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What is human
learning ?
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Learning is an enduring change in
behavior, or in capacity to behave in a
given fashion, which results from
practice or other forms of experience.
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What would happen without the
capacity to learn ?

4 Center of Advanced Technology for Assisted Learning and Predictive Analytics
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- No adaptation to environmental stimuli: reflexes would be innate but could not be refined.- Brain
Biological Development plasticity would be virtually zero - sensory perception would remain crude, motor skills
uncoordinated.- High mortality: dangers would not be recognized or avoided.

- Language could not be acquired; at most, innate sound patterns.- No recognition of objects or
Child Development people beyond reflexive reactions.- No development of attachment or play - extreme dependence
on rigid care routines.

- Use of tools impossible: knives or fire would be useless because their function wouldn’t be
Everyday Actions understood.- No memory of cause-and-effect relationships (e.g., tripping - pain), leading to
constant repetition of the same mistakes.

- Culture, tradition, and morality rely on transmitted knowledge - all would disappear.- Cooperation
Social Structures would be at most instinct-based (e.g., group protection).- Role distribution, division of labor,
education: not feasible.

. - No cumulative knowledge = lack of historical consciousness.- Art, music, religion rely on symbolic
Society & Culture , ) , , 146 K -
learning = not possible.- Values and norms could not be internalized.

- Language is a highly learning-intensive system; without it, hardly any abstract thinking.- Inner

Language & Thinking dialogue, planning, and problem-solving would be severely limited. *I
- Learning ability is a key advantage of complex species.- Homo sapiens probably would never have .
Evolutionary Perspective |prevailed — the inability to learn would have nullified the selective pressure toward flexible ° ¢ ]
intelligence. ' .

Center of Advanced Technology for Assisted Learning and Predictive Analytics
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How is learning understood
and theorised ?
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What are explanation of learning and how are the processes modeled ?

* Learning theories formulate the underlying

, Models of Human Learning
concepts and can be structured into groups.

* Knowledge, skills, and attitudes develop
through external stimuli, feedback loops,
reinforcement, models, practice, reflection, | |

— Stimulus Information- ‘ Assimilation J
Processing |

« More recent theories also emphasize the —| Response {A°°°mm°da“°”’

[Behaviorism} [Cognitivism ] [Constructivism}

R . . . I
social networks in which knowledge is I S —

[ Scaffbuilding |

distributed and to which we have access.

L
y
Social Experiential Gonnachiviam Q .T
Learning Theor Learning "1
* Al is becoming an increasingly important | | ' TN
com : Concrete Experienc% ( Networks ] T~
ponent in these networks and

I
processes — we use resources in our [ Abstract Learning | ngiﬁg\{% ) J

network and connect nodes, agents, |
Abstract ; : . C ti g
databases Experimenting ‘Actlve Expenmentmg’ onnections .4
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How can we use this for design of
learning environments ?

8 Center of Advanced Technology for Assisted Learning and Predictive Analytics
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HOW LEARNING HAPPENS
Seminal Works in Educational
Psychology and What They

Mean in Practice

1 SECOND EDITION

PAULA KlRSCHN‘E’vR & CARL HENDRICK

LLUSTRATED BY OUVER CAVIGL

2 | INDEPENDENT LEARNERS

WHY INDEPENDENT

LEARNING IS NOT A GOOD
I 2 WAY TO BECOME AN

INDEPENDENT LEARNER

—
SELF REGULATION

7 DO 104324/9781003395713-15

3

3 | AHLYES.| REMEMBER ITWELL

AH,YES, | REMEMBER IT WELL

—
EPISODIC AND SEMANTIC MEMORY

SEMANTIC MEMORY

\NFLUENCE
31ng1yINGd

EPISopic MEMORY

DO 104324/9781003395713-4

6 | ANOVICE IS NOT A UTTLE EXPERT

A NOVICE IS NOTA LITTLE
EXPERT

—
NOVICES AND EXPERTS

DO 104324/9781003395712.8

7| TAKE A LOAD OFF ME

7 TAKE A LOAD OFF ME

—_—
PROBLEM SOLVING

COMMUNICATION COLLABORATION

CREATIVITY CRITICAL
THINKING

_
e

DO 10.42249781003395713-9

5 | DO YOU KNGW WHAT YOU KNOW?

