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Why data awareness? Background and Motivation

Koubek/Kurz (2007) (in a theory paper) present five problems that teachers face in the classroom in relation to

‘Informatics, People and Society' (IPS)

The competency area “IPS" explores the interrelationships and interactions between technology, individuals, and society.
It explores how computation influences and is influenced by social, ethical, and cultural factors.

| Lukas Hoper and Carsten Schulte 3
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Why data awareness? Background and Motivation

Koubek/Kurz (2007) (in a theory paper) present five problems that teachers face in the classroom in relation to
‘Informatics, People and Society’ (IPS):

1. lack of methodological knowledge

2. lack of subject knowledge

3. lack of teaching material on IPS content

4. lack of integrations to other topics in informatics lessons
5. perception of IPS as the responsibility of other subjects

| Lukas Hoper and Carsten Schulte 4
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Why data awareness? Background and Motivation

Koubek/Kurz (2007), local empirical study in Master thesis by Marcus Baurichter (2025, n=34 teachers)
Teaching Issues regarding 'Informatics, People and Society' (IPS):

(some) lack of methodological knowledge

laek-of subject knowledge

(some) lack of teaching material on IPS content

lack of integrations to other topics in informatics lessons
perception of IPS as the responsibility of ethersubjects informatics
Still: IPS is the first to be dropped when facing time constraints.

What and how to assess?

N oA wWwN =

| Lukas Hoper and Carsten Schulte 5
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Why data awareness? Background and Motivation

Koubek/Kurz (2007), local empirical study in Master thesis by Marcus Baurichter (2025, n=34 teachers)
Teaching Issues regarding 'Informatics, People and Society' (IPS):

(some) lack of methodological knowledge
laek-of subject knowledge
(some) lack of teaching material on IPS content

lack of integrations to other topics in informatics lessons — (—— P D 3'
perception of IPS as the responsibility of ethersubjects informatics ro a |
Still: IPS is the first to be dropped when facing time constraints. — Projekt Data Science und Big Data in der Schule
What and how to assess?

N oA wWwN =

| Lukas Hoper and Carsten Schulte 6
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We use various digital systems in everyday life

4

) e =
JJ
E

Search Results from Recommendations News Feeds in Social  Answers from Digital
a Search Engine in Streaming Services Media Applications  Assistants and Chatbots

%—/

Data play an essential role in these technologies!

| Lukas Hoper and Carsten Schulte 8
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Example: What do you see here as a user?

Select all images with

C O

,Google reCAPTCHA Image Challenge” from
Google (CC BY 4.0 via Google Cloud)

| Lukas Hoper and Carsten Schulte
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I'm not a robot e

reCAPTCHA

Privacy - Terms

,Google reCAPTCHA v2 Example” from Google
(CCBY 4.0 via r Dey r



https://developers.google.com/recaptcha/docs/versions?hl=de
https://developers.google.com/recaptcha/docs/versions?hl=de
https://cloud.google.com/recaptcha/docs/choose-key-type?hl=de
https://cloud.google.com/recaptcha/docs/choose-key-type?hl=de

(L prpeseony . 4‘”’!4.

Example: What do you see here as a data-aware
person?

Select all images with
cars

I'm not a robot e

reCAPTCHA

Privacy - Terms

,Google reCAPTCHA v2 Example” from Google
(CCBY 4.0 via r Dey r

,Google reCAPTCHA Image Challenge” from
Google (CC BY 4.0 via Google Cloud)

| Lukas Hoper and Carsten Schulte 10
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Example: What do you see here as a data-aware
person?

Which data is collected in the “image selection” type?
* The selected images (here with cars) are collected as data

How and for which purposes are these data used?
 Distinguishing human and bots (primary purpose)
« Training ML models for image recognition (secondary purpose)

What is about the ,I'm not a robot” type? cho
* The users' interaction behaviours (mouse movements) are tracked .Google reCAPTCHA Image Challenge” from
.. cp - . . Google (CC BY 4.0 via Google Cloud)
 Distinguishing human and bots (probably in a more robust way) (primary
purpose) ~
* Unclear, but one could imagine many things... (secondary purpose) I'm not a robot

reCAPTCHA

(Use may go much beyond the context: e.g., Google had a project for using such reCAPTCHA data for

equipping drones in military contexts to recognize humans (see e.g., Shane & Wakabayashi 2018)) /Google reCAPTCHA v2 Example” from Google >>

(CCBY 4.0 via G_o_o_g_le_)io@elelgp_e_s)
| Lukas Hoper and Carsten Schulte 4
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What did we do here?

ol sioezsom .

Example: What do you see here as a user? data-aware

PECa 1 collected in the “image islection” type?
= The selected images (here with cars] are collected as data

How and for which purposes are these data used?
* Distngueshing human and bots (primany purpace)
+  Trairereg ML models for image recognition {secondany papoRE)

What is about the _I"'m not a robot™ type?

