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The data case study
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‘Mecklenburg
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Schleswig-
Holstein

Mecklenburg-

Compulsory Computer
Sclence Education

starting in Grade 5

Brandenburg

Sachsen-
Anhalt

B At least 6 compulsory hours / week
At least 4 compulsory hours / week

Rheinland- At least 1 compulsory hour / week
Pfalz

| Offered at individual school types or in
individual grades

B No courses offered

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



Co nteXt Schleswig-

Holstein

Mecklenburg-

Al topics are entering B
formal school education.

Brandenburg
for 5t

Sachsen-
Automaten und kiinstliche Intelligenz Anhalt
Inhaltliche Schwerpunkte: 9/’&6{8/’9

— Aufbau und Wirkungsweise einfacher Automaten w

— Maschinelles Lernen mit Entscheidungsbaumen

— Maschinelles Lernen mit neuronalen Netzen

Die Schiilerinnen und Schler V

Machine Learning with decision trees and
neuronal networks

des maschinellen Lernens dar (Dl), w

beschreiben die grundlegende Funktionsweise kiinstlicher neuronaler Netze in
verschiedenen Anwendungsbeispielen (KK).

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



Motivation

Teaching should focus on key
concepts and practices of CS.

/

CORE TECHNOLOGIES

el
COMPUTING
operating
PRACTICES
programming '
engineering systems algorithms @
modeling

innovating
applying

DESIGN
GREAT simplicity, performance, reliability,

PRINCIPLES evolvability, security

OF MECHANICS

automation, recollection

COM PUT| N G computation, communication, coordination,

Denning (2003)

LEAD WITH GONGEPTS

algorithmization

AR NS

design paradigms programming concepts process evaluatlon
branch-and-bound concatenation (sequence, array, re cord) concurrency
divide-and-conquer alternative (if, case, variant rec ord) processor
greedy-approach iteration (while, list, file, stac k, queue) verlflcatlon complexity
plane- sweep recursion (rec. procedure, tree, s earch tree) part. correctness reduction
backtracking nondeterminism termination diagonalization
parametrization consistency order
completeness unit-cost measure
S C h W | l l (’I 9 9 4) fairess log-cost measure
worst/average/

amortized case




Motivation

Conceptualisation is still ongoing!

CT 2.0

Tedre et al. (2021)
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Touretzky et al. (2019)

Al Systems Al in society

&
Object & development of Al $ Natural & artificial intelligence
L
KR
Application areas of Al O.é- o History of Al & milestones
)
. F %
Aproaches to Al &S %%, Bias
S %%
i i & o 5, Safety & reliability
Machine learning §b° Artificial [s 2%, y y
& § Intelligen <
Knowledge-based elligence

approach to Al Phenomena, artifacts,

Impacts, opportunities & challenges
systems or situations

Al systems & their inter-

Tasks of humans
action with the environment

¢

User-oriented Perspective
How do I use it?

Limits of the use of Al systems

Users Creators

Al learns from data Errors in Al models

Critical questioning Target-oriented selection of systems

steps of machine learning

Michaeli et al. (2022)

SEAME

Waite et al. (2023)



Conceptualisation is still ongoing!

WiPSCE ’21, October 18-20, 2021, Virtual Event, Germany
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Table 1: Coverage of the data literacy-related competencies
in currently available Al educational frameworks, catego-
rized by the stages of the data lifecycle proposed by [6].

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

==




o . Zha et al. 2023,
Motivation Jakubik et al. 2024

The key role of data Alletal 2023

In order to understand, evaluate, use responsibly,
and design such systems, an
understanding of data is necessary.



o . Zha et al. 2023,
Motivation Jakubik et al. 2024
All et al. 2023

In order to understand, evaluate, use responsibly,
and design such systems, an
understanding of data is necessary.

