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Al in education (AIED)

Long tradition, dates almost from the inception of the Al field

The overarching objective: personalized instruction/learning at scale
Intelligent tutoring systems as the most prominent form of AIED
Plenty of beautiful ideas, but the technology was not mature enough

Primarily research prototypes, with little real-world applications



A big shift in AIED with Generative Al

Image sources: https://en.m.wikipedia.org/wiki/File:ChatGPT_logo.svg ; h //www.nytim m/2023/01/12/technology/ch -schools- hers.html
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A big shift in AIED with Generative Al

Up to the launch of ChatGPT

From the launch of ChatGPT onwards

The overall
approach to AIED

Top-down, led by interdisciplinary
teams of researchers and/or
practitioners

Bottom up (grassroots), led by teacher
enthusiasts

Instructional
approach

Deeply thought out, well grounded in
the research and literature

Mostly ad-hoc, based on individual “feeling”
how Al could be used

Technology (Al)

Well tested and safe,
but limited to a specific domain and
lacking creative traits

Not fully predictable, prone to factual errors;
when errs, it does so “with confidence”;
but also can be highly creative and useful

Required skills

Self-regulation and Al literacy skills
not essential; the student is to follow
the instruction

Self-regulation and Al literacy skills highly
relevant




A big shift in AIED with Generative Al

Thereis a clear need for a systematic approach
to understanding the role and impact of Al on education
to support evidence-based decision making

in a wide variety of learning settings



Learning analytics

“Learning analytics is the measurement, collection, analysis and reporting of
data about learners and their contexts,
for purposes of understanding and optimising learning and

the environments in which it occurs”

https://www.solaresearch.org/about/what-is-learning-analytics/
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The cyclical model of LA

Learner
(objectives,
guestions)

Actions Learning theories Iﬁ'at?
(results reporting Learnin taxt {00 ection,
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and interventions) f e o)

Methods
(model building /
analysis)

Adapted from (Clow, 2012)
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Learner

-K12

- Higher Education

- MOQOCs

- Informal learning

- Workplace learning

Learner
(objectives,
questions)

Data

Actions Learning theories (collection
(results reporting Learning context integration,
and interventions) transformation)

Methods
(model building /
analysis)

Adapted from (Clow, 2012) 11



Learner

Evolving notion of learner
Hybrid intelligence (Jarvela et al., 2023)
Human-Al collaboration (Joksimovic et al., 2023)

Hybrid human-Al regulation of learning (Molenaar, 2022)
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Data

Learner
(objectives,
guestions)

Data

Actions Learning theories (collection

(results reporting Learning context integration,

and interventions) transformation)

v
- LMS logs
Methods - Social networks / media
(model building / - Student Info. System

analysis) - Surveys
- Sensors

Adapted from (Clow, 2012)
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Data sharing while privacy preserving

LA faces challenging dual objectives of

preserving data privacy, while

making data publicly available, to foster
research and Open Science practices
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Data sharing while privacy preserving

Recent efforts empowered by Generative Al:

Synthetic data generation, allows for preserving both data privacy and
data utility for LA (Liu et al., 2024; Zhan et., 2024)

LLMs have been tested for detection and removal of personally
identifying information from learner messages (Singhal et al., 2024)
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Methods

Actions
(results reporting
and interventions)

- Prediction (grades, dropout)

- Clustering (learner profiling)

- Sequence and process mining
- Network analysis

- Discourse analysis

- Qualitative analysis

Adapted from (Clow, 2012)

Learner
(objectives,
questions)

Learning theories
Learning context

Data
(collection,
integration,

transformation)

Methods
(model building /
analysis)

ged®
..........
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Al augmented LA methods

Semi-automated development and application of qualitative
coding schemes

May greatly facilitate analytics of distinct kinds of learning-related
social interactions

Still in early phase, best results for deductive, context-independent
coding (see e.g., Hou et al., 2024; Barany et al., 2024)
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LA methods for studying human-Al interaction

Applying LA methods to study learner interaction with Generative Al in
different learning contexts

Essay revision task in an EFL undergrad course (Fan et al., 2024)
Programming tasks in a graduate robotics course (Brender et al., 2024)

Peer feedback in multiple undergrad courses (Darvishi et al., 2023)
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LA methods for studying human-Al interaction

Common themes have emerged across the study findings
Over-reliance on GenAl and metacognitive “laziness”
Being more at ease to seek help from a GenAl tool

The use of GenAl improves task performance but not learning gains
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Actions

- Early warnings
- Feedback provision

- Instructional scaffolding

- Student / teacher dashboards
Learner

A (objectives,
: questions)

Actions
(results reporting
and interventions)

Learning theories
Learning context

Data
(collection,
integration,

transformation)

Methods
(model building /
analysis)

Adapted from (Clow, 2012)
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Actions

Augmentation of LA dashboards with GenAl

Seect | Al

Scenano started | Mandovar encs

Prioritisation Bar ©

Behaviours

Parcentage (%)

Session 287

Communication Network ©

3. Team Assessment

o 1530 - Secondary muse enters

Communication Behaviour

Acknowledging

Task allocation

Questioning

[Esce

Seeking Clarification

[ Who did | communicate with?| £}

please provide the name or role you had

To determine who you communicated with,
g during the simulation.

Contexutalising Response
primary nurse 2 a

As Primary Nurse 2, you communicated

with the doctor, Primary Nurse 1, both

Secondary Nurses, and the patients. This is

indicated by the lines connecting to your
g icon in the Communication Network.

Personalised Response

| Where did | spend most time?| )

Primary Nurse 2 spent most time around
Bed 4, indicated by the high concentration

g of blue hexagons in that area of the Ward
Map.

Example: VizChat (Yan et al., 2024), https://github.com/LinxZhao/VizChat-pub
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https://github.com/LinxZhao/VizChat-pub

Actions

Communicating LA feedback via GenAl-augmented storytelling

THE lEARM!IG QCENARIO

EPNTEMC NETWORK

Milesi et al., 2024
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An outlook

Dialogic feedback
Real-time feedback in learning simulations (Fan et al., 2024)

Assessment of human-Al collaborative work (e.g., writing) (Cheng et
al., 2024)

Synthetic generation of textual data (e.g., messages, annotations)
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Key takeaways

LA and Al in education have established a beneficial dynamics:
Al is augmenting the LA process and its key elements

LA is enhancing our understanding of Al in education
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Key takeaways

The established Al - LA dynamic promises to
continually yield relevant insights into
the evolving role and effect of Al on learning

It is up to us to make effective use of such insights for
advancing educational practice
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