= The users’ inferaction behaviours (mouse movemsents] are tracked

+ Distngueshing human and bats (probabdy ina moee robust way) (primary : ’
purpaLr) o

¢ Unclear Bt o Conibd immging many things.  (Leoamiany puipons) E——

S 34 Plhur sy o s Byt the comiewt @ 0. Googhe Bad & progect or weing wech reCAPTCHA Sabs lor

bt S A ” I':‘::::":::ﬂ‘:ﬁ"‘!_“:i‘m‘”"‘”?‘""‘“"‘"“"“i'-"‘"“""""““"“"’““"" e e FP
<
Description from the perspective of using these Description with focus on the role of data in
digital technologies. Probably the most these digital technologies (data-aware
common perspective in everyday situations. perspective).
| Lukas Hoper and Carsten Schulte 12 >
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Different roles in interactions with data-driven technologies

Student as a
user of digital
artifacts

| Lukas Hoper and Carsten Schulte

continuum of different roles

___________________________

Interactions E .
“

<

4

<

E 0] e
e’¢

ol

Data-driven
technologies

Student as a
designer of
digital artifacts

Similar ideas can be foun
in the computationalqs
empowerment approach

* AN

g
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Supporting students in becoming more informed and empowered

This work » continuum of different roles

starts here
/ Student as a

designer of

Interactions E digital artifacts
)

4 ) :
1 ©

Student as a
user of digital
artifacts e

Skills and knowledge 2 :
to understand and Data-driven Skills and
reflect on data-driven technologies k.nowledge to
technologies design data-driven

technologies

11T - onalqg
empowerment approach 4

| Lukas Hoper and Carsten Schulte
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Students my be hindered from using the concepts learned in class

Are students curious to understand the role of data in data-driven technologies they use in everyday life?

» We surveyed school students

 Results indicate moderate motivation and intention to engage with the inner workings (focused on the role of
data)

« Many students want rather just using these technologies instead of taking a CS-informed perspective in daily
interactions with data-driven technologies

This raises the question:
Even if students learn about data and ML concepts, does it help them in everyday situations?

Hoper, L., Schulte, C., & Mihling, A. (2024). Students’ Motivation and Intention to Engage
with Data-Driven Technologies from a CS Perspective in Everyday Life. Proceedings of the }
2024 Innovation and Technology in Computer Science Education V. 1 (ITICSE 2024), 7. 15 }

| Lukas Hoper and Carsten Schulte | 1.1145/3649217 3653625 4
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Developing Data Awareness

Explanatory
model as a lens
(“on the world")

Goal: Empowered citizen Data-driven
(incl. being informed and reflected technologies
about data-driven technologies)

Hoper, L., Schulte, C., & Mihling, A. (2024). Learning an Explanatory Model of Data-Driven }

Technologies can Lead to Empowered Behavior: A Mixed-Methods Study in K-12 Computing >
| Lukas Héper and Carsten Schulte Education. Proceedings of the 2024 ACM Conference on International Computing Education ~ 16

Research - Volume 1 (ICER 2024), 326-342. 4
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Explanatory model about the role of data in data-driven technologies
(one possible lens) (e.g, Hoper et al., 2024)

Interaction System

%:D

Data-Driven
Technology

Human

Data-Driven Technologies can Lead to Empowered Behavior: A Mixed-Methods
Study in K-12 Computing Education. Proceedings of the 2024 ACM Conference 17
on International Computing Education Research — V. T (ICER 2024), 326-342. 4

Hoper, L., Schulte, C., & Muhling, A. (2024). Learning an Explanatory Model of }

| Lukas Hoper and Carsten Schulte
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Explanatory model about the role of data in data-driven technologies
(one possible lens) (e.g, Hoper et al,, 2024)

Interaction System

%:D

Explicitly collected data is intentionally
provided by the users
Implicitly collected (and inferred) data is

collected through observation and tracking,
. Explicit and Implicit and derived and inferred with different
Data Collection techniques alongside the interaction

Data-Driven Technologies can Lead to Empowered Behavior: A Mixed-Methods
| Lukas Hoper and Carsten Schulte Study in K-12 Computing Education. Proceedings of the 2024 ACM Conference 18
on International Computing Education Research — V. T (ICER 2024), 326-342. 4

Hoper, L., Schulte, C., & Muhling, A. (2024). Learning an Explanatory Model of }
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Explanatory model about the role of data in data-driven technologies
(one possible lens) (e.g, Hoper et al,, 2024)

Interaction System

%:D

Data-Driven
Technology

Explicit and Implicit
Data Collection

| Lukas Hoper and Carsten Schulte

Using the Data and
Data Models

Data Processing

M, (€.8., Using ML Methods)

Data models are, e.g., ML models or
user models

We focus on data models about users
(e.g., for predicting behaviours)

Based on explicitly and implicitly
collected data and may include
sensible information even if not
provided by the users themselves

Generation and Use
of Data Models

(e.g., ML Models or User Models)

Hoper, L., Schulte, C., & Muhling, A. (2024). Learning an Explanatory Model of }
Data-Driven Technologies can Lead to Empowered Behavior: A Mixed-Methods }
Study in K-12 Computing Education. Proceedings of the 2024 ACM Conference 19

on International Computing Education Research — V. T (ICER 2024), 326-342. 4
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Explanatory model about the role of data in data-driven technologies

(one possible lens) (e.g, Hoper et al,, 2024)

Underlying for the data-driven practices:
* Primary purposes: providing different