Data provenance / \, train

Classification

Data concepts Data practices evaluate
Training data preprocess
Test data store
Target Feature collect roct
repurpose
Overfitting

Data quality clean construct features



Research question

Data concepts & practices

What are the key data-
related concepts and e e
practices in context of Al @ o
that school students need

to know? ‘ 7;

ast data
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Methodology
4 Steps for identification of concepts & practices

corroborate

analyse

conceptualise



Methodology
4 Steps for identification of concepts & practices

conceptualise



Concepts In sciences Kampourakis (2018

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

obcervable (e.g., relate to a
"mountain”) procece (e.g.,

L/ "bhotocynthecic”)

unobgeervable
(e.g., "atom”) %




Methodology
4 Steps for identification of concepts

Understand
the task

Share / delete

[archive data Collect
data

>
9 Understand
> data

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)

conceptualise



Unobgervable (e.g., data modality)

Understand
the task

Share / delete

[archive data Collect
data

'\

Deploy and

monitor > Understand
) : Relate to a procece
-

Evaluate
performance

/7 [eogo, data augmentation)

Prepare
data

A

solution
v
Obeervable (e.q.,

training data) conceptualise




Practices In sciences Costa & Broietti (2023)

Practices are actions performed by scientists to build
up knowledge.

Developing and uging
model.

,D/wam'ng and carrying oul

investigationg.




Methodology
4 Steps for identification of practices

Understand
the task

Share / delete
[archive data Collect

A practice is an action performed on data data
or with data in mind in one of the stages of

. . : Understand
the data-driven lifecycle. +
Olari & Romeike (2024) Evaluate \
Prepare
data

lv/

>

cplit a datacet

Implement
i‘» solution

train a model with
the training data conceptualise



Methodology
4 Steps for identification of concepts & practices

f
|
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conceptualise



Methodology
4 Steps for identification of concepts & practices

Al Systems Alin society

Natural & artificial intelligence

Object & development of Al
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Methodology
4 Steps for identification of concepts & practices

Researchers corroborate

Domain
Experts

analyse

CS Teachers

~

conceptualise



Results An 8-stages process model

vV T 7

Understand Collect Prepare Implement Evaluate
the task data data solution performance

L

Understand the needs of Create a dataset. Clean data. Create a solution using ma- Prepare evaluation data.
stakeholders.

. » Choose a data source and » Find the documentation for » Correct outliers and errors. chine learning. » Generate adversarial sam- : : » Accompany the dataset with
» Identify the needs of data collection technique the dataset, including the » Remove duplicates. » Check the data for assump- ples. » _EStﬁbl'Sh a data processing documentr?t\or;]. data i
producers, data agents, and description of its collection tions about the model. pipeline. » Ensure that the data is trans-
data users. Repurpose or access a purpose and instruments. HiE proces data: . » Establish the ground truth. Select an evaluation et"C' » Select a data processing mode. ferred and treated s_ecurely.
e h K of th _ third-party dataset. . » Document data provenance. » Lemmatize, tokenize textual » Split data. » Choose the appropriate » Create a reporting system. » Select an appropriate data
nalyze the task of the project. )
- - » Check the data ownership data. » Use data to train the model. evaluation metric based on license if the data is to be
;genddeedrsttc;azgl\\;\;htlﬁz ?:S‘LE is ar!]v(\j “CGZS(?[' o et , Conduct exploratory data » Rescale image data. » Use data to test the model. the model and task. published.
- » Merge data from differen A Label data. Interpret the model output. : ;

» Understand whether data is analysis. . Control data and model ver- » Ensure the security of storing

available or can be collected SOUTEes. . » Understand typical data » Establish consensus labels. sions. » Compare the result to the the unseen data. » Select an appropriate medi-
to solve the task. Understands the specifics of entries. » Use crowdsourcing or other » Document modifications that ground truth. » Preprocess the data upon um for long-term data storage.
» Determine if Al technologies the data modality. » Explore patterns in the strategies to label data. the data is undergoing in each » Visualize data fit and error. collection. » Accompany the data with
can add value to solving the » Select an appmpri?te strate- dataset. » Ensure interpersonal validity iteration. » V\sua_hze feature importance. documentation. o
problem by identifying proj- gy for data preparation. » Visualize the data. between annotators. » Document which model and » Explain what features are » Ensure data protection if
ects that use similar data to Decide on how to store and » Formulate a hypothesis. Augment data. parameters are selected. most important and why. Anal the dataset contains sensitive
solve similar tasks. ” — » Interpret performance » Analyze errors. information.

