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Data concepts & practices Summary





At least 6 compulsory hours / week

At least 4 compulsory hours / week

At least 1 compulsory hour / week

Offered at individual school types or in 
individual grades

No courses offered

Compulsory Computer 
Science Education 
starting in Grade 5

228h / year

https://informatik-monitor.de/2024-25

Context



AI topics are entering 
formal school education.

for 5th
graders

Core curriculum for secondary level I – grades 5 and 6 in North Rhine-
Westphalia (2021)

Context

Machine Learning with decision trees and 
neuronal networks



Schwill (1994)

Denning (2003)

Motivation
Teaching should focus on key 
concepts and practices of CS.



Conceptualisation is still ongoing! 

Touretzky et al. (2019)

Tedre et al. (2021)

Michaeli et al. (2022)

SEAME
Waite et al. (2023)

Motivation



The role of data is 
underestimated.
Olari & Romeike (2021)

Conceptualisation is still ongoing! 



Motivation
The key role of data

In order to understand, evaluate, use responsibly, 
and design such systems, an 

understanding of data is necessary.

Zha et al. 2023, 
Jakubik et al. 2024
Ali et al. 2023



In order to understand, evaluate, use responsibly, 
and design such systems, an 

understanding of data is necessary.

Data conceptsClassification

Target

Training data
Test data

Overfitting

Data provenance

Data practices

Feature collect

clean

preprocess

construct features

repurpose

evaluate
train

test
store

Zha et al. 2023, 
Jakubik et al. 2024
Ali et al. 2023

Data quality

Motivation
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Data concepts & practices

What are the key data-
related concepts and 
practices in context of AI 
that school students need 
to know?
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4 Steps for identification of concepts & practices
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Methodology
4 Steps for identification of concepts & practices

conceptualise 



Concepts in sciences

Concepts are described as systematic mental 
representations of the real world. 

Kampourakis (2018)

unobservable
(e.g., ”atom”)

relate to a 
process (e.g., 
”photosynthesis”)

observable (e.g., 
”mountain”)



conceptualise 

align

corroborate

analyse

Term used to describe a specific process, 
an observable, or unobservable entity 
related to data in one of the stages of the 
data-driven lifecycle.
Olari & Romeike (2024)

Methodology
4 Steps for identification of concepts

video [88], and graph data [68]. Other types of data common in practice
are time series and geo-spatial data [89]. An essential idea suggested by
practitioners is that the choice of data modality, defined as a particular
way or mechanism of encoding information [90], influences the

selection of data cleaning and pre-processing methods. For example,
when working with image data, machine learning techniques require
images to be rescaled and pixel values to be represented as vectors
before the data can be processed by the algorithm.

Fig. 2. Overview of the key data-related concepts for creating AI systems along the data lifecycle.

V. Olari and R. Romeike Computers�and�Education�Open�7��������100196�
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Unobservable (e.g., data modality)

Relate to a process 
(e.g., data augmentation)

Observable (e.g., 
training data) …
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Practices in sciences

Practices are actions performed by scientists to build 
up knowledge. 

Costa & Broietti (2023)

Planning and carrying out 
investigations.

Developing and using 
models.



conceptualise 

align

corroborate

analyse

A practice is an action performed on data 
or with data in mind in one of the stages of 
the data-driven lifecycle.
Olari & Romeike (2024)

Methodology
4 Steps for identification of practices

train a model with 
the training data

split a dataset
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Methodology
4 Steps for identification of concepts & practices

conceptualise 

align

corroborate

analyse

CS Teachers

ResearchersDomain 
Experts



28 key data-related practices
>> 69 examples of subpractices for use in CS education

8 stages

An 8-stages process modelResults



8 stages

An 8-stages process modelResults

key data-related practice

examples of subpractices



A collection of 
133 data-related 
concepts
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A collection of 
133 data-related 
concepts

An 8-stages 
process model

+

How can I use it when specifying what to teach?
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Go backwards and 
use the collection as 
orientation.
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What terms should my 
students be able to operate 
with?
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… describe how to 
design an AI system.
OECD (2025)

Go backwards and 
use the model as 
orientation.

