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Retrieval-Augmented Generation (RAG) in education:
subjects to biases and hallucinations.

3Alawwad et al. 2024; Dai et al. 2024  

textbook question-answering (TQA)



Warning messages prevent harm in human interactions 
with LLM-based tools.

4Wang et al. 2024; Nahar et al. 2024 
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We propose a user- and 
context-tailored warning approach. 

VERA

a tailored warning system that actively identifies 
and alerts users to potential hallucinations or biases 
in the generated responses

a comparative user study to assess the 
effectiveness of tailored warning system against 
current baselines.



Tailored warnings generated from biases detected in 
retrieved info and LLM responses.
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database retrieved
information 

LLMs system
output

The Allied forces in World 
War II were the heroes who 
liberated Europe.

glorifies the Allies without 
acknowledging controversial actions…
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Our Platform & Tailored Warning Example
A: The battle considered a turning 
point in the American Revolutionary 
War was the Battle of Bunker Hill.

Textbook Reference Quote: While the 
Battle of Saratoga in 1777 is often 
cited as the turning point due to 
its significant impact on foreign 
support for the revolutionaries, 
the Battle of Bunker Hill was 
notable for building American 
confidence early in the war.

Warning: The retrieved textbook 

reference seems incorrect. The 

Battle of Saratoga is widely 

recognized as the turning point of 

the American Revolutionary War, not 

the Battle of Bunker Hill.

Q: Which battle was considered a turning point 

in the American Revolutionary War? Battle of 

Yorktown Battle of Bunker Hill Battle of 

Saratoga Battle of New Orleans



User Study: tailored warning vs. no warning & 
standard warning
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standard
warning

History Questionnaire Task

No hallucination or obvious bias.

Low hallucinations & biases.

High hallucinations & biases.tailored
warning

no
warning

Correctness

Hallucination
detection

Participants Measurements



User Study Walkthrough
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Quiz QuestionsDemographics Questions Post-Survey Questions



Survey Results
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Survey: Participant Demographics
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A total of 18 participants were recruited.
College students w/ various background & familiarity with US history. 



Tailored Warning result 
in higher user accuracy 
across different levels of 
hallucinations.
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No. of participants: 18



Statistical Significance
ANOVA p-value: 0.0062
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Tailored Warning led 
to better detection of 
hallucination & 
higher overall trust of 
the system.   
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However, tailored warning causes user confusions. 

"It's confusing... I just don't really know, 
like, why we need, like, these two, three 
sections… why don’t it just give the 
correct answer?"

“The warning definitely slows me 
down…I need to go back and double 
check.”
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Future Work

Warning format (User 
reactions)

Degree and length of 
warnings

Longer? Shorter?

Which warning interface?
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