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Abstract
Curricula around the world have started to include content related
to artificial intelligence (AI) in their agendas. Although this process
is timely and important, it is also challenging because the elabora-
tion of the AI field for K–12 remains ongoing. Current efforts often
underappreciate the critical role of data literacy for AI 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 AI edu-
cation, we conducted a comprehensive theoretical analysis of the
data science and AI 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 (AI), 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 AI 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

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 AI education [24]. Through a comprehensive analysis
of the data literacy, data science, and AI 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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Collect  
data

TASK UNDERSTANDING 

Data-based task
•	description
•	regression
•	classification
•	detection

•	localization
•	generation
•	association 
(clustering)

•	filtering (recom-

mendation)
•	information 
extraction

•	question 
answering

•	reasoning

•	decision-making
•	search
Data stakeholder

•	producer
•	agent
•	user

Data modality
•	tabular data
•	image data
•	text data
•	graph data
•	time series data

•	audio data
•	video data
•	geo-spatial 
data

Success criteria
•	Risk assess-
ment

•	“Do not harm” 
principle

DATA EXPLORATION

Raw data
Data noise

•	missing data
•	redundant / dupli-
cate data

•	wrong data
Data provenance

•	data licence
•	data ownership
•	metadata
Dataset com

position
•	typical entry
•	outlier
•	data distribution
•	mean
•	median
•	mode
•	correlation
•	skew
•	variance
•	standard deviation
•	sample size

•	population
Data analysis

•	univariate analyis
•	bivariate analysis
•	multivariate analysis
Data visualization

•	boxplot
•	distribution plot
•	scatter plot
•	line plot 
•	bar plot
•	heatmap

DATA PRE-PROCESSING 

Data cleaning
•	values imputation
•	duplicates removal
•	missing values pre-
diction

•	Tokenization
•	Stemming

•	Stop words removal
•	Data restauration
•	Grayscaling
•	Bias correction
Data labeling

•	(un-)labeled data
•	label quality
•	labeling error
•	labeling strategy

•	annotator
•	interpersonal validity
Data augmentation

•	Basic data manipu-
lation

•	Synthetic data gener-
ation

•	Rebalancing

DATA QUALITY CONTROL

Data bias
•	representation bias

•	measurement bias
•	historical bias
•	omitted variable bias

Data reliability
Data fidelity
Data validity

DATA CONSTRUCTION 

Feature
•	discrete feature
•	continuous feature
•	complex feature
Feature characteristic

•	informative feature

•	discriminating feature
•	independent feature
•	irrelevant feature
•	redundant feature
Feature representa-
tion

•	Feature vector

•	Feature space
Feature engineering

•	Feature selection
•	Feature extraction
•	Feature transforma-
tion

•	Feature reduction

DATA STORAGE 

Data format
•	structured 
data

•	unstructured 
data

•	semi-struc-
tured data
Data storage

•	dataset
•	relational 
database

•	non-relational 
database

•	cloud data 
storage

•	distributed 
storage sys-
tem
Database 
management 
system

MODEL IMPLEMENTATION

In machine 
learning:
Target feature
Data split

•	training data
•	validation 
data

•	testing data
•	source data

•	target data 
Advanced 
data struc-
tures

•	array
•	list
•	stack
•	queue
•	tree

In knowl-
edge-based 
systems:
Knowledge 
elicitation
Knowledge 
interpretation
nowledge for-
malization

•	predicate
•	function

•	constant
•	axiom
•	query
•	fact
Data version-
ing
Model ver-
sioning

MODEL EVALUATION

Baseline
Hypothesis 
testing
Performance 
metric

•	accuracy 

•	precision
•	recall
•	F1-score
•	mean-abso-
lute error

•	root mean-

squared error
•	purity
•	entropy
Data fit

•	overfitting
•	underfitting
Performance 

visualization
•	confusion 
matrix

•	heatmap
Explainability

•	feature im-
portance

DATA COLLECTION

Primary data
Secondary data
Crowdsourcing
Scrapping
Crawling
Surveys and polls
Artificially generated 
data
Sensor generated data
Third-party data
Historical data

MODEL DEPLOYMENT

Unseen / real-world data
•	adversarial data
•	data from a different 
distribution

Data processing mode
•	real-time processing
•	batch processing
Data processing pipeline

MODEL MONITORING

Error analysis
•	data drift
•	data misfit

Data maintanance
Human-in-the-loop user 
feedback
Retraining

DATA SHARING / ARCHIVING / DELETION

Data documen-
tation
Data-related 
legal regula-
tions
Data security

Data protection
Data privacy

•	personal data
•	sensitive data
•	data trace
•	Data leakage

Long-term data 
storage
Data card
Permanent 
deletion

Understand  
the task

Implement  
solution

Prepare  
data

Share / delete 
/ archive data

Understand  
data

Deploy and 
monitor

Evaluate
performance

Figure 1: Data concepts form the basis of a shared vocabulary [26].
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Share data.
 » Accompany the dataset with 

documentation. 
 » Ensure that the data is trans-

ferred and treated securely.
 » Select an appropriate data 

license if the data is to be 
published.

Archive data.
 » Select an appropriate medi-

um for long-term data storage.
 » Accompany the data with 

documentation.
 » Ensure data protection if 

the dataset contains sensitive 
information.

Delete data.
 » Ensure that the data is per-

manently deleted.

Understand the needs of 
stakeholders.

 » Identify the needs of data 
producers, data agents, and 
data users.