DO YOU KNOW WHAT YOU
KNOW? METACOGNITION

DO 104324/9781003395713.6

3 | BEUEFS ABOUT INTELLIGENCE CAN AFFECT INTELUGENCE

BELIEFS ABOUT
INTELLIGENCE CAN AFFECT
INTELLIGENCE

—
MINDSET

1 CAN
IFITRY

DO 10.4324/9781003395713-16

0 | ONE PICTURE AND ONE THOUSAND WORDS

ONE PICTURE AND ONE
THOUSAND WORDS

e
DUAL CODING

VERBAL STIMULI VISUAL STIMULI

DO 1043249

16 | WHERE ARE WE GOING AND HOW DOWE GET THERE

I WHERE ARE WE GOING AND
HOW DO WE GET THERE?

—_—
GOAL ORIENTATION

w @ AVOID MAKING-
- MISTAKES
LAY -, o
nesan ()., @ AVOIDLOSING
PERFECTLY. S

167 DO 104324/9781003995713-19

15

15 | PERCEPTION OF ACHEVEMENT IS MPORTANT

HOWYOU THINK ABOUT
ACHIEVEMENT IS MORE
IMPORTANT THAN THE
ACHIEVEMENT ITSELF

—_—
ATTRIBUTION THEORY

DO 104324/9781003395713-18
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Does Technology
Enhance Learning ?
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Learning Technologies 2005-2025, 1985-20??

Einsatzgebiete von EdTech 1985-2025

Intelligent Tutorin Massive Kiinstliche
Systeme Online Courses Intelligenz
1985 . 20.05 20.25
o o 4
20 Jahre EdTech Einsatzgebiete (2005-2025) 1995 |
= 9005 —————2010———— 5015 —— 2025 2050
: Computergestiitztes Multimedia- Adaptive
Lernen Inhalte Plattformen Lernsysteme
Multimedia- Blended Mobile
Learning

Inhalte Learnin g

Learning Management Adaptive Learning  Mobile Learning Virtuelle/Augmentierte

Systeme Personalisierte Lernen per Realitat

Plattformen Lernpfade Smartphone und Immersive
fiir digitale Kurse . Tablet Lernumgebungen

™ A6

Game-based Learning Lern-Analytics Microlearning

Spielen als Nutzungsdaten Lernen in Freie
Lernmethode auswerten kleinen Einheiten Bildungsma-tei-
alien

1 Center of Advanced Technology for Assisted Learning and Predictive Analytics ,‘
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- 1. Gliedern .70

2. Zusammenfassen .70

Erwerb von 6,0

_ Ry,
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Al in Education

e Zawacki-Richter et. al in 2019 found four main areas of application of Al
a) Adaptive Systems und Personalisation,
b) Assessment and Evaluation,
c) Profiling and Prediction
d) Intelligent Tutoring Systems

* In the last 30 years some limited success stories of EdTech

* a) Learning Analytics and Recommender Systems
b) Assessment and Evaluation
c) Intelligent Tutoring

Zawacki-Richter, O., Marin, V. 1., Bond, M., & Gouverneur, F. (2019). Systematic review of research on artificial

intelligence applications in higher education—where are the educators?. International Journal of Educational
Technology in Higher Education, 16(1), 39.