Primary and

features and generate outputs during
Interactions

Secondary purposes: additional
intentions beyond the immediate
output generation (e.g., targeted
advertising, influencing users’
behaviours)

................. e e e e e e e e e e e e e
Explicit and Implicit :
Data Collection

| Lukas Hoper and Carsten Schulte

Using the Data and
Data Models

Data Processing

. y, (e.g., Using ML Methods)

Secondary Purposes

Generation and Use

of Data Models
(e.g., ML Models or User Models)

Hoper, L., Schulte, C., & Muhling, A. (2024). Learning an Explanatory Model of
Data-Driven Technologies can Lead to Empowered Behavior: A Mixed-Methods
Study in K-12 Computing Education. Proceedings of the 2024 ACM Conference 20
on International Computing Education Research — V. T (ICER 2024), 326-342.

g
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Explanatory model about the role of data in data-driven technologies

(one possible lens) (e.g, Hoper et al., 2024)
Reflecting on the Role of Data

<

Interaction System

%:D

Data-Driven
Technology

. Explicit and Implicit

Using the Data and
Data Models

Data Processing

M, (€.8., Using ML Methods)

: Primary and _
: Secondary Purposes :

Generation and Use

of Data Models
(e.g., ML Models or User Models)

—- Data Collection

| Lukas Hoper and Carsten Schulte

Hoper, L., Schulte, C., & Muhling, A. (2024). Learning an Explanatory Model of }
Data-Driven Technologies can Lead to Empowered Behavior: A Mixed-Methods }
Study in K-12 Computing Education. Proceedings of the 2024 ACM Conference 21

on International Computing Education Research — V. T (ICER 2024), 326-342. 4
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Examples for teaching data awareness in secondary (or middle) schools

» Developed two data awareness teaching units as part
of a design-based research project

« Target group: students aged 12 to 16 (grades 6 to
10)

« Shared approach:

« Students subsequently learn the aspects of the
explanatory models (using a context-based learning
approach)

« Students then apply the explanatory model to other
examples of data-driven technologies from their
everyday lives (“analytical lens”)

| Lukas Hoper and Carsten Schulte

Teaching Unit 1: Location data when using
the mobile phone
(e.g., data collected and processed when using
the cellular network or social media)

Teaching Unit 2: Recommendation systems
in the context of streaming services
(e.g., data about users and their behaviour is
used for recommendations)
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Example for a teaching unit about recommender systems

Part 1: Introduction to
recommendation systems and Introduction and addressing personal experiences:

first ideas for the data collection What is a streaming service?

* How is such a (personalised) start page on a streaming service
constructed?
How do they come to the personal recommendations?

Part 2: Reconstructing internal
workings of a recommendation
system for movies

Trending Now

use of data and assessing the
data-driven practices

Action Movies

Top Choice for You

other data-driven technologies

Part 4: Analysing and assessing
from everyday life

[Part 3: Discussing a secondary]

| Lukas Hoper and Carsten Schulte 24
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Example for a teaching unit about recommender systems -

Part 1: Introduction to

Activity for making movie recommendations:
Working in pairs of two students

 Structured in five steps using a worksheet

« Two important rules for the activity:
They should work with someone they know as
little as possible. 2_
They are only allowed to talk to each other if the | e
task allows it. 2’

recommendation systems and
first ideas for the data collection

Part 2: Reconstructing internal
workings of a recommendation
system for movies

use of data and assessing the
data-driven practices

‘|HH\

other data-driven technologies
from everyday life

. Aufgabe 2 - ragen:
1
3.
5 3 a. Stellees fgabe 1 und Aufgabe 2
L] b. zum Inter
: Discussi y

[Part 4: Analysing and assessing

| Lukas Hoper and Carsten Schulte 26
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AB1: Wie kommen Filmempfehlungen zustande?

Example for a teaching unit about recommender systems

Wir unterscheiden zwel Arten far das Erheben von Daten bel der Nutzung von Diensten und Apps:
« Wenn ein Nutzender persaniiche Daten durch seine Handlung erstel, sind das explizit
erhobene Daten. Das passiert Eingeben von
(2. dein Name) oder beim Hochladen von Dakumenten und Bildern.
« Wenn nebenher zur Handlung des Nutzenden Daten erhoben werden, sind das implizit
erhobene Daten. Das wird zum Beispiel durch Beobachtung deines Verhaltens (2.8
angeklickte Inhalte) oder durch von

Activity for making movie recommendations (pairs of students):

AB1: Wie kommen Filmempfehlungen zustande?

Hinweis: Setzt euch bearbeitet die folgenden Aufgaben. hr dirft
euch nur dann iiber die Aufgaben unterhalten, wenn es gefordert i

Task 1: Students write down movie recommendations for the other student (without s g 1o o

wiirde. Passe auf, dass dein Partner/deine Partnerin diese nicht sieht.

talking to each other) :

E

Aufgabe 2 - zwei Fragen: E

Stellt euch gegenseitig zwei Fragen, um anschlieBend bessere Empfehlungen geben 2u kénnen. .
Wichtig: Nennt und zeigt euch dabei nicht eure Empfehlungen aus Aufgabe 1.