access data. » Perform basic data manipu » Check the unseen data on

» Analyze real-world con- » Select a storage type de- Check data reliability, dat. lations. hures, e the data drift.

straints to collecting, manag- ; §e yp » Lheck data retiabitity, data Creat thetic dat » Accept or reject the hypoth- - .

ine and storing the data pending on the nature of the fidelity, and data validity. » Lreate syntheuc data. esis. » Ensure that the data is per-

S S the data. data. » Check for potential biases » Perform upsampling or T T . ol g manently deleted.
» Establish secure access to in data. undersampling. in'ilti::: i?: rg\rl(()emzlr'lltssan z Sgleecitarpgtrﬁerat?éf rocess-
» Formalize the task in a prob- data. » Detect outliers, duplicates, Engineer features. Und t q rﬁtt‘ d ing strategy prep
ingi » Understand overfitting an -
t%ngsﬁéaet;?ggtég&%igé?s’ €rrors. » Transform features. underfitting. g » Rebalance data.
3  the dat. iLabl » Perform feature §etect|on. » Retrain the model with
needs and the data available. » Perflorm a reduction of unseen data.
samples.

28 key data-related practices

>> 69 examples of subpractices for use in CS education




Results An 8-stages process model

v N
Understand - ( ¢ - Understand Prepare Implement Evaluate - Deploy and Share, delete

e the task ¢ data data solution performance monitor archive data

Clean data.

» Correct outliers and errors.
» Remove duplicates.

Pre-process data.

» Lemmatize, tokenize textual

data.
» Rescale image data. s key data-related practice

Label data.

» Establish consensus labels.
» Use crowdsourcing or other
strategies to label data.

» Ensure interpersonal validity
between annotators.

Augment data.

» Perform basic data manipu-

<— examples of subpractices




TASK UNDERSTANDING mendation) -decision-making Data modality -audio data

Data-based task - localization -information -search -tabular data -video data -Risk assess-
-description -generation extraction Data stakeholder -image data - geo-spatial ment
-regression -association -question -producer -text data data +“Do not harm”
- classification (clustering) answering -agent -graph data principle
-time series data

Success criteria

Results

-detection -filtering (recom- * reasoning -user

DATA COLLECTION DATA STORAGE

Primary data
Secondary data - structured databa

Crowdsourcing data - cloud data
Scrapping -unstructured  storage

DATA EXPLORATION

Data format - non-relational Raw data

se Data noise

Crawling data - distributed cate data
Surveys and polls - semi-struc- storage sys- -wrong data
Data provenance

Artificially generated tured data tem

data Data storage Database
management

Sensor generated data - dataset
Third-party data - relational system

- data licence

- metadata

- missing data
-redundant / dupli-

- data ownership

position

-typical entry
-outlier

- data distribution
- mean

-median

-mode

- correlation

skew

-variance
-standard deviation

- population

Data analysis

- univariate analyis
- bivariate analysis
- multivariate analysis

Data visualization

- boxplot

- distribution plot
- scatter plot
-line plot

- bar plot

Historical data database Dataset com- *sample size -heatmap

Understand
the task
Share [ delete

/archive data / Collect
/ data

DATAQUALITY CONTROL e i pe Data reliability

Data bias -historical bias Data fidelity
-representation bias -omitted variable bias  Data validity

DATA PRE-PROCESSING R Stop words removal -annotator

- Data restauration -interpersonal validity
-values imputation - Grayscaling Data augmentation
-duplicates removal - Bias correction -Basic data manipu-
-missing values pre- Data labeling lation
(un-)labeled data -Synthetic data gener-
label quality ation
-Rebalancing

Data cleaning

A collection of
133 data-relate

MQ Uunderstand diction
data - Tokenization . )
-Stemming -labeling error

-labeling strategy

concepts

performance DATA CONSTRUCTION
—_—

Prepare
data

Feature

-discrete feature
-continuous feature
-complex feature
Feature characteristic

-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

Implement
solution

MODEL IMPLEMENTATION In Rnowl- . constant

Inmachine  -target data edge-based  -axiom
learning: Advanced systems: -query

Target feature data struc- Knowledge -fact

Data split tures elicitation Data version-
-training data  -array Knowledge ing
-validation -list Interlp(rjeta}lon Model ver-