Center of Advanced Technology for Assisted Learning and Predictive Analytics



@ FernUniversitat in Hagen CATALPA

(

Tutoring and the Matthew Effekt: , Effects of previous knowledge on tutoring ...”

lllustrative Achievement Gap Under Al Tutoring
0.4r¢f High achievers

—o— Low achievers
0.3F
0.2F

0.1f

0.0

Mean improvement (Hedges g units)

0.1}

3 4 5 6 7
Weeks of tutoring intervention

ol
—
N
o+

Steenbergen-Hu, S., & Cooper, H. (2013). A meta-analysis of the effectiveness of intelligent tutoring systems on K—
12 students’ mathematical learning. Journal of Educational Psychology, 105(4), 970-987.
https://doi.org/10.1037/a0032447
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Centre for Education ’ 8 el -
and Learning g . S )

Leiden-Delft-Erasmus Universities

Dié ital Literacy and
Future Competences

RESEARCH
FOR EDUCATION

PROJECT OVERVIEW 19-24

https://www.educationandlearning.nl/home
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';lf::.J:'Reuters World v Business vV Markets v  Sustainability v Legal v Breakingviews vV Technology vV Investigations More

ChatGPT sets record for fastest-growing

N ovenm be r 30 user base - analyst note
! e
2022 public

access to
C h atG PT What is ChatGPT?

ChatGPT Jan 9 Versioimore stable service.! Preview. Our goal is to n

Feb 1 (Reuters) - ChatGPT, the popular chatbot from OpenAl, is estimated to have reached 100 million
monthly active users in January, just two months after launch, making it the fastest-growing consumer

application in history, according to a UBS study on Wednesday.

The report, citing data from analytics firm Similarweb, said an average of about 13 million unique visitors
had used ChatGPT per day in January, more than double the levels of December.

17 Center of Advanced Technology for Assisted Learning and Predictive Analytics ‘
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How does Al link to human learning and
how is it modelled?

i

Animat(?d Math

)

P

My name is Grant Sanderson. Videos here cove

3blueTlbrown.com und 7 weitere Links

3Blue1Brown ¢ 4 * -
@3bluelbrown - 7,33 Mio. Abonnenten - 214 Videos — -- ‘
.- L" —

.- 3
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Entwicklung von KI (Neuronalen Netzen) .
Zeitleiste der
. Kl-Meilensteine 1950-202
* The Role of the Perceptron as the First ARSI IS U2 mpaton
Model of a Neural Network 1950 Turing-Test Erweiterte
° Konzept Kerka!hrenvon
* Rule-based systems in chess, e Intelligenz
DeepBlue vs. Kasparov 1958 Perceptron g Argumentation
.. . ? Lemen
* Cognitive models like ACT-R for
A 1997 D BI . © _ Wahrneh
“Cognitive Tutors” 2 stﬁ,?(fgisdﬁ'; g "enrmenming
Denken
 Watson plays Jeopardy (2011) sl @ Kreativtit
* Image recognition with AlexNet, I i @ e
. clge . prache
trained on 14 million images 2012 R oNeL
] ] ] | Wahrnehmung )
* AlphaGo (2016, DeepMind): Combination of ety e 0 Problemlsen
convolutional networks and tree search Tl i
@ ultimodales
. T . . 2018 BERT Reasoning
Bidirectional Encoder Representations from e )
Transformers (BERT) I =prachiliocl
_ _ 2020 GPT-3
* G@Generative Pre-Trained Transformers [ emmE
. Sprachverstandnis
(GPT-40, ~1.8 billion parameters)

19
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Perceptron und die Recognition of characters

https://www.youtube.com/watch?v=aircAruvnKk&t=13s

20 Center of Advanced Technology for Assisted Learning and Predictive Analytics




@ FernUniversitat in Hagen CATALPA

Transformers, Multi-Layer Perceptrons, and Attention

Transformers (how LLMs work) explained visually | DL5

Learn from data

% — miniature schnauzer

Machine Learning

Deep Learning
Multilayer Perceptrons

Convolutior

https://www.youtube.com/watch?v=wjZofJXOv4M&t=183s

21 Center of Advanced Technology for Assisted Learning and Predictive Analytics



Shelter Construction

https://youtu.be/kopolLzvh5jY?si=G8DNiB90-JtGlQa7



Example of GPT-4 visual input:

Exam GPT-4 User What is funny about this image? Describe it panel by panel.
Uniform Bar Exam (MBE+MEE+MPT) 298 / 400 (~90th)
LSAT 163 (~88th)
SAT Evidence-Based Reading & Writing 710/ 800 (~93rd)
SAT Math 700 / 800 (~89th)
Graduate Record Examination (GRE) Quantitative 163 /170 (~80th)
Graduate Record Examination (GRE) Verbal 169 / 170 (~99th)
Graduate Record Examination (GRE) Writing 4 /6 (~54th)
USABO Semifinal Exam 2020 87 /150 (99th - 100th) |
USNCO Local Section Exam 2022 36/60 o ’/'
Medical Knowledge Self-Assessment Program 75 % . -"m"l'l-’/) i — W J—
Codeforces Rating 392 (below 5th) _ o .
GPT-4 The image shows a package for a "Lightning Cable" adapter with three panels.
AP Art HiStOl'y 5 (Sﬁth - IOOth) Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con-
nector typically used for computer monitors) plugged into its charging port.
AP Biology 5 (85th - 100th) oropey puicrmonior) plusgeding s chareine por
Panel 2: The package for the "Lightning Cable" adapter with a picture of
AP Calculus BC 4 (43rd - 59th) 2 Vi vonnector an It
. Panel 3: A close-up of the VGA connector with a small Lightning con-
AP ChemlStry 4 (7 Ist - Sgth) nector (used for chargli)ng iP;lones and other A[t)plevdvevic:s) at the en%l.t i
AP Enghsh Language and Composition 2 (14[’_11 - 44th) The humor in this image comes from the absurdity of plugging a large,
outdated VGA connector into a small, modern smartphone charging port.
AP EnghSh Literature alld ComPOSiﬁOH 2 (Sth - 221’1(1) Table 3. Example prompt demonstrating GPT-4’s visual input capability. The prompt consists of a
question about an image with multiple panels which GPT-4 is able to answer.
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How is gen Al used in
Higher Education and what works ?

24 Center of Advanced Technology for Assisted Learning and Predictive Analytics






Function

Citations

@ F_E Feedback

Generation

Examples

Formative Feedback -
Summative Feedback - Rubric-
Based Feedback

Lee, S. S., & Moore, R. L. (2024). Harnessing generative Al for automated
feedback in higher education: A systematic review. Online Learning Journal,
28(3), 82-104. https://doi.org/10.24059/0lj.v28i3.4593

Writing Assistance

Idea Generation - Text
Structuring - Language and
Grammar Correction

Barrett, A., & Pack, A. (2023). Not quite eye to A.l. International Journal of

Educational Technology in Higher Education, 20, 59.
https://doi.org/10.1186/s41239-023-00427-0

Simulation of Oral
Exams

Oral Exams - OSCE Scenarios -
Viva Voce Training

Scherr, R., et al. (2023). ChatGPT interactive medical simulations for early clinical
education. JMIR Medical Education, 9, e49877. https://doi.org/10.2196/49877

Idea Development

Brainstorming Prompts -
Concept Mapping - Perspective
Shifting

Habib, S., et al. (2024). How does generative artificial intelligence impact student
creativity? Journal of Creativity, 34(1), 100072.
https://doi.org/10.1016/j.yjoc.2023.100072

Scaffolding

Layered Hints - Step-by-Step
Tasks - Worked Examples

Liao, J., et al. (2024). Scaffolding computational thinking with ChatGPT. IEEE
Transactions on Learning Technologies, 17(9), 1668—1682.
https://doi.org/10.1109/TLT.2024.3392896

Text Simplification

Simplified Rewording -
Summarization - Glossary
Generation

Celik, F., et al. (2024). Does Al simplification of authentic blog texts improve
reading comprehension...? IRRODL, 25(3).
https://doi.org/10.19173/irrodl.v25i3.7779

Promotion of
Metacognition

Reflection Questions - Self-
Assessments - Al-Supported
Solution Comparisons

Dilekli, Y., & Boyraz, S. (2024). From “Can Al think?” to “Can Al help thinking
deeper?” IIMES, 8(1), 49-71. https://doi.org/10.51383/ijonmes.2024.316

Dynamic Difficulty - Spaced

Li, H., et al. (2024). Bringing generative Al to adaptive learning in education.

