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Article 

Reducing Racial and Ethnic Bias in AI Models: A 
Comparative Analysis of ChatGPT and Google Bard 
Tavishi Choudhary 

Greenwich High School, Greenwich- CT, USA; tavishi.choudhary@greenwichschools.org 

Abstract: 53% of adults in the US acknowledge racial bias as a significant issue, 23% of Asian adults 
experience cultural and ethnic bias, and more than 60% conceal their cultural heritage after racial 
abuse. AI models like ChatGPT and Google Bard, trained on historically biased data, inadvertently 
amplify racial and ethnic bias and stereotypes. This paper addresses the issue of racial bias in AI 
models using scientific, evidence-based analysis and auditing processes to identify biased responses 
from AI models and develop a mitigation tool. The methodology involves creating a comprehensive 
database of racially biased questions, terms, and phrases from thousands of legal cases, Wikipedia, 
and surveys, and then testing them on AI Models and analyzing the responses through sentiment 
analysis and human evaluation, and eventually creation of an 'AI-BiasAudit,' tool having a racial-
ethnic database for social science researchers and AI developers to identify and prevent racial bias 
in AI models. 

Keywords: data bias; digital law; diversity; ethical artificial intelligence; ethnic bias; inequality; 
racial bias; sentiment analysis 

 

1. Introduction 

AI models like ChatGPT or Google Bard trained on data with historical racial and ethnic biases 
can inadvertently amplify these stereotypes and racial and ethnic biases. With the increasing use of 
AI models, it is crucial that they do not propagate bias. This issue is very important both for academia 
and society at large as it has profound implications with the rise of Artificial Intelligence in the last 
18 months, especially with ChatGPT and Google Bard, where more and more humans rely on getting 
information from these models. With the penetration of AI in everyday life, from search engines to 
chatbots, the potential of inadvertently amplifying outdated stereotypes and racial biases is huge. It 
is a pivotal moment in the history of technology and its impact on mankind and society in general. It 
is almost equivalent to the time when the Internet was invented and how it ended up changing 
everyday life. Similarly, if the issue of bias in the AI models, specifically racial and ethnic bias, is not 
addressed with proper tools, infrastructure, and research contributing to the development of the right 
policies and procedures, it could undo the work that has been done in order to address the issues of 
racial bias for decades. 

There is growing evidence of racial and ethnic biases in the historical data used to train AI 
models, which in turn leads to bias in AI responses. This historical bias significantly influences AI, 
perpetuating old biases related to race, gender, and socioeconomic status. AI identifies the patterns 
in the data on which it is trained without a proper understanding of the present context of society, 
change, and its ethical implications. 

In "Weapons of Math Destruction," Cathy O'Neil discusses the impact on society and 
communities and how data algorithms can amplify past biases and inequalities, underscoring the 
need for ethical considerations in AI design to prevent the reinforcement of historical, societal biases 
(O'Neil, 2016). 

This existence of racial and ethnic biases in society is seen and is reflected in AI models like 
ChatGPT and Google Bard (Getahun, 2023). Data from the Pew Research Center indicates that people 
of color or different ethnicities face significant discrimination - 60% of those who hide their cultural 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 June 2024                   doi:10.20944/preprints202406.2016.v1

©  2024 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202406.2016.v1
http://creativecommons.org/licenses/by/4.0/


 2 

 

heritage have faced offensive and derogatory remarks, compared to 32% who don’t hide their identity 
(Ruiz, 2023). As the popularity of AI models, generative AI, and extensive language models grows, 
it becomes increasingly crucial to ensure they do not perpetuate these ethnic stereotypes and amplify 
biases. 

Despite significant efforts that have focused on the technical aspects involving algorithms, 
datasets, and various fair machine-learning techniques, the issue still needs to be solved (“What Do 
We Do about the Biases in AI?”). Racial and ethnic bias in AI comes not only from data but also from 
who is framing the problem and the diversity of teams (Lazaro, 2022) 

A study regarding coding inequality found that GPT-4 failed to represent demographic diversity 
appropriately, reinforcing stereotypical demographic presentations (Zack, 2023). This is particularly 
concerning given the reliance on AI models trained on large volumes of internet text, public 
information, old books, and records, which may include outdated and racially biased information. 
The scarcity of training datasets that concentrate on diverse racial and ethnic representations can 
harm marginalized groups due to ingrained racial and ethnic biases. Algorithmically driven data 
failures can disproportionately impact people of color, women, and different ethnicities, promoting 
'algorithmic oppression' (Noble, 2018). 

