data case
on air pollution in Table 1). Each data case began with a prepared
data flow, and included a series of interpretation and reflection
tasks. With this, we replaced the step-by-step instructions with a
criteria-based reflection on the process. The weekly work results
and final projects revealed that all students were able to understand,
interpret, and modify prepared data flows and successfully create
their own. However, two new challenges arose: (1) Some students
had difficulty understanding the data flow concept. After the fourth

data case in the second course, the teacher noted: “They also ac-
tively used the help cards for the widgets. [...] But, for example, one
group did not understand how the connection |[...] between the widgets
works, that the data flows from one widget to the next” (T2W5%). (2)
Additionally, students lacked debugging strategies: “They also had
problems with doing this data discovery |[...]. They lack debugging
strategies” (T2W5) .

Both challenges were successfully addressed by explicitly teach-
ing the data flow concept and debugging strategies in the third
course using puzzle-like data cases. In this architecture, students
started with several puzzle pieces (comprising widgets, tables, and
templates for configuring the widgets) for a given context and
worked backwards to determine the underlying data flow and re-
construct widget configurations (Figure 1 on the right, data case on
glacier melt in Table 1). During the reconstruction process, students
intuitively discovered elements that are essential for debugging data
flows (such as the amount of data entering and leaving a widget).

2. Subject-specific pedagogical challenges. In addition to
different prerequisites and subject-specific difficulties, the data case
study must address various educational goals. Teacher interviews
conducted at the beginning of the first cycle showed that meaning-
ful communication among students is a central educational means
and goal. Hence, the data case study as a teaching and learning
method must offer appropriate opportunities. In academic educa-
tion, however, data cases are often designed for individual work,
allowing little exchange [57]. To address this challenge, various
partner and group activities were integrated into the work on data
cases in the first and second cycles (e.g., jigsaw teaching technique).
These measures were partially successful. In partner work, we often
observed exchange between students on the subject matter; group
work, however, was less effective. Teachers criticized that data cases
offer few opportunities for discussion: “Where I really need to say

4Read T2W5 as Cycle 2, Week 5.
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Figure 1: Architecture of a data case: bottom-up (sl ), top-down (Ml ), puzzle-like ( i ).

something to someone else, where I really (...) get into a real conver-
sation” (T1W3). In addition, students worked at different speeds,
and some often had to wait for their team members. In-depth tasks
proved unsuitable as a solution, as it was not the higher-performing
students who were faster, but often the lower-performing peers
who worked superficially. Through the development of a puzzle-
like architecture in which students had to solve the task together,
meaningful communication was successfully implemented in the
third cycle.

3. Domain-specific challenges. To assess the plausibility of a
dataset (e.g., in the context of data bias) or to interpret the results
in context, domain knowledge is required. In academic education,
students receive information material to familiarize themselves
with the domain [30]. However, teachers and students lack the time
to do so. One solution is to choose contexts in which teachers and
students have prior knowledge. We chose the topic “environment,’
which is covered in earlier grades and is personally and socially
relevant. However, it was observed that students’ prior knowledge
was often insufficient to evaluate results in context. Although this
challenge was anticipated and addressed through informational
material, its use in the first cycle proved only moderately successful:
“This idea that I have to incorporate knowledge from previous tasks
into the new task is difficult for me as a student” (TIW3).

In the second cycle, the interpretation tasks were supplemented
with explicit references to the information material (e.g., “Compare
the result with your intuition. If you don’t have any intuition, read
the information sheet on air pollution. State whether you think the
prediction is plausible.”’). Additionally, we created interpretation
cards with criteria for describing the results. These measures were
helpful, with one teacher summarizing: “They [the students] were
able to acquire the prior knowledge via the information cards and
then apply it” (T2ZW5).

4. Design challenges. Some teaching approaches can be devel-
oped by teachers, while others require specialized expertise. One
example is Leitprogramm — a workbook with 50-100 pages that re-
quires professional expertise, didactic imagination, linguistic talent,
and time to create [17]. Data cases are similar.

The central element of a data case is a prepared scenario with an
associated dataset. Research on data science education has shown

that searching for a dataset and preparing it is a time-consuming
task [14]. We confirm this for secondary level education. Although
we limited the context to a subject area for which many datasets
are freely available and for which domain experts could assess the
plausibility of the scenarios and the suitability of the datasets, the
development effort per data case still ranged from 40 to 120 hours.
The search for suitable datasets—well documented, comprehensi-
ble to secondary school students, and meaningful and technically
viable for the data concept or data practice to be taught—was the
most demanding task. Close cooperation between subject didactics,
domain experts, and teachers is therefore essential for the develop-
ment of new data cases. The actual implementation of finished data
cases in the classroom was found to be manageable by the teachers.

4.2 Specification of the Data Case Study as a
Teaching and Learning Method

In addition to the difficulties described above, other school-related
challenges were successfully addressed during the process, includ-
ing hardware limitations for complex data analysis and limited
homework time. In this section, we present insights into the evalu-
ation of the effectiveness of the data case study as a teaching and
learning method, followed by its school-specific characterization
resulting from the research process.