. nowledge for-  sjonin ]
.Seasttamg data .Zzaecfe malization § Error analysis Human-in-the-loop user
.source data  -tree - predicate -data drift feedback
-function -data misfit Retraining

-informative feature

Data processing mode
Unseen / real-world data " real-time processing
.adversarial data -batch processing
-data from a different Data processing pipeline
distribution

Data maintanance

MODEL EVALUATION squared error  visualization DATA SHARING / ARCHIVING / DELETION

Baseline - precision ‘purity - confusion Data documen-  Data protection  Long-term data
Hypothesis  -recall -entropy matrix tation Data privacy storage
testing -F1-score Data fit -heatmap Data-related -personal data Data card
Performance -mean-abso-  -overfitting Explainability legal regula- -sensitive data Permanent
metric lute error -underfitting  -feature im- tions - data trace deletion
-accuracy -root mean- Performance  portance Data security -Data leakage




Understand
data

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 QUALITY CONTROL @ measurement bias

- historical bias

Data reliability
Data fidelity
-omitted variable bias  Data validity

Data bias
-representation bias




How can | use It when specifying what to teach?

A collection of
133 data-related +
concepts

An 8-stages
process model



... describe how to
design an Al system.
OECD (2025)




Go backwards and
use the collection as
orientation.

... describe how to

design an Al system.
OECD (2025)

Uhat terme chould my
ctudents be able to operate
with?

TASK UNDERSTANDING

Data-based task -localization
-description - generation

-regression -association
- classification (clustering)

- detection -filtering (recom-




Go backwards and
use the collection as
orientation.

... describe how to
design an Al system.
OECD (2025)

Classification

b 4 Size

Collect
data

Label

Understand
data

Adversarial
Feature

data
portormance Target
data
[ ] [ ] l t.
Training & B

test data

Feature
selection



Go backwards and
use the model as
orientation.

... describe how to
design an Al system.
OECD (2025)

Which practices chould my
ctudente underctand?

Clean data.

» Correct outliers and errors.
» Remove duplicates.

Pre-process data.
» Lemmatize, tokenize textual

data.
» Rescale image data.

Label data.




Create a dataset.
[ archive data Collect
data

the task
Generate adversarial
data to test robustness.

Label data.

Use training data to
train the model.

Evaluate
performance
—p
Prepare
data

Implement
solution

Perform feature selection.

... describe how to
design an Al system.
OECD (2025)



The ctudent chould be
able to operate with the
Following vocabulary:

[he ctudent chould demonctrate
underctanding of the following practices:

) ) Create a dataset. Perform feature selection.
Classification

Sample size .
P _ Generate adversarial

Label data to test robustness.

Eﬁf:f&f,n ELEINGEICE
Use training data to

Feature train the model.
Target

Adversarial data

Training & testing data ... describe how to
design an Al system.
OECD (2025)
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Take away so far

%
A collection of ~<5> A process model
|

concepts .

Can be used as a foundation Can be used by teachers /
for a common language curriculum developers as
when teaching about data- a guide when specifying

driven systems. competencies.



The Data Case Study

How can we support computer
sclence teachers in addressing
these additional aspects of data
In the classroom?

Data Case / Lab




The data case study
An established method In data science education

Data Case / Lab
Guidance through the Problem & Context — How will particulate
data-driven lifecycle matter pollution
using real data as an Load data develop in Berlin over
example <\> the next 10 years?
<\>
E_Ti

Nolan & Speed (2001)
Homamwor 3h Chkoniya (2021)

Wright et al. (2024)




The data case study
Learning theory perspective

Data Case / Lab Positive effect on
Situated learning Problem & Context - Interest
Hoffer (2020) - Motivation
- Increase In
Constructivist Loaddz \> knowledge and skills
leaming Lasser (2021)
Gill (2011), Hoffer (2020) Explore data Toogood (2023)

Active learning
Herreid (2011)



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

Lack of programming Data Case / Lab
S |(| |_|_ S Problem & Context

The time for

preparing the data
cases Is limited.

