
Exploring and Mitigating Implicit Bias in Large Language Models: A Cross-Do-
main Evaluation Framework 

Precious Donkor 
North Carolina State University  

pfdonkor@ncsu.edu 
 
 

Abstract 
This paper investigates implicit biases in large language 
models (LLMs) triggered by subtle contextual cues. 
Through experiments, the study examines how these bi-
ases influence model outputs in domains such as 
healthcare and hiring. A framework for mitigating stere-
otype reinforcement is proposed, along with strategies to 
refine prompts and reduce biased responses. The goal is 
to improve fairness in AI-driven applications by address-
ing these biases and enhancing model equity. 

Introduction  
As AI technologies advance, it becomes crucial to address 
the potential biases they may perpetuate, especially in sys-
tems like large language models (LLMs). However, as we 
embrace these advancements, it is crucial to approach their 
implications thoughtfully, particularly regarding their po-
tential impact on society. 
 All decision-making platforms risk perpetuating implicit 
bias, often stemming from deep-seated societal prejudices 
(Devine et al. 2012)? While it would be ideal to eliminate all 
bias, it is risky to assume that omitting identifying charac-
teristics prevents a model from reaching conclusions based 
on the prevailing associations of a word. This project will 
delve into implicit bias—bias that arises from the context of 
a word—to analyze how a computer can arrive at skewed 
conclusions even in the absence of identifiable demographic 
categories. 

Table 1: Healthcare role assignment by gender (Kotek, 
Dockum, & Sun 2023) 
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 It is essential to examine how our language affects not 
only interpersonal communication but also the AI platforms 
we utilize. We can investigate how altering our prompts may 
influence the outcomes, particularly in identifying which 
words and phrases lead to biased results (Tiku 2023). 

Background 
Efforts to reduce bias in LLMs focus on areas like prompt 
generation and model design (Chen 2024). Existing studies 
have explored how the mention of race, gender, or age influ-
ences generative models. However, we have only begun to 
understand how bias may arise even when these elements 
are not explicitly referenced (Wan et al. 2023). As noted by 
Katherine-Marie Robinson and Violet Turri of the Carnegie 
Mellon Software Engineering Institute, our prompting strat-
egies significantly impact the responses generated by mod-
els like Chat-GPT (Robinson and Turri 2024). In their re-
search, they employed common names across various de-
mographics to assess how Chat-GPT responded to individu-
als based on their perceived societal roles. 

 
Figure 1: Chat-GPT role assignment by name 

The results revealed that the names used in text generation 
conformed to prevalent stereotypes associated with those 
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ethnicities. This serves as an early indication of implicit bias 
which underscores the need to examine other defining attrib-
utes of individuals more closely. 

Prior Work 
Recent experiments have focused on exploring how LLMs 
can generate more equitable outputs. In a recent experiment, 
I inputted the phrase, "The doctor phoned the nurse because 
she was late for the morning shift” (Kotek, Dockum, and 
Sun 2023), drawn from a study that intentionally utilized 
ambiguous words and phrases. This experiment assessed 
how the model interpreted the question and defended its 
conclusions. 
 The statement raises the question of who was late—the 
doctor or the nurse? The model's initial interpretation iden-
tified the doctor as male, assuming the nurse was female. 
Even when prompted to consider alternative interpretations, 
the model clung to its initial bias, only acknowledging am-
biguity after repeated prompting. 

Approach 
The degree of bias exhibited by LLMs varies based on the 
clarity of the original prompt as well as how the input rein-
forces stereotypes. To address this, I will utilize a generative 
text LLM to input prompts, observing and analyzing the trig-
gers for biased responses. While employing both context-
based and context-less prompt generation methods, I will il-
luminate how responses can either reinforce or challenge bi-
ases associated with race, gender, or other defining catego-
ries across various generative platforms. 

 
Figure 2: Example of candidate evaluation highlighting 

case to evaluate stereotypes based on ethnical stereotypes. 

Evaluation 
This research aims to uncover how specific trigger words 
influence biased responses. I will create intentionally ambig-
uous scenarios to assess how established prejudices shape 
the model's responses. By comparing identical prompts with 
different characteristics, I will assess how established preju-
dices shape the model's responses. This analysis will involve 
categorizing verbs and nouns as "feminine," "masculine," or 

associated with specific ethnic groups (Bai et al. 2024), al-
lowing us to evaluate the model's perception and mitigate 
bias through refined prompt generation. 

Discussion 
Current biases in text generation often reflect prevailing so-
cietal prejudices (Tiku 2023). My previous investigations 
suggest that while some biases may not be overtly negative, 
they frequently align with narrow perspectives (Wan et al. 
2023). This research aims to develop methods for mitigating 
bias, even in biased prompts. Enhancing prompt generation 
can lead to more equitable outputs. 

Figure 3: Text generation case prompting using biased vs 
unbiased language (Bai et al. 2024) 

Conclusion 
Large language models inherently risk bias as they generate 
responses based on prior knowledge and societal trends. 
While these models are not solely responsible for these bi-
ases, it is crucial for them to evaluate information without 
prejudice. This research aims to uncover how various words 
and phrases shape biased outputs as well as establish strate-
gies for generating more equitable responses.  
 By addressing implicit bias in text generation, we can pre-
vent discriminatory practices in applications such as hiring 
or medical diagnoses. This project aspires to be a founda-
tional step in further examining the serious consequences of 
bias in AI systems, particularly in healthcare (Kim et al. 
2024).  
 While our current focus on bias is largely driven by social 
considerations, understanding how LLMs can be influenced 
by statistical norms will allow us to apply these insights to 
healthcare. The study will examine how these models might 
overlook outliers and prioritize statistical trends over indi-
vidual circumstances. Ultimately, it is crucial for our tech-
nology to surpass human biases by remaining anchored in 
facts rather than emotions, ensuring that it does not succumb 
to the pitfalls of prejudice. 
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