A ive Task " L
daptiveTasks |Repetition Planning - Mastery | ;. 5102 14601. https://arxiv.org /abs/2402.14601

Learning Loops

e aaellocc ot ny Nikolopoulou, K. (2024). Generative artificial intelligence in higher education
—1Group Work Collaborative Writing - Role P o ' g 8

24
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https://doi.org/10.1186/s41239-023-00427-0
https://doi.org/10.1186/s41239-023-00427-0
https://doi.org/10.1186/s41239-023-00427-0
https://doi.org/10.1186/s41239-023-00427-0
https://doi.org/10.1186/s41239-023-00427-0
https://doi.org/10.1186/s41239-023-00427-0
https://doi.org/10.2196/49877
https://doi.org/10.1016/j.yjoc.2023.100072
https://doi.org/10.1109/TLT.2024.3392896
https://doi.org/10.19173/irrodl.v25i3.7779
https://doi.org/10.51383/ijonmes.2024.316
https://arxiv.org/abs/2402.14601
https://doi.org/10.55210/ijce.2024.2489
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Does it work ?

27 Center of Advanced Technology for Assisted Learning and Predictive Analytics
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Recent Meta-Studies

Reported Overall Measured
Meta-Study (Peer-reviewed) Dataset / n Effect Size* Outcomes Key Moderator Findings
Yang, Huang & Zhang’(2025‘). The effect of g = 0.87 (Learning Grades/test ‘ armer & vt iervantiens <4
ChatGPT on students’ learning performance) g =0.46 scores, perceived
. . . . . weeks and when ChatGPT used as
1 |performance, learning perception and 51 (Nov 22 —Feb 25) |(Learning perception) g= |learning progress,
. e . : ) feedback generator rather than text
higher-order thinking”. Nature Humanities 0.46 (Higher-order higher-order B —
& Social Sciences Commes. thinking)* thinking
Qu, X., Sherwood, J., Liu, P., & Aleisa, N.
(2025, April). Generative Al Tools in Higher : :
Education: A Meta-Analysis of Cognitive g=1.34(95%Cl 1.17- AnERERE & Effects esp‘eually stro‘n‘g n
2 : 43 understanding programming and writing courses;
Impact. In Proceedings of the Extended 1.50) - heterogeneity Q =92.1 (p < .001)
Abstracts of the CHI Conference on Human g g Y Sps-
Factors in Computing Systems (pp. 1-9). | L
Liu, X., Guo, B., He, W., & Hu, X. (2025). “;
et gengratwe art|f|c.|al mteIhgen’ce . g = 0.62 (Motivation) g= |Motivation, Effect on motivation decreases
on K-12 and higher education students 38 (22 higher . . e
3 . ) . : 0.71 (Academic performance, self- |significantly after >8 weeks (g =
learning outcomes: A meta-analysis. education studies) e officac 0.30)
Journal of Educational Computing Research, P Y '
07356331251329185.
BIEIIED i iz iy W 2 (U (3 HT Greatest benefit when LLM tasks
(2024). Does ChatGPT enhance student : : , . L .
: : . 2Hmainly-higher Hedges’ g = 0.54 Exam results, combined with instructional
e R e e s metas education} (Performance) writing qualit design/rubrics; no gain with pure
|analysis of experimental studies. g quatity ,,Mf, . 2 £




@ FernUniversitat in Hagen CATALPA

#3 What are challenges of using gen Al in Education ?

Center of Advanced Technology for Assisted Learning and Predictive Analytics
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Centreal research questions and challenges for AIED develpment

* Perception, Expectation, Conception, Acceptance ... Al in Learning Environments
* What expectations and conceptual differences exist regarding Al?
* What are the barriers and obstacles to adoption?
* What are the factors for efficient, effective, and ethical use of Al?

* Designing Learning-Supportive Interaction in Hybrid Learning Environments
* Processing information: Understanding content and critical thinking
e Structuring problems: Algorithmic and computational thinking
* Evidence-based action: Seeking help, formulating questions, and arguing

* Motivation and Emotion in Knowledge Acquisition in Hybrid Learning Environments
* Why should | learn something when | have an LLM in my pocket?
* How can Al be motivating, emotionally supportive, and cognitively beneficial?
* What types of competencies do | need to collaborate with AI?