Notiere dir die Fragen:
1 b

Notiere erneut drel Em pfehlungen fir Filme. Passe wieder auf, dass dein Partner/deine Partnerin diese nichtsieht.

Aufgabe 3 - Bewertung der Empfehiung

a. Stellt euch eure Empfehlungen aus Aufgabe 1 und Aufgabe 2 gegenseitig vor.

3 wie gut zum Interesse deines Partners/deiner Partnerin passen. Setze
in den Tabellen jeweils ein Kreuz fir jede Empfehlung, die du deinem Partner/deiner Partnerin gegeben hast.

In Aufgabe 1 gegebene Empfehlungen: In Aufgabe 2 gegebene Empfehlungen:

sehe eher eher e

s s S ates | imosens_ens s s

[m) 1 a o
2 a [m} a a 2 n n n n
il o [a} o o il o u} [u} [u}
Bitte wenden! b
. - ProDaBi Team, Version 4.0 (20230330) ProD.

| Lukas Hoper and Carsten Schulte 27
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Example for a teaching unit about recommender systems

Activity for making movie recommendations (pairs of students):

Task 2: Students ask each other two questions (‘collect data’)

Lukas Hoper and Carsten Schulte

»"’ 24

AB1: Wie kommen Filmempfehlungen zustande?

Aufgabe 4 - Erhebung von Daten:

a) Lies dir die folgende Box 2u der Erhebung von personlichen Daten durch

Wir unterscheicen zwei Arten fir das Erheben von Daten bel der Nutzung von Diensten und Apps:
+ Wenn ein Nutzender persdniiche Daten durch seine Handlung erstellt, sind das explizit
erhobene Daten. Das passiert Eingeben von
(2.8. dein Name] oder beim Hochladen von Dokumenten und Bildern.
+ Wenn nebenher zur Handlung des Nutzenden Daten erhoben werden, sind das implizit
erhobene Daten. Das wird zum Beispiel durch Beabachtung deines Verhaltens (2.8
angeklickte ) oder durch von

AB1: Wie kommen Filmempfehlungen zustande?

bearbeitet die folgenden Aufgaben. hr dirft
euch nur dann iiber die Aufgaben unterhalten, wenn es gefordert ist.

Aufgabe 1~ ohne Sprechen:

Notiere fiir deinen Partner/deine Partnerin drei Empfehlungen fur Filme, fur die er/sie sieh vermutiich interessieren
wirde. Passe auf, dass dein Partner/deine Partnerin diese nicht sieht.

2

E

Aufgabe 2 - zwei Fragen:

Stellt euch gegenseitig zwei Fragen, um anschlieBend bessere Empfehlungen geben zu kbnnen.
Wichtig: Nennt und zeigt euch dabei nicht eure Empfehlungen aus Aufgabe 1.

Notiere dir die Fragen:
1

Notiere erneut drei Em pfehlungen fur Filme. Passe wieder auf, dass dein Partner/deine Partnerin diese nicht sieht.

Aufgabe 3 - Bewertung der Empfehiung

a. Stellt euch eure Empfehlungen aus Aufgabe 1 und Aufgabe 2 gegenseitig vor.

3 wie gut zum Interesse deines Partners/deiner Partnerin passen. Setze
in den Tabellen jeweils ein Kreuz fir jede Empfehlung, die du deinem Partner/deiner Partnerin gegeben hast.

In Aufgabe 1 gegebene Empfehlungen: In Aufgabe 2 gegebene Empfehlungen:
sehr eher eher e ‘ sehr
unpossend _unpassend _passend __passend unpossend _unpassend _passend __passend
z [m) 1 a o
2 0 [m) o o 2 ™ n n n
2l 0O [m) o o 2l O o o o

Bitte wenden! b

ProDasi Team, version 4.0 (20230330) ProDaBi
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AB1: Wie kommen Filmempfehlungen zustande?

Example for a teaching unit about recommender systems

Wir unterscheiden zwel Arten far das Erheben von Daten bel der Nutzung von Diensten und Apps:
« Wenn ein Nutzender persaniiche Daten durch seine Handlung erstel, sind das explizit
erhobene Daten. Das passiert Eingeben von
(2. dein Name) oder beim Hochladen von Dakumenten und Bildern.
« Wenn nebenher zur Handlung des Nutzenden Daten erhoben werden, sind das implizit
erhobene Daten. Das wird zum Beispiel durch Beobachtung deines Verhaltens (2.8
angeklickte Inhalte) oder durch von

Activity for making movie recommendations (pairs of students):

AB1: Wie kommen Filmempfehlungen zustande?

Hinweis: Setzt euch bearbeitet die folgenden Aufgaben. hr dirft
euch nur dann iiber die Aufgaben unterhalten, wenn es gefordert ist. E

Task 3: Students write down movie recommendations again (without talking about T e |

wiirde. Passe auf, dass dein Partner/deine Partnerin diese nicht sieht.

that) :

E

Aufgabe 2 - zwei Fragen: E

Stellt euch gegenseitig zwei Fragen, um anschlieBend bessere Empfehlungen geben 2u kénnen. .
Wichtig: Nennt und zeigt euch dabei nicht eure Empfehlungen aus Aufgabe 1.

