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MOTIVATION

The Reading 
Problem in 
Science 
Education

Complex Texts
Scientific literature demands 
high cognitive load, domain 
vocabulary, and inferential 
reasoning.

Passive Reading
Learners frequently skim 
without monitoring 
comprehension or forming 
deeper connections.

Active Engagement Gap
Genuine understanding 
requires self-questioning — 
yet few learners practice it 
spontaneously.
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PROBLEM STATEMENT

Where Current Tools Fall Short

No Self-Questioning Habit

Most learners do not generate their 
own questions while reading, 
missing a critical metacognitive 
strategy for consolidating 
knowledge.

Limited Cognitive Tools

Existing reading aids focus on 
summarization or highlighting — not 
on prompting the reader to think 
critically about content.

Result →Shallow Learning

Passive reading leads to shallow 
encoding, poor retention, and an 
inability to transfer knowledge to 
new contexts.
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Research Question

Can AI-generated questions support reading comprehension and 
cognitive engagement in learners working with scientific texts?

This study investigates whether a learning-oriented chatbot, powered by large 
language models, can scaffold active reading by prompting reflection, self-
explanation, and deeper inquiry to support active cognitive engagement 
during reading.
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CONCEPTUAL MODEL

From Text to Comprehension

Scientific Text
Dense domain-
specific content

Cognitive 
Challenge

High load from
passive reading

AI Question 
Generation

LLM-powered targeted
prompts

Learner Reflection
Active self-explanation

and engagement

The model positions AI-generated questions as a mediating scaffold — transforming passive exposure into an active, 
reflective reading experience that supports meaningful comprehension.
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Three Core Research Questions

1

How do students interact with 
AI based Learning Chatbot?

2

What learning outcomes and 
cognitive processes are 
supported?

3

How do motivation and self-
efficacy influence chatbot use?
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SYSTEM OVERVIEW

Introducing OwlMentor
Definition: AI-powered GPT-based tool for scientific text 
comprehension

Technical Approach: Uses RAG (Retrieval-Augmented 
Generation) to ground questions in source text

Key Features:

Free Chat

Text Summarization

Question Generation

Quiz Creation

Feedback
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SYSTEM ARCHITECTURE

Technical Pipeline

Text Reference 
(RAG)

System uses
Retrieval-

Augmented
Generation to

retrieve relevant
passages from the

pre-loaded
scientific text

LLM Processing
GPT-4o generates
questions based

on the prompt, text,
and configuration

User Prompt 
Input

User enters a
prompt asking for
specific types of

questions

Question 
Generation

Creates
comprehension-

focused questions
matching the

requested types

Question Type 
Configuration

System applies the
pre-configured
question types

The workflow starts with a user prompt, not text input. The system then references the pre-loaded scientific text 
through RAG (Retrieval-Augmented Generation) and the pre-configured question types before using GPT-4o to generate 
comprehension questions aligned with the requested format.
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EXAMPLE OUTPUT

AI-Generated Questions in Practice
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MCQ 
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True/False
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Open Ended 
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RESEARCH DESIGN

Study Design & Methodology
Study Flow

1

Participants
14 MSc students 
Saarland University

2

Task
Read scientific texts AI-
supported questioning

3

Interaction
Answer AI-generated 
questions Reflection & 
self-explanation

4

Evaluation
Tests Surveys 
Interaction logs

Methodology

Approach
Mixed-methods
15-week study

Data Collection
Self-efficacy
Motivation
TAM
Comprehension tests

Analysis
Paired t-test
Correlation / regression
Bloom's taxonomy
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RESULTS

RQ1: How do students interact with OwlMentor?

Question Generation Patterns
179 total questions generated

Multiple-choice · 45.8%

True/False · 37.4%

Open-ended · 16.8%

45.8%

37.4%

16.8%

Key insight: Multiple-choice questions were the most 
frequently generated type

Cognitive Levels
Bloom's Taxonomy

0 10 20 30 40
Percentage

Understand

Apply

Evaluate

Remember

Cognitive Level

42.5

29.1

17.3

11.2

Key insight: 71.6% of questions targeted mid-level 
cognitive processes (Understand & Apply)
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RQ2: What learning outcomes and cognitive 
processes are supported?
Comprehension Improvement

0

0.5

1

1.5

Mean Score

Pre-test Post-test
Test

0.9

1.75

94% improvement (p<.001, d=1.78)
Key insight: Significant learning gains indicate the 
effectiveness of the system

Cognitive Process Distribution

Mid-level processes (Understand & Apply

Higher-order processes (Analyze, Evalua

71.6%

28.4%

Key insight: Most questions targeted mid-level cognitive 
processes

Understanding and recall positively correlated (r = 0.66, p = .020). This suggests that students who better understood 
the material were also more likely to retain it.
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RQ3: How do motivation and self-efficacy 
influence chatbot use?
The AI Motivation Paradox

Higher Initial AI Motivation
Students with higher initial AI motivation tended to use 

the chatbot LESS 

Lower Initial AI Motivation
Students with lower initial AI motivation tended to use 
the chatbot MORE

Engagement & Usefulness

Increased Engagement: Positively related to 
perceived usefulness and recall

Motivation & Self-Efficacy remained stable 
throughout 15-week intervention
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KEY TAKEAWAYS

Practical Implications

Practical Implications for Educators

Target Moderate/Lower Motivation: OwlMentor is particularly valuable for students with moderate or lower initial motivation

Emphasize Perceived Usefulness: Perceived usefulness drives sustained engagement more than ease of use

Elevate Prompt Engineering: Prompt engineering should encourage higher-order thinking (Analyze, Evaluate, Create)

Integrate with Course Structure: Integration into course structure (graded activities) increases consistent use

AI as Collaborative Partner: AI tools work best as collaborative partners, not passive content sources
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KEY TAKEAWAYS

Limitations & Future Research Directions
From present constraints to the next phase of evidence-building.

Study Limitations

Small sample size

N=14 with gender 
imbalance (11 female, 3 
male)

Single institution

Saarland University - 
limited generalizability

Self-report bias

Motivation and 
engagement measures 
may be influenced by self-
report bias

Single evaluator

Comprehension 
assessments lacked inter-
rater reliability

No control group

There was no comparison group for benchmarking 
outcomes

Short duration

One semester was insufficient for long-term effects
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Future Research Directions

Study Design Improvements
Larger and more diverse samples
Controlled experimental designs

Long-Term Learning Effects
Longitudinal studies
Delayed post-tests
Transfer of learning

Evaluation & Comparison
Multi-evaluator assessments
Comparative studies across AI tools

Intelligent System Design
Adaptive personalization
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CONCLUSION

AI as a Cognitive Scaffold 
for Learning

Enhanced Comprehension
The system demonstrates substantial gains in 
understanding complex texts.

Active Engagement
OwlMentor shifts students from passive content 
consumption to active knowledge construction.

Scaffolds Critical Thinking
The system effectively cultivates essential self-
questioning skills for deeper learning.

Practical Application
These findings highlight the immense potential for AI in 
educational practices.
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