30 Center of Advanced Technology for Assisted Learning and Predictive Analytics
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A) Perception, Expectation,
Conception, Acceptance

Was sind die Erwartungen und Wahrnehmungen von Kl Systemen?

CATALPA — Center of Advanced Technology for Assisted Learning and Predictive Analytics @ FernUnlverSItat in Hﬂgﬂﬂ
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Conceptions and use of Al

Age Group

Type of Personification

Social/Emotional PersonificationThey treat Al

Typical Expressions or

Behaviors

- Naming or gendering Al-

friend, but a tool with personality.

Teens & Gen | like a peer, friend, or companion. They use Talking to it casually-

Z (£25) chatbots for fun, stress relief, or creative Assigning emaotional tone or
expression. mood to responses

Millennials Functional PersonificationThey see Al as a - Thanking Al- Expecting it to

(26-40) clever assistant or smart co-worker—not a “understand” intent- Using

humor or sarcasm in prompts

Gen X (41-55)

Skeptical/Minimal PersonificationMore likely to
treat Al as a neutral tool. They may see
personification as unnecessary or
manipulative.

- Rare use of names-
Frustration when Al “acts too
human”- More critical or task-
oriented use

Young people are
spending their
time 1n a space
which adults
find difficult to
supervise or
understand ...

Dl\lGS

Their Space
Education for a digital
genera tion

nnnnnnnnnnn
Celia Hannon

Older Adults
(56+)

Cautious HumanizationSome assign human-
like qualities to Al if it helps understanding,
especially in speech interfaces. But many are
uncomfortable with too much personification.

- Prefer formal address- Find
overly human Al uncanny or
untrustworthy- Value
transparency

lictive Analytics




@ FernUniversitat in Hagen

CATALPA

Pilotprojects Fernuni Hagen

Title Description

ChatGPT for Support with R Code

Use of ChatGPT to support students with R code in bachelor’s theses. Introduction to the
use of ChatGPT for R code.

ChatGPT as a Virtual Tutor for R Code

Use of ChatGPT as a virtual tutor for R code in seminars. Promoting independent thinking
through hints rather than solutions.

Fostering Prompt Engineering and
Reflection Skills with ChatGPT

Promoting prompt engineering and reflection skills with ChatGPT. Teaching the ability to
critically evaluate Al-generated texts.

Module “Applied Econometrics”

Use of ChatGPT to support R code in portfolio exams. Support with analysis and
optimization of R code.

Integration of ChatGPT in the Digital
Humanities Module

Integration of Al-supported applications into the Digital Humanities module. Teaching
technical fundamentals for Al tools.

f

Overview of Projects for the Al
Experimentation Environment

Support for programming R code and optimizing term papers. Providing clear support for
R code and academic writing.

Module “Logistics and Supply Chain
Management”

Development of a chatbot to answer questions in the Logistics module. Processing of
gualitative and quantitative course content.

Module “3B — Management and
Execution of a Project”

Al-supported supervision in the module “Internship Project and Report”. High supervision
effort due to repetitive questions.

Al-generated R Code

Use of open source LLMs to generate R code for data analysis. Scalable implementation of
an open source LLM.

33
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B) Design of Learning Environments: Learning
Engineering in the CATALPA Living Lab

CATALPA — Center of Advanced Technology for Assisted Learning and Predictive Analytics @ FernUnlverSItat in Hﬂgﬂﬂ
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What are key challenges in the integration and use of gen Al in learning environments ?

Cognitive Offloading und Metacognitive Laziness (Fan et al., 2025)

* How to support criticial thinking in environments that can just solve the problem ?

Productive Help-Seeking (Valle-Torre et al., 2025)

* How do I ask question to learn ?

* Goal-setting and self-regulation (Martins Van Jaarsveld et al., 2025)
* How can I structure my learning process with goals and monitor them ?