Notiere dir die Fragen:
1 b

Notiere erneut drel Em pfehlungen fir Filme. Passe wieder auf, dass dein Partner/deine Partnerin diese nichtsieht.

Aufgabe 3 - Bewertung der Empfehiung
a. Stellt euch eure Empfehlungen aus Aufgabe 1 und Aufgabe 2 gegenseitig vor.

3 wie gut zum Interesse deines Partners/deiner Partnerin passen. Setze
in den Tabellen jeweils ein Kreuz fir jede Empfehlung, die du deinem Partner/deiner Partnerin gegeben hast.

In Aufgabe 1 gegebene Empfehlungen: In Aufgabe 2 gegebene Empfehlungen:

sehe eher eher e

s s S ates | imosens_ens s s

[m) 1 a o
2 ] o =] =] 2 r rn n r
il o o o o a2l O a o [m)
Bitte wenden!
. ProDaBl Team, Version 4,0(20230330) ProDaBi

| Lukas Hoper and Carsten Schulte 29
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Example for a teaching unit about recommender systems

Activity for making movie recommendations (pairs of students):

Task 4: Students share their recommendations and evaluate them

3X

a4 a

| Lukas Hoper and Carsten Schulte
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AB1: Wie kommen Filmempfehlungen zustande?

Aufgabe 4 - Erhebung von Daten:

a) Lies dir die folgende Box 2u der Erhebung von personlichen Daten durch

Wenn ein Nutzender persénliche Daten durch seine Handlung erstellt, sind das explizit
erhobene Daten. Das passiert Eingeben von
(2.8. dein Name] oder beim Hochladen von Dokumenten und Bildern.

+ Wenn nebenher zur Handlung des Nutzenden Daten erhoben werden, sind das implizit
erhobene Daten. Das wird zum Beispiel durch Beabachtung deines Verhaltens (2.8
angeklickte ) oder durch von

Wir unterscheiden zwel Arten far das Erheben von Daten bel der Nutzung von Diensten und Apps:

AB1: Wie kommen Filmempfehlungen zustande?

bearbeitet die folgenden Aufgaben. hr dirft
euch nur dann iiber die Aufgaben unterhalten, wenn es gefordert i

Aufgabe 1~ ohne Sprechen:

Notiere fiir deinen Partner/deine Partnerin drei Empfehlungen fur Filme, fur die er/sie sieh vermutiich interessieren
wirde. Passe auf, dass dein Partner/deine Partnerin diese nicht sieht.

2

E

Aufgabe 2 - zwei Fragen:

Stellt euch gegenseitig zwel Fragen, um anschlie8end bessere Empfehlungen geben 2u kbnnen.
Wichtig: Nennt und zeigt euch dabei nicht eure Empfehlungen aus Aufgabe 1.

Notiere dir die Fragen:
1

Notiere erneut drei Empfehlungen fir Filme. Passe wieder auf, dass dein Partner/deine Partnerin diese picht sieht.

Aufgabe 3 - Bewertung der Empfehiungs

a. Stellt euch eure Empfehlungen aus Aufgabe 1 und Aufgabe 2 gegenseitig vor.

3 wie gut zum Interesse deines Partners/deiner Partnerin passen. Setze
in den Tabellen jeweils ein Kreuz fir jede Empfehlung, die du deinem Partner/deiner Partnerin gegeben hast.

In Aufgabe 1 gegebene Empfehlungen: In Aufgabe 2 gegebene Empfehlungen:
sehr eher eher e ‘ sehr
unpossend _unpassend _passend __passend unpossend _unpassend _passend __passend
L [m) 1 a o
2 0 [m) o o 2 ™ n n n
2l 0O [m) o o 2l O o o o

Bitte wenden! b

ProDaBi Team, Version 4.0(20230330) ProDaCi
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Example for a teaching unit about recommender systems

Activity for making movie recommendations (pairs of students):

Task 5: Joint reflection: What ‘data’ was helpful here? What kind of data could a
recommendation system collect?

@

-> The reflection leads to the concepts of explicit and
| Lukas Héper and Carsten Schulte implicit data collection, which are then introduced.

<

C »!3

AB1: Wie kommen Filmempfehlungen zustande?

Aufgabe 4 - Erhebung von Daten:

a) Lies dir die folgende Box 2u der Erhebung von personlichen Daten durch

sind das explizit

von Diensten und Apps:

das implizit
rhaltens (2.8,

ABL: Wie kommen Filmempfehlungen zustande?

Hinweis: Setzt euch zu bearbeitet die folgenden Aufgaben. hr dirft
euch nur dann iiber die Aufgaben unterhalten, wenn es gefordert ist.

Aufgabe 1~ ohne Sprechen:

Notiere fiir deinen Partner/deine Partnerin drei Empfehlungen fur Filme, fur die er/sie sieh vermutiich interessieren

wiirde. Passe auf, dass dein Partner/deine Partnerin diese nicht sieht.

Aufgabe 2 - zwei Fragen:

Stellt euct el Fragen, um ansehlieRend bessere Empfehlungen geben 2u kdnnen.
Wichtig: N uch dabel nicht eure Empfehlungen aus Aufgabe 1.