Which practices should my 
students understand?
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… describe how to 
design an AI system.
OECD (2025)

Perform feature selection.

Label data.

Verify data quality.

Create a dataset.

Use training data to 
train the model.

Generate adversarial 
data to test robustness.

Classification

Training & testing data

Feature 
selection
Feature 
Target

Label
Sample size

Adversarial data

The student should be 
able to operate with the 
following vocabulary:

The student should demonstrate 
understanding of the following practices:



https://doi.org/10.1016/j.caeo.2024.100196 https://doi.org/10.1145/3677619.367811

To understand such systems, you have to 
understand data.
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Can be used by teachers / 
curriculum developers as 
a guide when specifying 
competencies.

Can be used as a foundation 
for a common language 
when teaching about data-
driven systems.

Take away so far

A collection of 
concepts

A process model
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science teachers in addressing 
these additional aspects of data 
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erfassen

be
re

in
ig

en

evaluieren

teste

n

speichern

Zielvariable
Tr

ai
ni

ng
sd

at
en Te

st
da

te
n

Merkm

al

Da
te

nq
ua

lit
ät

Nolan & Speed (2001)
Chkoniya (2021)
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der Domäne

Veranschaulichung 

The data case study
An established method in data science education

How will particulate 
matter pollution 
develop in Berlin over 
the next 10 years?

Guidance through the 
data-driven lifecycle 
using real data as an 
example



Situated learning
Hoffer (2020)

Active learning
Herreid (2011)

Constructivist 
learning
Gill (2011), Hoffer (2020)

Positive effect on
- Interest
- Motivation
- Increase in 
knowledge and skills
Lasser (2021)
Toogood (2023)

The data case study
Learning theory perspective



Lack of domain 
knowledge

Lack of programming 
skills The time for 

preparing the data 
cases is limited.

The data case study
School-specific challenges in the transfer process



Research Questions

What challenges need to be considered in order to effectively 
use the data case study as a teaching and learning method in 
computer science lessons on the topic of “AI”?



Research Questions

How must the data case study be adapted as a teaching and 
learning method in order to overcome the challenges identified 
and meet the objectives of computer science education on the 
topic of “AI”?

What challenges need to be considered in order to effectively 
use the data case study as a teaching and learning method in 
computer science lessons on the topic of “AI”?



Methodology



2 Teachers 
(CS, Mathematics)

2 
CS Researchers

1 
Domain Expert

Expert Team
Methodology



(Prediger 2012)

Design-based research

Methodology



(Prediger 2012)Design-based 
research



(Prediger 2012)

+ school-specific challenges 

and goals

+ assumptions on how to 

support learning

Design-based 
research



Text-based

Flow-basedWidget

Data flow
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(Prediger 2012)Design-based 
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+ school-specific challenges 

and goals

+ assumptions on how to 

support learning



Interviews 
with teachers

What difficulties did students 
experience with the data case, 
and how did they overcome 
them?
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Design-based 
research



48h, 15 St. 48h, 13 St. 46h, 16 St.

Design-based 
research



School-specific data 
case study in 3 
architectures

Results



enables students using a real world data case
The school-specific data case study

to go through the 
data-driven lifecycle 
and discover insights 
from each step.

... to reflect on 
data practices 
and concepts in a 
criteria-guided 
manner.

… develop data-
based problem-
solving and 
judgment skills.
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Lack of domain 
knowledge

Lack of programming 
skills The time for 

preparing the data 
cases is limited.

The data case study
School-specific challenges in the transfer process
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Learning products are the data flow and
the written interpretation of findings 
derived from the stages of the data-
driven lifecycle.

Bottom-Up



Bottom-Up Top-Down Puzzle-like

Three Architectures



Overemphasis on the 
operating skills of Orange3

Geschichte zu erzählen der Datenfallstudien, die erste Dastellen darstellen, chematisch die erste, zweite und dritte

Challenges

There is no reflection on 
the data-driven lifecycle.