Lack of domain
knowledge



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 “Al"?



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 “Al"?

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 “Al"7?



Methodology



Methodology
Expert Team

1 2
Domain Expert ~«—— (S Researchers

2 Teachers
(CS, Mathematics)



(Prediger 2012)

Methodology

Design-based research



(Prediger 2012)

Design-based
research
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Design-based
research

collect
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Let’s also take a look to see how many monitors there are in a few cities.

Scatter Plot

eleq

Widget

Feature Statistics

Dat,

Data @

Datasets Select Columns

eied

Data Table (1)

We can usethe filter() functionofthe dplyr package

to do so. For example, let’s look at Albuquerque, New Mexico.

pm %>% dplyr::filter(city == "Albuquerque")

# A tibble: 2 x 50
id value fips lat

<fct>

lon state county city CMAQ zcta zcta ..! zcta .
<chr> <dbl> <fct> <dbl> <dbl>

Albu.. 10.1 87109 2.62e7 40432
10.1 87108 1.52e7 38647

<dbl> <chr> <chr>

<dbl> <fct> <dbl>
New .. Berna..

5.98 35001 35.1 -107.

1 35001...

2 35001... 5.91 35001 35.1 -107. New .. Berna.. Albu..

# .. with 38 more variables: imp_a500 <dbl>, imp_al000 <dbl>, imp a5000 <dbl>,
imp_al5000 <dbl>, county_ area <dbl>, county pop <dbl>,

WO OW R OH W W

imp_al0000 <dbl>,
log_dist_to_prisec <dbl>, log pri_length_5000 <dbl>,
log_pri_length_ 10000 <dbl>, log_pri_length 15000 <dbl>,
log_pri_length 25000 <dbl>, log_prisec_length 500 <dbl>,

log_prisec_length 1000 <dbl>, log_prisec_length_5000 <dbl>,
log prisec_length 10000 <dbl>, log prisec_length 15000 <dbl>, ..
i Use “colnames()” to see all variable names

We can see that there were only two monitors in the city of Albuquerque in 2006. Let’s compare this with Baltimore.

Y
T
[s

Data Table

Correlations

Data flow

i

-~ Flow-based
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Design-based
research
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Design-based (Prediger 2012)

research

collect

construct
features
&
xe

Data quality
je8iel

%
2
®

=
3
[°]
25
=
| -
[

e
>

specify and structure goals and contents



Interviews
with teachers

What difficulties did students
experience with the data case,
and how did they overcome
them?
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pie bestgelssten Aufgaben:
1. Einordnungvon Tree/Linear Regression im Prozess.
2. Z (Ordne Tabellen dem D zu).
3. Ankreuzen, um welches Problem es sich handelt (Regression /
Klassifikation).
4. +dazugehérige Begriindung.

Die schwierigsten Aufgaben waren:
1. Beschreibung der Aufgaben von Tree und Linear Regression
2. Zuordnung von Widgets zu Frage 1 und Frage 2.
3. Die meisten Orange3 Dateien hatten Fehler.

Fehler 1: Sy$ kénnen nicht gut die Widgets zu Problemen zuordnen.

Ich denke, es ist schwer, von Fragen, die man hat, auf die Widgets zu kommen.

Unklar, wie man den Unterschied zwischen zwei kategorischen Variablen (giftig/essbar)
untersuche (eigentlich mit Feature Sfatistics)- schreibt: mit Line Chart, Scafier,
Plot. (Gruppe C, Teil 2, Aufgabe 1 a).

: die Widgets fur Aufgabe 1 und 2 sind identisch.
: die Widgets fiir Aufgabe 1 und 2 sind identisch.

Fehler 2: Hilfematerial hilft nicht.

Aus dem Bericht: ,,Bei meinem Experiment habe ich durch mein Hilfsmaterial bemerkt, das ich

den Tree und Treg Viewer fiir Aufgabe 1 benétige. AuBerdem bendtige ich kein Data Sampler.“
es gehtdoch ein Regressionsproblem

Fehler 3: Die Aufgabe nicht verstanden, Target falsch.