Notiere dir die Fragen:

b. Notiere erneut drei Empfehlungen fOr Filme. Passe wieder auf, dass dein Partner/deine Partnerin diese picht sieht

Aufgabe 3 - Bewertung der Empfehiungen:

a. Stellt euch eure Empfehlungen aus Aufgabe 1 und Aufgabe

3 wie gut 2u
in den Tabellen jeweils ein Kreuz fir jede Empfehlung,

In Aufgabe 1 gegebene Empfehlungen: In Aufgabe 2 gegebene Empfehlungen:
sehe eher eher sehe sehr her eher she
unpassend _unpossend _passend _possend wnpassend _unpassend _possend __passend

I 1
2 2
3 3

Bitte wenden! b

ProDaBi Team, Version 4.0 (20230330) @ 0O |ProDal

H
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Example for a teaching unit about recommender systems

Part 1: Introduction to
recommendation systems and

first ideas for the data collection

Part 2: Reconstructing internal
workings of a recommendation
system for movies

use of data and assessing the
data-driven practices

[Part 3: Discussing a secondary

other data-driven technologies

Part 4: Analysing and assessing
from everyday life

]
]
]

| Lukas Hoper and Carsten Schulte

How do recommendation systems work?

Students get a prepared Jupyter Notebook as an interactive worksheet
It includes a recommendation system that can be explored (provides a
look under the hood)

Students rate movies and get personal recommendations

Students reconstruct the idea of data models (especially those about
users) and their use for collaborative filtering with k-nearest neighbours
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Example for a teaching unit about recommender systems

Part 1: Introduction to

How do recommendation systems work?

recommendation Systems and [ Studen @O ®  Home ¥ & EmpfehlungsdienstFilmev2 X  + v ]eet
. . . . < 23 ddi-jupyter.cs.upb.defempfehlungsdienst/user/testuser90/notebooks/jupyternotebooks.git/Empfehlungsdienst%20Filme%20v2.ipynb Q 1 :
first ideas for the data collection * ltinclu . 2S a
— Jupyter Empfehlungsdienst Filme v2 Last Checkpoint: 1 minute ago A
| OO k u l File Edit View Run Kernel Nbgrader Settings Help Trusted

B+ XTOTM » =8 C » Code v
« Studer

Part 2: Reconstructing internal
workings of a recommendation

I meineSteuerung.erstelleEingabemaske()
 Studer

) users)
system for movies

Bewerte den 1. Film:

Filmtitel ~Harry Potter and the Bewertung 4,0 Sterne

Bewerte den 2. Film:

[Part 3: Discussing a secondary

use of data and assessing the
data-driven practices

Filmtitel =~ Dark Knight, The (20 Bewertung 5,0 Sterne
Bewerte den 3. Film:
Filmtitel ~ Forrest Gump (1994 Bewertung 3,0 Sterne

Bewerte den 4. Film:

-/ __J

Filmtitel = Inception (2010) Bewertung 3,5 Sterne

Bewerte den 5. Film:

Part 4: Analysing and assessing
other data-driven technologies

Filmtitel = Titel eingeben und a Bewertung 0,5 Sterne

Setze meine Bewertungen zuriick

J

from everyday life

| Lukas Hoper and Carsten Schulte

Gib Empfehlungen fiir mich aus

JupyterLab [ # Python 3 (ipykernel) () = Validate

Jt

Gib hier Informationen zu Filmen an und lasse Empfehlungen fiir dich erstellen Yours

Daten liber dich

User ID: 5001

Geschaute & Bewertete Filme:

Harry Potter and the Deathly Hallows: Part 2
(2011),

Dark Knight, The (2008),

Forrest Gump (1994),

Inception (2010)

Deine Empfehlungen

1. Prestige, The (2006)

2. Inglourious Basterds (2009)

3. Grand Budapest Hotel, The (2014)

4. Star Wars: Episode IV - A New Hope (1977)
5. No Country for 0ld Men (2007)

6. Green Mile, The (1999)

7. Avatar (2009)

8. Matrix Revolutions, The (2003)

9
1

. Dark Knight Rises, The (2012)
0. Intouchables (2@11)

[ p—
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Example for a teaching unit about recommender systems

How do recommendation systems work?

Part 1: Introduction to
recommendation systems and
first ideas for the data collection  Students reconstruct the idea of data models (especially those about

users) and their use for collaborative filtering with k-nearest neighbours

Part 2: Reconstructing internal
workings of a recommendation
system for movies

[Part 3: Discussing a secondary]

Step 1: Identify similar
users to user 5 (this is the k)

Movie A | Movie B | Movie C
5
3
1

User 1
User 2

Step 2: Predict the rating of
user 5 for movie C (e.g., as
a mean)

use of data and assessing the
data-driven practices

User 4 Step 3: Decide whether
Part 4: Analvsi q ) . movie C should be
i ol Rl L 0 Pred 45 recommended on the start
other data-driven technologies . .
from everyday life Ratings for movies: 0 (bad) to 5 (great) page }
| Lukas Hoper and Carsten Schulte 34 >
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Example for a teaching unit about recommender systems

Part 1: Introduction to
recommendation systems and

first ideas for the data collection

workings of a recommendation

Part 2: Reconstructing internal
system for movies

]