4.2.1 Effectiveness. In all three cycles, we observed that the stu-
dents were dedicated to work on the data cases. According to the
teachers, the students showed endurance and engagement: “Well,
once again, I had the impression that everyone was actually working
and participating” (T3W2int2). The observations from the lessons
and the findings from the teacher interviews are reflected in the
weekly quantitative data on motivation. For instance, in T3W2,
students (n=12) found the learning arrangement mostly interesting
(mean perceived pleasure = 3.73, SD = 0.59). They were fairly sat-
isfied with their performance (mean perceived performance = 3.91,
SD = 0.73), somewhat agreed that they were able to choose from
activities (mean perceived freedom of choice = 3.24, SD = 0.86), and
mostly did not feel under pressure (mean perceived pressure = 2.03,
SD = 0.66).

We noticed positive differences in the pre- and post-knowledge
tests, indicating the knowledge gains among students for all three
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architectures. For example, in T2W2, where 11 students worked on
a top-down data case, the mean score increased from 4.45 (SD = 1.57)
in the pre-test to 6.72 (SD = 1.48) in the post-test, with 8 being a
maximum score. The result of the paired t-test was statistically
significant #(10) = -4.65 (p < 0.0008); Cohen’s d: -1.48). By evaluating
artifacts, we observed that students were able to examine data flow,
identify and articulate its steps, and interpret the results (see Section
4.1). They could also modify the data flows and recognize errors in
them. In the project assignments at the end of each course, most
students could create their own data flows and answer questions
on a given context, though with some errors and scaffolds.

4.2.2  Specification of the data case study for school education. The
data case study is an action-oriented, learner-centered teaching
and learning method. At its core is the work on a data case — a
prepared scenario with an associated dataset. Key components of a
school-specific data case are: (1) the description of a problematic
situation from a context relevant to students; (2) a documented,
real-life, tailored, and, if necessary, didactically enriched dataset
to which selected data concepts and practices can be applied in a
meaningful and technically correct manner; (3) a complete or par-
tially developed data flow with tasks for describing and justifying
the results and tasks for modifying and expanding the data flow,
including ideas for further experiments; (4) a collection of domain
information explicitly embedded in the tasks; (5) information mate-
rial on the data mining tool and the interpretation of the results;
(6) multi-level scaffolding material, learning controls, and exercises.
A data case also includes (7) expected solutions for teachers with
notes on problems in the dataset, prerequisites on the students’
knowledge of the data mining tool, data concepts and practices;
time requirements; and recommendations on social forms.

In schools, the data case is methodically implemented in three
architectures, as presented in Section 4.1: top-down, bottom-up,
and puzzle-like. The bottom-up and top-down architectures have
some similarities to the methodical implementation of data cases
in an academic context (e.g., [57]). A combination of top-down and
puzzle-like architectures addresses many school-specific challenges.

In the bottom-up architecture, students build a data flow step
by step and complete context-related tasks after each step. The
learning artifacts are the data flow and the written analysis of the
findings. This approach is particularly beneficial for high-achieving
and interested students as well as teachers, as it offers a guided intro-
duction to a specific topic (e.g., “exploring data”) and is appropriate
for individual work.

In the top-down architecture, students receive a complete data
flow and are instructed to trace selected data practices and con-
cepts in prepared scenarios and evaluate them according to criteria.
Students work in three steps: (1) describe and interpret the results
of the data flow and compare them with their intuition (in the con-
text of Orange3, this is the work with leaf widgets); (2) examine
intermediate steps and reflect on their significance in the data flow
(in Orange3, this involves examining the preparation widgets that
lead to leaf widgets); and (3) identify phases in the data flow. The
learning artifact is a written report that presents findings from the
data flow and describes its phases. The top-down architecture is
particularly suitable when the goal is to critically reflect on the data
flow and its phases.

Viktoriya Olari and Ralf Romeike

In the puzzle-like data case, students work together without
computers to reconstruct the data flow from given elements. This
architecture is suitable for learning groups with heterogeneous
prior knowledge and is particularly effective when teaching debug-
ging skills required for the independent development of data flows
or practicing meaningful communication and cooperative learning.
The learning artifact is the data flow assembled from parts on a
poster. This architecture can be expanded by using computers to
check the results of the reconstruction.

Teaching and learning with data cases requires sufficient time.
Depending on the architecture and complexity of a data case, the
planned duration should be between one and four 45-minute lessons.
Lessons in which data case study is used for learning are usually
divided into the following phases: (1) preparation of the working
environment; (2) familiarization with the data case and the objec-
tive; (3) meaningful individual/partner/group work on the data
flow, supported by supplementary materials; (4) subject-specific
consolidation of findings (ideally students independently compare
their answers with solution cards, as this allows them to learn at
their own pace); and (5) optional: reflection on the steps in the data
flow.

5 Conclusion

In the research process, we investigated the difficulties of imple-
menting the data case study in secondary school CS education
on the topic of AI (RQ1). Known challenges—such as heteroge-
neous programming and data analysis skills, limited domain knowl-
edge among students and teachers, and low motivation during data
work—were addressed. However, when implemented in school prac-
tice, new difficulties emerged, including a lack of debugging skills,
varying learning speeds, and limited opportunities for meaning-
ful communication. In response to the difficulties, we developed
school-specific architectures for the data cases (RQ2). The results
indicate that the data case study is a suitable instructional method
for secondary school CS education. Its three architectures (top-
down, bottom-up, and puzzle-like) enable students to understand,
evaluate, and apply Al-relevant data concepts and practices in real
and authentic contexts. Thus, the use of this method in CS lessons
on Al can enhance data-based judgment and problem-solving skills.
Future research could broaden the focus beyond environmental
contexts to other domains shaped by Al technologies and investi-
gate the implementation of teaching and learning with data cases
in larger student cohorts.
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