Effects of Over-reliance AND Under-reliance (Zhai et al., 2024)
* How do I learn with Al to solve problems without Al ?

35 Center of Advanced Technology for Assisted Learning and Predictive Analytics



Guided goal-setting and
personalized support

- Test the effectiveness of a learning analytics
supported goal setting and monitoring tool in
supporting student performance.

« To understand how individual characteristics
influence how students use and benefit from
this tool.

- To understand how learning analytics tools
can be personalized to improve their
effectiveness.

Van Jaarsveld, G. M., Wong, J., Baars, M., Paas, F., & Specht, M. (2021).
Learning analytics supported goal setting in online learning environments.

In EC-TEL (Doctoral Consortium) (pp. 4-14).

Az

@ Goal Setting Assistance Bot
Let's set some qoals

@

Hi there, I'm your very own Goa
setting Assistance Bot, or Gab for
short!

To get started, can you type the
participant number you received

n your invitation email?

453624

Welcome back Gabrielle!

Would you like to set some new
goals today, or recard your
progress on the goals you set last
time?

Let's set some new goals!

Great, then let's get goal setting!

an vou name one goal would you like
“ irk on this week?
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The CATALPA Living Lab approach

* Interdisciplinary Center
* NLP, Learning Analytics, Learning Science, Social and Educational Psychology,
Human-Computer Interaction, Learning-Environment Design

* Joint projects on central aspects of using Al in Higher Education
* Integrated Instructional Design,
* Analytics and Assessment,
* Deliberate practice and human-Al interaction,
* Feedback design,
e Self-Regulation and affective states
* Maturity levels from early prototypes to continuous evaluation in course modules

* Experimental and lab studies,
* Piloting educational innovations in all faculties,
* Course embedded evaluations with potentially 75k students
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Learning Engineering in 2025

The LIVIng Lab Identify and under-
App roach stand challenges for

application contexts

Prototyping/
fast responses

Support for
prototype transfer

From prototypes to
technical implementation

in daily operation 1.

ZDI* . ~

ZLI*

Bases for analysis
and possible applica-
tions for Al and
learning analytics

Close cooperation
with teachers and
students

Access to over

70,000 students

Evaluation/ Field access

* ZLI: Center for Learning and Innovation Results prototypes
ZDI: Center for Digitalization and IT
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Design of Research Interventions and Prototypes

Knowledge Acquisition Regulation Motivation

Learning Science

based interventions Critical Goal-Setting and Motivation,

Thinking Regulation Curlosity

Intelligente Learning Support
Infrastructure

Logging, Learning Analytics, and Learnermodeling

Flexi-Server “Conversational Agent Personas”
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Unser lokaler Ansatz! FLEXI - FernUni LLM Experimental Infrastructure

Applications T. Zesch, M. Hanses, N. Seidel, P. Aggarwal, D. Veiel and C. De Witt, "Flexible
LLM Experimental Infrastructure (Flexi) — Enabling Experimentation and
[ Chat ] [ Q&A } [ ] Innovation in Higher Education Through Access to Open LLMs," 2024 21st
: International Conference on Information Technology Based Higher Education

and Training (ITHET), Paris, France, 2024

[ Questl?n J{ Feedback ]
Generation

1 local

— university

Open server

&

Cloud

LLM O
e sl http://dx.doi.org/10.1109/ITHET61869.2024.10837635
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Lernumgebung mit KI Agent (flexible Prompting)