Part 3: Discussing a secondary
use of data and assessing the

data-driven practices

other data-driven technologies

Part 4: Analysing and assessing
from everyday life

]

| Lukas Hoper and Carsten Schulte

Following the discussion of the primary purpose in the first parts, the
students discuss an exemplary secondary purpose:

« Plenary discussion of a fictional secondary use: personalised paywall for
movies that can be purchased in addition to a subscription based on the
predictions of the future behaviour

 In the discussion various topics about individual and societal issues are
included (e.g., filter bubbles, behaviour engineering, information
asymmetry or responsible development of data-driven technologies)

« Students assess such data-driven practices in a nuanced perspective

During this part, the concepts of primary and secondary purposes are
introduced and are used for assessing data-driven practices.
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Example for a teaching unit about recommender systems

Part 1: Introduction to
recommendation systems and
first ideas for the data collection

Using the explanatory model as an , analytical lens”:
Students choose other examples from their everyday life that implement
recommendation systems

« Students analyse these examples using the explanatory model (e.g.,
explore the different aspects in the exemplary data-driven digital
artifacts) and assess the data practices

« Students present their results in class and discuss about their role in
these situations (e.g., reflecting on their behavior and discussing

: : possible ways of actions to become more empowered)
[Part 3: Discussing a secondary]

Part 2: Reconstructing internal
workings of a recommendation
system for movies

use of data and assessing the
data-driven practices

IEI@k .....
i ’ Everyday situations with

- DuaColltion data-driven technologies

(e:g ML Models or User Models)

other data-driven technologies

Part 4: Analysing and assessing
from everyday life

| Lukas Hoper and Carsten Schulte 36 >

<



PADERBORN
lLl UNIVERSITY

01

Introduction

| Lukas Hoper and Carsten Schulte

02

Data Awareness

03

Exemplary

teaching unit for
middle schools

o AN

04

Outlook and
discussion on the
role of
explanatory
models



< > AN
@

PADERBORN
lLl UNIVERSITY

Teaching with Explanatory Models

« Data Awareness with location data
« Raspberry pi research seminar: Exploring the data-driven world:
Teaching Al and ML from a data-centric perspective (5 October

1
)
U Senefe

Tory
33 yRosenthaler 38
Y g Platz

2021) d
U Rosa-
* Prodabi-website: ; <R ey
https:.//www.prodabi.de/en/materialien/datenbewusstsein/ \ B IS 7
: ) & man 4 ‘,>_,>!‘i
+ Teaching data awareness with explanatory model, thus T
« explicit and Implicit data L e | Vit B cplaatoy madl s
frat icdons for the dts callection uderts ¢ exarrgies froen 1 ever that oy erel
. recomyrendebion fyvier
* primary and Secondary purpose Rl - et oo dawert spanin i aamvples ot 4o St
worOngs of 4 recorvendanon Sririacts) aned aosens The Sals Sracices
» data models T ke thamon e, rebecteg on how b e hacuaiog
. ~— T posabie weys of actiorn 1 Become more empowssed)
* ..become teaching content. e gt - -
. . , , .. . Aw m Hdi-'
+ (instead of being ‘only’ a tool for designing teaching) LT ) e vy itatons wet
v erryay Mo ’
| o 1o i v A . ’
| Lukas Hoper and Carsten Schulte 38
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Explanatory Model in background: Local teachers decide

Part 1: Introduction to
recommendation systems and
first ideas for the data collection

Reflecting on the Role of Data

i. I. ..................................
Part 2: Recnnstructlng internal | ! Primary and :
workings of a recommendation -— j Secondary Purposes |
system for movies Using the Dataﬁ\ .................................
Data Models
o, ——
Part 3: Discussing a secondary ori
: -Driven
use Efdat; and assessing the nology Data Processing
ata-driven rar:tlces {e.g., Using ML Methoes) Acton Movies
7o et F].I ....................... : H—__ + ‘
- £ slicit and Implicit ;
: WP T | : Tdp Chasce for Yau
Part 4: Analysing and assessmg
other data-driven technologies
from everyday life
| Lukas Hoper and Carsten Schulte 39 >
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Explanatory Model in foreground: Researchers decide

Part 1: Introduction to
recommendation systems and
first ideas for the data collection

Reflecting on the Role of Data

St 2 e ~ ¥ ........ P ﬂma wand ........
3 : . Secondary Purposes :
workings ¢ : — : y Purposes :
syst : Interaction System Using the Data;d\\: ............ e e nenaeieneia s
: Data Models 4"
L — O]
.
Part 3: Di DataD
a-Driven
use of da Human TR ey Data Processing Generation and Use
data- ._.-{-E:-L:ii_ng ML Methods) of Data Models
gremrmmmrsrsrmper Sy e : - {e.g., ML Models or User Models)
: Explicit and Implicit :

Ll pataCollection -
Part 4: Analy :

other data-driven technologies
from everyday life

| Lukas Hoper and Carsten Schulte 40
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Is the Explanatory model ‘correct’? Is it the right one?