Bottom-Up



3. Examine the scatter plots. 
Summarize your impressions of the 
trend and any notable features.

A3: Give the branch a meaningful 
phase heading.

Top-Down

Which 
information is 
stored in your 
dataset?

Do you see any 
anomalies in your 
dataset?

What do the scatter 
plots show? Can you 
identify any trends?

Particulate Matter PM10

Particulate Matter PM2.5

NOx

Particulate Matter first 200 
values

Particulate Matter starting 
in 2000



Interpretation of findings from the data-driven 
lifecycle (from the leaf nodes)

Top-Down
Investigate leaf widgets

Task Sheet 2: What is the meaning of the widgets in 
the branches, and what is the meaning of the 
branches for the data-driven process?

Observations

Investigate branch widgets
Observations

Description of the stages 
in the data-driven 
lifecycle



Bottom-Up Top-Down Puzzle-like

Three Architectures



Students lack basic 
debugging skills.

Challenges

Top-Down
Data case studies offer 
few opportunities for 
exchange, “Where I 
really need to say 
something to someone 
else, where I really (...) 
get into a real 
conversation.” (S1T1W3)



Puzzle-like



Learning artifact: reconstructed data flow

Puzzle-like



Bottom-Up Top-Down Puzzle-like

Summary



Challenges
Lack of programming experience Yes Yes Yes
Reflection on the process No Yes Yes
Lack of debugging skills No No Yes
… … … …
Data concepts and practices Introduction to a 

data practice or 
data concept

Phases in 
the data 
flow, 
reflection 
on this

Data flow,
debugging 
flows

Bottom-Up Top-Down Puzzle-like



https://computingeducation.de



Top-Down

The data case study

Bott
om-U

p
Puzzle-like

Summary

Adapting a method takes time and is 

challenging. Along the way, we have 

discovered new ways to teach about data.
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Data concepts      practices

Can be used as a guide when specifying competencies.Can be used as a foundation for a 

common language when teaching about 

data-driven systems.

Context &
Motivation

AI content is entering 
formal education.



Sources

Core curriculum for secondary level I – grades 5 and 6 in North Rhine-Westphalia (2021), https://lehrplannavigator.nrw.de/system/files/media/document/file/si_kl5u6_if_klp_2021_07_01.pdf. 

Peter J. Denning. 2003. Great principles of computing. Commun. ACM 46, 11 (November 2003), 15–20. https://doi.org/10.1145/948383.948400

Andreas Schwill. 1994. Fundamental Ideas of Computer Science. (1994). Retrieved from http://ddi.cs.uni-potsdam.de/Forschung/Schriften/EATCS.pdf

David Touretzky, Christina Gardner-McCune, Fred Martin, and Deborah Seehorn. 2019. Envisioning AI for K-12: What Should Every Child Know about AI? In Proceedings of the AAAI Conference on Artificial Intelligence, July 17, 2019. 
9795–9799. https://doi.org/10.1609/aaai.v33i01.33019795

Matti Tedre, Peter Denning, and Tapani Toivonen. 2021. CT 2.0. In Proceedings of the 21st Koli Calling International Conference on Computing Education Research (Koli Calling ’21), November 2021. Association for Computing 
Machinery, New York, NY, USA, 1–8. https://doi.org/10.1145/3488042.3488053

Tilman Michaeli, Ralf Romeike, and Stefan Seegerer. 2022. What Students Can Learn About Artificial Intelligence – Recommendations for K-12 Computing Education. In Towards a Collaborative Society Through Creative Learning, 
2022. Springer Nature Switzerland, Cham, 196–208. https://doi.org/10.1007/978-3-031-43393-1_19

Jane Waite, Ethel Tshukudu, Veronica Cucuiat, Robert Whyte, and Sue Sentance. 2023. Towards a Framework for Learning Content Analysis in K-12 AI/ML Education. In 2023 IEEE Frontiers in Education Conference (FIE), October 18, 
2023. IEEE, College Station, TX, USA, 1–5. https://doi.org/10.1109/FIE58773.2023.10343368

