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This webinar is NOT about
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• Technical prompting (prompt engineering) or 

AI literacy

• AI adoption ethics

• AI detection (cheating)



What this webinar is about:
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• Assessment in classrooms where GenAI is 

allowed for graded coursework

• identifying learning while using GenAI

• domain-specific learning (course LOs)



Who did what?
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Output 
= 

Learning?

e.g. Fleckenstein et al. (2024): teachers cannot reliably detect AI content; unfairness risk



One solution: look at the process
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What does the Prompter know?
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Activity time!
Feel free to speak up! 
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Where is learning in student-AI interactions?

9/26 Kearsley (1976); Miyake & Norman (1979); Molinero & García-Madruga (2011)



Where is learning in student-AI interactions?

10/26 Chi & Wylie (2014); Gerlich (2025); Hase & Kenyon (2007); Nguyen et al (2024); Yang et al. (2025)

Self-determined learning (heutatogy) (Hase & Kenyon, 2007)

• Learner owns their learning path
• AI acts as mere scaffold 

Cognitive engagement & behavior (Chi & Wylie, 2024; Yang et al., 2025)

• Acceptance or simple copying AI output -> shallow learning
• Critical feedback, iteration, and steering -> deeper learning

Examining process allows assessing:

• Degree of cognitive offloading / critical thinking (see Gerlich, 2025)



Where is learning in student-AI interactions?

11/26 Biggs (1996)

Intended 
Learning 

Objectives?

Learning 
Activities

Assessment
interaction 

content



Two criteria to evaluate quality of interaction: DRI & VE
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Full paper



Research methodology
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CONTEXT
LEARNING 

OBJECTIVES
ASSESSMENT

• 2 TU/e courses (3 groups)

• 2023-2025

• N = 445 

• AI allowed & graded (23% adoption)

• Argumentation

• Critical thinking

• Creativity/orginality

• Argumentative essay

• No AI? Only essay graded

• AI? Essay + Interaction graded
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To help annotate and evaluate prompts, teachers applied a rubric
and developed course-specific prompt taxonomy.

Taxonomy categories:
• Writing (13)
• Argument (10)
• Content (12)
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To help annotate and evaluate prompts, teachers applied a rubric
and developed course-specific prompt taxonomy.

Interrater agreement

Moderate

Cohen’s Kappa = 0.44
(SD=0.06)

Taxonomy categories:
• Writing (13)
• Argument (10)
• Content (12)
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Essay rubric

Overall 
Essay
score

AI interaction rubric 

Overall 
AI interaction 

score

DRI
&

VE
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Prompt-grading is 
no worse a measure 
than essay grading
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Mapping GenAI interactions
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• 1450 taxonomy 
annotations



GenAI 
interactions
& 
performance
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BetterWorse Average



Performance 
profiles
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High performance
• Collaborative intellectual 

partnership (interaction)
• Targeted improvement 

partnership (essay)

Low performance
• Passive task delegation 

(interaction)
• Basic information 

retrieval (essay)



Performance profiles: GenAI interaction score 
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VS.



Performance profiles: Essay score 
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VS.



Practical Notes
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• Time consuming? Teachers report 

average ~15 min per log

• Automated prompt classification? 

• “Fair” human-AI agreement (kappa 

0.3-0.4)

• High AI classification consistency 

(Fleiss kappa = .78)



Limitations
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• Meta-prompting

• Unclear generalizability



Prompt-grading seems to work to assess student learning in 
philosophy. Would it also work in your discipline?

26/26

Manuel Oliveira
m.j.barbosa.de.oliveira@tue.nl

Thank you!

mailto:m.j.barbosa.de.oliveira@tue.nl


Extra



Sample
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t < 1
p = .591
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Human-AI agreement

• Model: GPT-4o (March 2024 version) via OpenAI's API

• Temperature: 0.1  for higher classification consistency (less “creativity”)

• Top-p (nucleus sampling): 0.1  limits token selection to only most probable options

• Prompt engineering instructions: Tasked with classification using criteria (taxonomy) 
and allowed to usemultiple labels for each input prompt (from student interaction log), 
similar to how Research Assistant annotator, as well as some other annotators, were 
labelling  

AI Reliability Analysis parameters:

• Sampled classifications for each input prompt: 5



Human-AI agreement



Human-AI agreement



AI Classification reliability



AI Classification reliability
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