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Research Question
How might we elevate or improve college 
students’ understanding of algorithmic 
bias’ causes and effects within popular gen-AI 
platforms such as ChatGPT?



Executive Summary
For approaching our research, we 
established our interview protocol 
(think-aloud study) and found potential 
candidates for our interviews. We each 
conducted 1 think-aloud study each, 
following our protocol, including 
pre-interview questions, a think-aloud 
study using a standardized prototype, 
and post interview questions. Following, 
we conducted interpretation sessions 
for each, sharing insights. We then 
utilized affinity clusters to better form 
and mull over our insights to further 
understand our data. We created 2 
models to better understand our users: 
user personas, and a customer 
journey map. 

Activities Conducted High Level Insights
1. A users’ ability to identify bias is inherently linked to their understanding of 

discrimination, bias, and prejudice.
2. There is a common belief that AI tasked with menial or non-creative tasks 

won’t produce biased consequences.
3. User could benefit from a better understanding of the development and 

operations behind Gen-AI models when identifying algorithmic biases.
4. Distrust arises in generative AI, especially on human-centric topics, due to lack 

of transparency, single-perspective responses, and inherent skepticism.
5. Bias detection in generative AI is influenced by external factors and improves 

when bias is a focal point of discussion.

Next Steps
Our next steps are to ideate new solutions to better improve knowledge on 
generative AI bias. We will utilize speed dating for this process along with a 
group review session to refine and iterate upon our ideas. 



Research Methods
Summary: Our group conducted a think-aloud study simulating image generation tasks to better 
understand the breadth and depth of college students’ knowledge of bias in generative AI platforms. 

Goal: Given that our research question is seeking to elevate or improve the current understanding, 
we needed to determine to what extent college students are able to identify and evaluate bias in 
gen-AI outputs. Therefore, we needed to get a sense of how students observed and interacted with 
the gen-AI platform, allowing us to see what they thought was worth commenting on.

Participants: We found a five college students to participate in our think-aloud study. We recruited 
students from our personal networks but avoided students who were already familiar with this project 
(such as our UCRE classmates) or particularly knowledgeable about our research topic (experts).

Process & Methods: We followed the script included in our Revised Research Guide and created 
pre-scripted generated image results for each task prompt. This ensured that each participant 
experienced the same process regardless of the interviewer and variances in gen-AI output and 
helped us researchers better identify commonalities and recurring themes among their responses.



Insights with 
Supporting 
Evidence



Insight #1
A users’ ability to identify bias is inherently linked to their understanding of 
discrimination, bias, and prejudice.

Much of the bias identified, stemmed from the participants’ prior knowledge/experience with bias, 
discrimination, and prejudice, whether it was recognizing a common stereotype or relating the 
outputs to societal norms. Furthermore, most of the participants felt that improving media literacy 
could increase the awareness of algorithmic bias across users. 



Insight #2
There is a common belief that AI tasked with menial or non-creative tasks 
won’t produce biased consequences.

With menial tasks there is an expected output from users, for instance when prompted to code the AI 
should produce code that follows the prompter’s specifications. In this case, it is easier for users to 
verify the quality of the generated content because it’s about accuracy. However, with more creative 
work, like generating an image of a generic situation, it can be more challenging for some users to 
identify biases because generic situations can be interpreted in a vast amount of ways. The accuracy 
in this case is more aligned with a user’s beliefs than it is with one standardized answer.



Insight #3
User could benefit from a better understanding of the development and 
operations behind Gen-AI models when identifying algorithmic biases.

Many of the participants attributed the bias produced by the Gen-AI to a lack of diverse training data 
and developers without necessarily understanding how and where the outputs for a prompt come 
from. Users with prior knowledge of gen-AI bias tended to feel more confident when tasked with its 
identification. The realization of the black box effect between users and the models led us to believe 
that more awareness of how these systems work would lead to more confidence in distinguishing 
biased from non-biased AI generated content.



Insight #4
Distrust arises in generative AI, especially on human-centric topics, due to 
lack of transparency, single-perspective responses, and inherent skepticism.

To build trust, AI systems should provide clear source citations, offer multiple perspectives on 
subjective topics, and enhance transparency in response generation. Given that skepticism is 
heightened for intangible concepts like emotions and external information, AI should incorporate 
explainability features that clarify reasoning behind outputs. Users tend to distrust AI more after 
encountering biased content, so systems should allow for easy comparison of alternative responses 
to expose and mitigate bias. Additionally, as AI-generated images often make untrustworthiness 
more apparent, visual outputs should include context, disclaimers, or interactive elements to help 
users assess credibility.



Insight #5
Bias detection in generative AI is influenced by external factors and improves 
when bias is a focal point of discussion.

To enhance bias detection, AI systems should reduce confusing or overly abstract results that may 
hinder users' ability to identify bias. When generating content like images, it is crucial to offer more 
diverse visual and stylistic variations, as a lack of diversity can make biases more apparent. Clearer 
framing in prompts and pre-engagement discussions on bias can help users critically assess outputs, 
especially when they are made aware of bias risks upfront. 
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Interpretation Notes



Interpretation Notes (cont.)



Interpretation Notes (cont.)



Affinity Clusters: Figjam Link

https://www.figma.com/board/ZLWkQFoJNPEI3e53fepmGQ/M6.3-%7C-Deliverable-F%3A-Affinity-Clustering?node-id=0-1&t=TwVS5YEU9PrvFr1e-1


Model #1: Persona



Model #1: Persona (cont.)



Model #1: Persona (cont.)



Model #2: Customer Journey Map