Viktoriya Olari and Ralf Romeike. 2021. Addressing AI and Data Literacy in Teacher Education: A Review of Existing Educational Frameworks. 2021. Association for Computing Machinery, Virtual Event, Germany, Article 17. 
https://doi.org/10.1145/3481312.3481351

Daochen Zha, Zaid Pervaiz Bhat, Kwei-Herng Lai, Fan Yang, and Xia Hu. 2023. Data-centric AI: Perspectives and Challenges. In Proceedings of the 2023 SIAM International Conference on Data Mining (SDM), Shashi Shekhar, Zhi-Hua 
Zhou, Yao-Yi Chiang and Gregor Stiglic (eds.). Society for Industrial and Applied Mathematics, Philadelphia, PA, 945–948. https://doi.org/10.1137/1.9781611977653

Johannes Jakubik, Michael Vössing, Niklas Kühl, Jannis Walk, and Gerhard Satzger. 2024. Data-Centric Artificial Intelligence. Bus Inf Syst Eng (March 2024). https://doi.org/10.1007/s12599-024-00857-8

Sajid Ali, Tamer Abuhmed, Shaker El-Sappagh, Khan Muhammad, Jose M. Alonso-Moral, Roberto Confalonieri, Riccardo Guidotti, Javier Del Ser, Natalia Díaz-Rodríguez, and Francisco Herrera. 2023. Explainable Artificial Intelligence 
(XAI): What we know and what is left to attain Trustworthy Artificial Intelligence. Information Fusion 99, (November 2023), 101805. https://doi.org/10.1016/j.inffus.2023.101805

Kostas Kampourakis. 2018. On the Meaning of Concepts in Science Education. Sci & Educ 27, 7–8 (October 2018), 591–592. https://doi.org/10.1007/s11191-018-0004-x

Viktoriya Olari and Ralf Romeike. 2024. Data-related concepts for artificial intelligence education in K-12. Computers and Education Open 7, (December 2024), 100196. https://doi.org/10.1016/j.caeo.2024.100196

Sandro Costa and Fabiele Broietti. 2023. What are scientific practices and why are they relevant in science education? Revista Brasileira de Ensino de Ciência e Tecnologia 16, (January 2023), 1–22. 
https://doi.org/10.3895/rbect.v16n1.14897

https://lehrplannavigator.nrw.de/system/files/media/document/file/si_kl5u6_if_klp_2021_07_01.pdf
https://doi.org/10.1145/948383.948400
http://ddi.cs.uni-potsdam.de/Forschung/Schriften/EATCS.pdf
http://ddi.cs.uni-potsdam.de/Forschung/Schriften/EATCS.pdf
http://ddi.cs.uni-potsdam.de/Forschung/Schriften/EATCS.pdf
https://doi.org/10.1609/aaai.v33i01.33019795
https://doi.org/10.1145/3488042.3488053
https://doi.org/10.1109/FIE58773.2023.10343368
https://doi.org/10.1016/j.inffus.2023.101805
https://doi.org/10.1007/s11191-018-0004-x
https://doi.org/10.1007/s11191-018-0004-x
https://doi.org/10.1007/s11191-018-0004-x
https://doi.org/10.1007/s11191-018-0004-x
https://doi.org/10.1007/s11191-018-0004-x
https://doi.org/10.1007/s11191-018-0004-x
https://doi.org/10.1007/s11191-018-0004-x
https://doi.org/10.1016/j.caeo.2024.100196
https://doi.org/10.3895/rbect.v16n1.14897
https://doi.org/10.3895/rbect.v16n1.14897


Sources (continued)

Viktoriya Olari and Ralf Romeike. 2024. Data-related practices for creating Artificial Intelligence systems in K-12. Proceedings of the 19th WiPSCE Conference on Primary and Secondary Computing Education Research, Article 5. 
Retrieved from https://doi.org/10.1145/3677619.3678115

OECD. 2025. Empowering learners for the age of AI: An AI literacy framework for primary and secondary education (Review draft). OECD, Paris. Retrieved from https://ailiteracyframework.org

Orit Hazzan and Koby Mike. 2024. Guide to teaching data science: an interdisciplinary approach. Springer, Cham.