Analyze the task of the project.
 » Understand which data is 

needed to solve the task.
 » Understand whether data is 

available or can be collected 
to solve the task.
 » Determine if AI technologies 

can add value to solving the 
problem by identifying proj-
ects that use similar data to 
solve similar tasks.
 » Analyze real-world con-

straints to collecting, manag-
ing, and storing the data.

 » Formalize the task in a prob-
lem statement, taking into 
consideration stakeholders’ 
needs and the data available.

Create a dataset.
 » Choose a data source and 

collection technique
Repurpose or access a 
third-party dataset.

 » Check the data ownership 
and license.
 » Merge data from different 

sources.

the data modality.
 » Select an appropriate strate-

gy for data preparation.
Decide on how to store and 
access data.

 » Select a storage type de-
pending on the nature of the 
data.
 » Establish secure access to 

data.

Describe data.
 » Find the documentation for 

the dataset, including the 
description of its collection 
purpose and instruments.
 » Document data provenance.

Explore data.
 » Conduct exploratory data 

analysis.
 » Understand typical data 

entries.
 » Explore patterns in the 

dataset.
 » Visualize the data.
 » Formulate a hypothesis.

Verify data quality.
 » Check data reliability, data 

 » Check for potential biases 
in data.
 » Detect outliers, duplicates, 

errors.

Clean data.
 » Correct outliers and errors.
 » Remove duplicates.

Pre-process data. 
 » Lemmatize, tokenize textual 

data.
 » Rescale image data.

Label data.
 » Establish consensus labels.
 » Use crowdsourcing or other 

strategies to label data.
 » Ensure interpersonal validity 

between annotators.
Augment data.

 » Perform basic data manipu-
lations.
 » Create synthetic data.
 » Perform upsampling or 

undersampling.
Engineer features.

 » Transform features.
 » Perform feature selection.
 » Perform a reduction of 

samples.

Create a solution using ma-
chine learning.

 » Check the data for assump-
tions about the model.
 » Establish the ground truth.
 » Split data.
 » Use data to train the model.
 » Use data to test the model.

Control data and model ver-
sions.

 »
the data is undergoing in each 
iteration.
 » Document which model and 

parameters are selected.

Prepare evaluation data.
 » Generate adversarial sam-

ples.
Select an evaluation metric.

 » Choose the appropriate 
evaluation metric based on 
the model and task.

Interpret the model output.
 » Compare the result to the 

ground truth.
 »
 » Visualize feature importance.
 » Explain what features are 

most important and why.
 » Interpret performance 

 » Accept or reject the hypoth-
esis.

Understand problems and 
initiate improvements.

 »

Prepare infrastructure for pro-
cessing of unseen data.

 » Establish a data processing 
pipeline.
 » Select a data processing mode.
 » Create a reporting system.

Collect unseen data entered 
into the system.

 » Ensure the security of storing 
the unseen data.
 » Preprocess the data upon 

collection.
Analyze the performance of 
the model on unseen data.

 » Analyze errors. 
 » Check the unseen data on 

the data drift.
Initiate improvement.

 » Collect more data.
 » Select another pre-process-

ing strategy.
 » Rebalance data.
 » Retrain the model with 

unseen data.

Understand  
the task

Collect  
data

Implement  
solution

Prepare  
data

Share , delete, 
archive data

Understand  
data

Deploy and 
monitor

Evaluate
performance

Figure 2: Data practices form the basis for defining competencies [27].

students should learn to design computational systems—not to
develop market-ready software products, but to understand how
such systems work. Therefore, knowing and understanding the
concepts is not sufficient; engaging in the practices is essential.
Figure 2 illustrates 28 data practices (and 69 subpractices) that
materialize the data-related concepts for teachers in practice and
can be used to specify skills.

4 The Data Case Study as Pedagogy
How can data-related concepts and practices be introduced in com-
puter science school education on AI? In academic education in AI
and data science, where the teaching of data concepts and practices
naturally occurs, an established pedagogical method is the data
case study (also known as a “case study” or “lab”). This method
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CHITECTURE

BOTTO M-UP

2. Go through the 
technical  
implementation.

3. Complete small, inquiry-based tasks. 

Task: Look at the scatter plots.  
Summarize your impression of the trend and any 
anomalies.

2. Interpret the data 
flow results.

Protocol:

Protocol:

Info cards: w17, w18

Compare your solutions with those on the tea-
cher‘s table and correct any mistakes!

A2 Provide a meaningful heading for branch 2.

3. Determine the role of data 
practices in achieving the result.

2. Examine the set of puzzle pieces (consisting of widgets, data overviews, 
templates for configuring the widgets).

3. Collaboratively reconstruct the underlying data flow.

1. Repeat the data practice or 
become an expert in it.

AR

CHITECTURE
P UZZLE

1. Start with the prepared data flow.AR

CHITECTURE

TO P-D O WN

1

Erledigt?

Get an overview of the data set.

Drag  Data Table onto the worksurface and connect the output of 
  Datasets to the input of  Data Table.

10‘

Task 9.  

The data set comprises measurements of  ________ sea snails, 
known as abalone, and is structured in ________ Scolumns. The 
columns represent different  _________________  of the abalone. 
We have data on the following attributes::
1. _________________________
2. _________________________
3. _________________________
4. _________________________
5. _________________________
6. _________________________
7. _________________________
8. _________________________
9. _________________________
Each _______________ contains measurements for exactly one 
abalone.

Shucked weight 

Shell weight 

Viscera weight  

Shucked weight 

Look at the data on abalones using  Data Table and fi ll in the gaps.

4.1  What is the purpose of  
Select Columns? 
And the  Edit Domain at 
this point?

1. Describe the goal.

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 AI 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 AI. 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.

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