[— [a— fr—
Paychologle des r r F 1 o
(an Litvaoa sud Loy B3 et | > File Edit View Run Kernel Git Tabs Settings Help < la
il +Chat Openachat ~ [ Launcher x for_loops.ipynb X |+ o
- JELAI & 0 X + % @ [ » ® C » Markdown>v O - Openin.. & Python 3 (ipykernel) O =
o student 300 FPM Opdracht 1 - Reeksen Printen 8
® Can you explain for loops to me in Python? Print de volgende 2 reeksen onder elkaar:
| need to use it to print a series of
numbers. 2-4-6-8-10- 12 - 14
=
29 - 24 -19 - 14 - 9
Juno 3:00 PM
= A for loop is used to repeat a set of Maak allebei de reeksen met een for loop en met een while loop.
instructions for each item in a collection. In Je hebt in totaal dus 4 | ,
e hel intotaal dus oops!
#§ Python, the syntax fora for loopis: P
for variable in iterable:
=} # do something with variable
] |'D .
= Opdracht 2 - Rechthoek Printen 2.0
For example, if you want to print numbers Vraag de gebruiker met inputs om een letter, een hoogte en een breedte. Teken nu een rechthoek zoals hieronder:
from 1to 5, you can use a list as the
iterable: A o L
wHARS S
numbers = [1, 2, 3, 4, 5] P .
for num in numbers: #EHps
print (num) R Te ° -
s T 2 0 " . _
. . - - h en. De letter wordt gebruikt in plaats van de hashtags. '
> images You are an expert in Statistics for Social Science and the R language. -

You will receive a structured request containing a student's question, the relevant learning ob:

- jupyterhub-docker

v middleware #kCRITICAL RULES: %

1. *xPRIORITIZE the 'Student Question'.xx Your answer MUST directly address it.

2. xxIf the 'Student Question' is vague, conversational (like 'hi‘, ‘thanks'), or doesn't ask pals hieronder:
3. D0 NOT solve the overall assignment described in the 'Assignment' context unless the 'Stuc

4. kD0 NOT provide advice, encouragement, or complete code solutions spanning multiple steps.>
5
6

> ea_handler.py
v inputs

assignment_description.txt . p i
9 - P . *kFocus SOLELY on the technical facts needed for the specific 'Student Question'.ssk Mode: Command &  Ln1, Col 1 RTC:for_loops.ipynb E‘]

£ classification_options.txt . xxBe brief and direct.** Output only the necessary technical fact or the specific refusal me

classification_prompt.txt

Al.

= ea_system_prompt.txt

learning_objectives.txt

ta_system_prompt.txt

> ta_handler.py Assisted Learning and Predictive Analytics — ‘
_-—M
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Erste Resultate, Hilfeanfragen von Lernenden an Kl Agenten (Python)

CATALPA

Category Type Before Midterm | After Midterm
High Low High Low
(N=113) | (N=154) | (N=30) | (N=82)
Code Comprehension Instrumental | 26% 16% 37% 7%
Concept Comprehension Instrumental | 24% 20% 33% 37%
Error Comprehension Instrumental 3% 3% 13% 5%
Question Comprehension Instrumental 0% 1% 0% 6%
Task Related Delegation Instrumental | 17% 0% 7% 0%
Instrumental Total 70% 40% 90% 55%
Copying Notebook Questions Executive 4% 29% 0% 18%
Fix this code / error Executive 8% 19% 3% 9%
Pasting Code Without Explanation | Executive 3% 8% 0% 2%
Executive Total 15% 56% 3% 29%
Chatbot Interaction Other 1% 1% 7% 9%
Random Other 4% 3% 0% 7%
Other Total 15% 4% 7% 16%

Table 5.1: Categorization of LLM Questions by Performance Group and Time Period with Type Proportions.
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Performance of hybrid teams Human sugmentation

Human-Al system versus human alone

human-Al group

e Meta-Study on the Performance of Human-Al Teams erpaorm e
(Vaccaro et al., 2024) =
* On average, human-machine combinations perform worse
than either humans or machines alone (Hedges’ g = -0.23;
95% confidence interval, -0.39 to -0.07).

e Performance is lower in decision-making tasks and better in
creative tasks.

 When humans alone perform better, Al often improves the
outcome.

The human-Al group

outperforms the
human alone
(n =314, 85%)

* When the machine alone performs better, human
involvement often worsens the result.

* Mechanisms of Augmentation/Hindrance in Human Learning

»
« Average: g=0.64 (0.53 to 0.74) '
[

* Human-Al synergy or Human augmentation | i - Vel

-3 0 3 6
Effect sizes (Hedges’ g) with 95% confidence intervals
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