Zwar sind die Widgets korrekterweise miteinander verbunden, doch die Targetvariable
und die Préadiktoren sind leider ganz falsch.

Aufgabe 2
\ ) 0 oo+ oo
R h
owate® ./ ouaiem % ‘ 3
- & Z o R2:0.034

ot durchmossor Data Sampler




Design-based (Prediger 2012)
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(Prediger 2012)
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Results

School-specific data
case study in 3
architectures



The school-specific data case study

enables students using a real world data case
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The data case study
School-specific challenges in the transfer process

Lack of programming Data Case / Lab

skills | The time for
preparing the data

Lack of domain cases Is limited.

knowledge




~ Get an overview of the dataset.

Drag @ Data Table onto the workspace and connect the output of
® Datasets to the input of @ Data Table.

.

Look at the data on abalones using @ Data Table and fill in the gaps. ———————————

al

Q
= ome ‘ Bottom-Up
The data set includes measurements of sea snails known
cesmeasy e 0 =
as abalone andis organized into organized into columns. : @
. File (ii]\ég;l‘e Datasets SQL Table |
The columns represent different of |
) ) @ E m EH g Data Table |
the abalones. Translated into English, we have data on the ra 3| &)
follOWI ng Charactenstlcs Data Table  Paint Data Data Info Rank 3
3 t
s @/ I B
Ly Ts A =nil
2‘ DoEr?-liatin Color Si:?i:ﬂ; Save Data Datasets £
2
Transform ® ° e
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4177 instances (no missing data)
SaDr::)aler Ciletlﬁncr:s S;gacst flanspose 8 features 2 7 M 0.350
Numeric outcome 3 9 F 0.530
ﬁ E ﬁ Y No meta attributes. 4 10 M 0.440
5 i | 0.330
E EEE E .. Variables 6 8 | 0.425
Merge Data Concat SRRy 20 F 0.530
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Visualize numeric values 9 9 M 0.475
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' Aufgabe 3. QQ Berichte deiner Nachbarin oder deinem Nachbarn von dem Umwelt- Erledigt?

Os problem, tiber das du gelesen hast. Frage deine Nachbarin oder deinen
Nachbarn nach dem Umweltproblem in ihrem oder seinem Bericht.
Notiere die Griinde fiir das Aussterben der Abalonen.

é. >2 “"“nﬁ*"}, Ance 1 € [u/eﬂ‘m \/V‘)‘S)‘){ ul U/ (‘Vf‘ I:I

Warum diirfen die Abalonen im Norden nicht gefangen werden? Einigt
euch und notiert das Ergebnis.
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Aufgabe 4. Q Notiere, was Uber die Abalonen im Norden und im Stiden bekannt ist.
Os
8:34

Abalonen im Norden
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Aufgabe 5. Q |hr habt einen Datensatz Abalone mit den Messungen von 4177 nord-

, lichen Abalonen erhalten. Ihr schlagt vor, aus diesem Datensatz eine
Os MindestgroBe flir den Fang im Norden zu bestimmen, um den Norden
8 ! 3 ? fuir Taucher zu 6ffnen. Nennt vier Beteiligte, die an oder von dem Ergeb-

Abalonen im Siiden

¢ind (')(V

Um S(I‘w(rt'

nis eurer Arbeit betroffen sind.
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Aufgabe 6. 2 EINZELARBEIT: Nenne zwei beschreibende Fragen, die du untersuchen
®5, musst, um den Norden fiir Abalone-Taucher zu 6ffnen.

Wie  hal  sich e (Pqu/ﬂ\/( }o 3(/41174/

(Sf 39
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Aufgabe 7. Q Vergleiche deine Antworten zu Aufgabeimit denen deiner Nachbarin
O oder deines Nachbarn. Habt ihr die gleichen Schwerpunkte gesetzt? D
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5

Learning products are the data flow and
the written interpretation of findings
derived from the stages of the data-

driven lifecycle
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Challenges -‘

Bottom-Up
Overemphasis on the There 1s no reflection on
operating skills of Orange3 the data-driven lifecycle.

a

n
s



Which

information is

stored in your
11. £ dataset?