Yim Register and Amy J. Ko. 2020. Learning Machine Learning with Personal Data Helps Stakeholders Ground Advocacy Arguments in Model Mechanics. In Proceedings of the 2020 ACM Conference on International Computing 
Education Research, August 10, 2020. ACM, Virtual Event New Zealand, 67–78. https://doi.org/10.1145/3372782.3406252

Chantel Ridsdale, James Rothwell, Mike Smit, Michael Bliemel, Dean Irvine, Daniel Kelley, Stan Matwin, Brad Wuetherick, and Hossam Ali-Hassan. 2015. Strategies and Best Practices for Data Literacy Education Knowledge Synthesis 
Report. (2015). https://doi.org/10.13140/RG.2.1.1922.5044

Deborah Ann Nolan and Terry Speed. 2001. Stat labs: mathematical statistics through applications (Corr. 2. print ed.). Springer, New York Berlin Heidelberg.

Valentina Chkoniya. 2021. Success Factors for Using Case Method in Teaching Applied Data Science Education. European Journal of Education 4, 1 (April 2021), 77–86. https://doi.org/10.26417/236hbm84v

Carrie Wright, Qier Meng, Michael R. Breshock, Lyla Atta, Margaret A. Taub, Leah R. Jager, John Muschelli, and Stephanie C. Hicks. 2024. Open Case Studies: Statistics and Data Science Education through Real-World Applications. 
Journal of Statistics and Data Science Education (2024), 1–30. https://doi.org/10.1080/26939169.2024.2394541

Erin Rae Hoffer. 2020. Case-based Teaching: Using Stories for Engagement and Inclusion. 2, 2 (2020), 75–80.

T. Grandon Gill. 2011. Informing with the case method: a guide to case method research, writing, & facilitation. Informing Science Press, Santa Rosa.

Clyde Freeman Herreid. 2011. Case study teaching. New Drctns for Teach & Learn 2011, 128 (December 2011), 31–40. https://doi.org/10.1002/tl.466

Jana Lasser, Debsankha Manik, Alexander Silbersdorff, Benjamin Säfken, and Thomas Kneib. 2021. Introductory data science across disciplines, using Python, case studies, and industry consulting projects. Teaching Statistics 43, S1 
(July 2021). https://doi.org/10.1111/test.12243

Claire Toogood. 2023. Supporting students to engage with case studies: a model of engagement principles. Educational Review (November 2023), 1–15. https://doi.org/10.1080/00131911.2023.2281227

Susanne Prediger, Michael Link, Renate Hinz, Stephan Hussmann, Bernd Ralle, and Jörg Thiele. 2012. Lehr-Lernprozesse initiieren und erforschen. Fachdidaktische Entwicklungsforschung im Dortmunder Modell. Der 
mathematische und naturwissenschaftliche Unterricht 65, 8 (2012), 452–457.

https://ailiteracyframework.org/
https://ailiteracyframework.org/


Die 
Luftqualität in 
Berlin

Heft № 1

 ISSN 3052-8348
 ISSN 3052-833X

Datenfallstudie für den 
Informatikunterricht

zum Thema Daten und 
Künstliche Intelligenz

Mit Daten zur 
Luftqualität des Berliner 

Luftgütemessnetzes 
von 1993 bis 2025, 

Arbeitsblättern, Lösungen 
und Hintergrund-

informationen

Data-related concepts 
and practices for 
AI education in K-12
Viktoriya Olari  | 14.10.2025

regression
classification

forecasting

dataset

provenance

EDA

feature

target

training &
test data

ad
ve

rs
ar

ia
l 

da
ta

accuracy

overfitting

leakage
data

Raspberry Pi 
Foundation 
Research Seminar