")

Prediction

Markets
Products

/ F % ,
in Future 4 9 )
Behavior R\ 4\ )

/ X (A = %\P_"

@ \ Rellectlng on the Role of Data
/ A\ = - prmaryand
$ = SURPLUS E /—\ Secondary Purposes
GIIAD% : Interaction System Using the Data and S
i ' /& RO g Data Models i
B Rendered * X 4 g' -—> I I .
> he Data Models
Surveillance Behavior &} ;:m." 7 The New — = i Other Contexts
Revenues Y ! r'__ R S Means of Data-Driven
ks 2 | ,;»‘""ﬂ > Production Human Technology Data Processing Generation and Use
P ’/S 5 & (e.g., Using ML Methods) of Data Models
£ \ @ / f'"""'"""".'"""""""": H l!.g,, MLMUdEbDrUS!I’MDd!I!I
Explicit and Implicit :
i | '—  DataCollection :

B g
gt R
Py ?(V“\“
@?u Analytics

Service

Shoshana Zuboff,
The Age of Surveillance Capitalism Improvements | | . | & | | . I |o | .

Figure 2: The Discovery of Behavioral Surplus
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New Perspectives on the Future of Computing Education:
Teaching and Learning Explanatory Models

Lukas Hoper
Computer Science, Paderborn University

Germany
lukas hoeper@uni-paderborn.de

Abstract

‘This paper introduces the explanatory model approach to address
challenges in computing education arising from rapid technological
developments and paradigm shifts, particularly regarding artificial
intelligence and machine learning, Traditional approaches in com-
puting education aim to teach basic concepts derived from the
computer science discipline as they are in order to support stu-
dents’ understanding of these coneepts and digital technologies
that implement these concepts. This approach is challenged in top-
ics like machine learning, where the ground truth of the inner
workings and the behaviors of these technologies is not so clear,
making rethinking approaches in computing education necessary.
‘The explanatery model approach suggests that students learn mod-
els about computational concepts and digital artifacts that help
them understand, explain, and reason about digital technologies
While drawing on the notion of models in science and science edu-
cation, this approach emphasizes learning and using explanatory
madels as a focal point in computing classes. Doing so may help
students make use of these models as tools and enable them to
reflect on and critique different models in various contexts. Ad-
ditionally, this paper discusses how making explanatory models
explicit in research can enrich computing edw:anon research and

Carsten Schulte
Computer Science, Paderborn University
Germany
carsten.schulte@uni-paderborn.de

1 Introduction

In this paper, we present and discuss the approach of explanatory
madels that serve as tools for edueational diagnostics, teaching,
and as an area of research in computing education. To introduce
this idea, we use an example of a workshop concept for teacher
education and professional development recently published [3]. In
this workshop, participants were given several tasks and materials
to engage in discussions about the question of what constitutes an
algorithm. The authors observed that over the past decade, partic-
ipants could only partially identify the elements of an algorithm
agreed upon in computer science (CS). They noted being surprised.
that almost all student groups overlooked a specific perspective
(i.e. that algorithms target a particular implementation device). The
participants use different conceptions or notions of an algorithm
and can, for example, intensely discuss the analogy of cooking
recipes for algorithms. So, despite a consensus on the meaning of
algorithm and given that this concept can be explained in terms of
its ground truth, people often hold divergent perspectives and con-
ceptions. The explanatory model approach praposed in this paper
provides a theoretical framework as a foundation for describing
different perspectives an such computational concepts or digital
technologies.

our discourses and describes avenues for
models as different perspectives on computational concepls.

CCS Concepts
- Social and p ional topics — C:
K-12 education; Model curricula.

Keywords
K-12, computing education, explanatory models, artifieial intelli-
gence, computational concepts
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From a computing education persp ions about
such topics (e, algorithms) often focus on the ultimate goal of
teaching students the correct understanding of the computational
concepts in line with the common understanding within the CS dis-
cipline. Traditional contents in computing classes are defined with
the ground truth of the respective concepts. However, analogies and
similar ideas are sometimes used when understanding the concepts
is challenging. For example, in the context of programming, the
idea of notional machines was introduced as a pedagogical vehicle
to support students in understanding programs and their behavior
during execution [see 17, 48]. Thus, analogies or notional machines
are intended to scaffold and support students in developing a com-
plete and correct of the comp p:

the intended learning outcomes. However, nowadays, computing
education involves topics where this ground truth is not so clear;
think, for example, about artificial intelligence (Al) and machine
learning (ML) and what a correct understanding of large language
models could be: it is discussed, for example, whether there are
sparks of intelligence’ [7] or whether they are rather like "stochas-
tic parrots’ (5] [for detailed discussions, see 6, 31]. Such cases raise
the question of whether a correct, ground truth understanding is
achievable in computing education (at least in schools). With the
approach presented here, we suggest taking explanatory models as
explicit content and learning them as an end goal in itself instead of
only as a scaffold during the learning process until the complete

W

Hoper, L., & Schulte, C. (2024). New Perspectives on the
Future of Computing Education: Teaching and Learning
Explanatory Models. 24th Koli Calling International
Conference on Computing Education Research, 1-8. 43
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Thanks for the attention! The teaching units are (or will be) published on
www.prodabi.de (both in German and English)

If you have any questions, please contact us: lukas.hoeper@uni-paderborn.de
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