M Do you see any
a Table 1 2 anomalieS in yOUF

/ dataset?

o : fewA 1 .
FFFFFF Top-Down
. ] .
: _ What do the scatter
A2 Particulate Matter PM2.5
@ plots show? Can you )
D) oo identify any trends? 3. Examine the scatter plots.
eeeeeeeeeeeee () % NOx

| summarize your impressions of the
» < trend and any notable features.
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o) ) - (e A3: Give the branch a meaningful
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Interpretation of findi
. findin
lifecycle (from the leaf ﬁzgfsr; the data-driven

[l . .
¥ | ont VR VES
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investigate leaf widgets

1. Lade den-Datensatz in Orange3 und fasse deinen ersten

Eindruck uber die Daten zusammen.
w3, i2

n und fasse deinen zweiten

5. Betrachte die visualisierunge
mmen (vor allem im-Hinblick auf

Eindruck uber die Daten zusa
Auffémgke'\ten)

3. Uperprife die Dokumentation. Fasse kurz zusammen, woher

der Datensatz kommt.

n 1-3 lies das Ziel noch einmal
RT-Kriterien entspricht.

Vor dem Hintergrund der Analyse VO
durch und begrﬂnde, ob es den SMA

4. Betrachte das Scatter plot. Fasse deinen Eindruck tber den
Trend und die Auffalligkeiten zusammen.

t (und optional 6. Bar Plot). Fasse deinen
falligkeiten zusammen.

5. Betrachte das Line Plo
Eindruck uber den Trend und die AU

vergleiche die Darstellungsarten in 4,5,6. Fasse ihre Starken und
schwachen fur die Analyse von Temperatmdaten zusammen.
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Fasse die Erkenntnisse aus d
Ziel zusammen.
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\ch habe die Frage vollstandig

Checkpoint ®: )
| teilweise | ga

5tz ist relevant fur meine fFragestellung.

o Der Datens

A3 Gip

% Wosts p
U dien
ect Rowys ant gas Widget

i ]
Select Coluvent das Wiger

. Ich habe ein erstes Verstandnis des Datensatzes.
\ch weik, ob der Datensatz auffalligkeiten enthalt. = ich weib, welche Analysen notwendig sind, U! POmain ap gigga Vi
ausfuhrlicherzu peantworten. . leser steueg?et Edit
Prepro2d dient das vy
Process g as Widget

ein
Phasenij € aussa, "
4-6. nuberscmi gé’kramge

Description of
: the st
llfeCyC[e

ch die y;
Wid, y
oilen, () 56t in den 4
nin m den ZWZ” Asten (1-7)
put ung OutpUtd r eianl[l]Jnd beantwe
des wj en Wi rte dj
id| e

e
° ge S Fra, "
N . ts sow; 2U verst, hgen hinter
uf dj en, den
4 st o, ie Inf , lohnt roten
| et ata Tabia g 0 2U werf, es sich
| N0 targay e 205 % ms en, A
VA2 % missng o b
et Ao gy 440
@ | Order > Chovoriazs BeATRic o, “ATTUOE
P e, 0
i@_{ Y7 v SN0cizas, o TREAL 633y |
R T o CMo000105, NO:'E'NAMDN P

a5
478017

Cine ayss,

agekraft

rschri _Eft,

Ch"’fthirdefist
A

leser Stelle?

Wiy ‘

i v 6”[1,7 "

S 2
an dieser

e
dieser Stellar

ftfir ie Aste



Three Architectures

Data Case / Lab

—

-

Puzzle-like



Challenges

_

Top-Down
Data case studies offer [ q
few opportunities for
exchange, “Where | o ’
really need to say D) (3 @ (D
something to someone Q
else, where | really (...)
get into a real Students lack basic

conversation.” (STT1W3) debugging skills.
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Learning artifact: reconstructed data flow
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Summary

Puzzle-like

Bottom-Up Top-Down



il ) (-

Challenges Bottom-Up Top-Down  Puzzle-like
Lack of programming experience Yes Yes Yes
Reflection on the process No Yes Yes
Lack of debugging skills No NO Yes
Data Conce ptS and practlces Introduction to a Phases in Data ﬂOW’

data practice or  the data debugging

data concept flow, | flows

reflection

on this
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