In a research experiment that presented AI models with the task of sentencing for first-degree 
murder, the only variable given was the individual’s dialect, revealing covert racial biases in the AI’s 
decision-making process (Serrano, 2024). These examples illustrate how AI, without policies, audits, 
and proper training data and interventions, might amplify historical stereotypes and racial and ethnic 
biases in the future. 

These biases can be embedded in AI predictions if the data is discriminatory, under-
representative, or historically biased. AI models can exacerbate this issue, which has been shaped by 
centuries of prejudice. Instead of mitigating these biases and stereotypes, AI can inadvertently 
reinforce them. (Krasadakis, 2023). 

This paper focuses on the following questions at the intersection of social sciences, AI ethics, and 
future policy development: To what extent do AI models such as ChatGPT and Google Bard exhibit 
and amplify racial and ethnic biases and stereotypes? What are the tools available to check for racial 
or ethnic undertones in the responses of AI models with underlying comprehensive racial and ethnic 
prompts? Is there any tool or algorithm that considers the context and intent behind racially charged 
prompts directed at AI models, considering the identity of the questioner? This paper also focuses on 
building a comprehensive database of racial and ethnic bias prompts for AI engineers and models to 
use to mitigate racial bias in AI models. 

2. Literature Review 

AI model and its algorithm quality are based on the data it is trained, and it inherits the 
imperfection and biases of historical preexisting patterns in society (Barcos, 2016). In 1950, a British 
mathematician and computer scientist, Alan Turing, laid the foundation for AI by evaluating 
machine’s ability to mimic human cognition (Smith et al., 2006). Since the time of Alan Turing, 
computing speed has evolved, and data has evolved into 'big data' where very large amounts of data 
can be processed. (Baer, 2023). 

Machine learning is a technique that artificial intelligence engineers use, where computers learn 
from existing data patterns and are trained to make recommendations. (Brown, 2021). Natural 
Language Processing (NLP) is a subfield of machine learning focused on computers and human 
languages, performing tasks such as understanding sentiments, summarization, question answering, 
and generating human-like language that is meaningful and contextually relevant. (Jurafsky, 2019). 

NLP and machine learning tools together are used to create and operate Large Language Models 
(LLMs), which are AI models trained on vast amounts of text data capable of generating human-like 
text, translating languages, answering questions, and performing various language tasks. (Radford 
et al., 2018) 

Even though the concept of LLM may go back to the early work of Turning, the first modern 
LLM was introduced by Open AI in 2018. (Radford et al., 2019). ChatGPT uses large amount of 
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datasets which include text and images to generate and have human-like conversations, was built by 
OpenAI using their own LLM called GPT, which stands for generative pre-trained transformer. 
(Brown et al., 2020). Subsequently, using its vast amount of data, Google launched Google Bard in 
February 2023, another LLM to interact and have human-like conversations. (Pichai, 2023). 

Both ChatGPT and Google Bard had many instances of reported bias in their responses around 
gender stereotypes and racial stereotypes, using less positive language towards certain ethnic groups 
and favoring some specific cultural norms. (De Vynck, 2023 ; Baum, 2023; Gross, 2023 ). 

Extensive research has been conducted on the topic of bias in AI, including but not limited to 
political, gender, racial, socioeconomic, geographic, and language biases. However, a critical issue 
remains the availability of comprehensive data to test various hypotheses about establishing biases 
and stereotypes and then scientifically measuring them to demonstrate that different models exhibit 
distinct biases based on the data on which they were trained. (West, 2023). 

3. Methodology 

The research methodology uses a systematic review approach, ensuring a comprehensive, 
reproducible, and quantifiable analysis of the extensive interdisciplinary data points available on the 
subject. (Weed, 2006). Reliable and methodological rigor of data and different steps with diverse 
research methods were used to enrich the review, as it was critical to avoid bias in the research and 
the findings. (Durach et al., 2017) 

The research adopts a disciplined and empirical approach in a systematic way to collect data 
and test the hypothesis around racial and ethnic biases in artificial intelligence (AI) models. Research 
and findings are grounded in observable data and evidence in structured processes with established 
methods and protocols to ensure reliability, validity, and reproducibility. (Kitchenham, 2004). The 
methodology is articulated through several sequential stages, as shown in Figure 1, addressing the 
multifaceted nature of bias in AI, from data gathering to testing hypotheses to tool development and 
dissemination. 

 

Figure 1. Research Methodology Flowchart. 

3.1. Database Creation (Test and Training Data) 

The foundational stage involved building a comprehensive database consisting of prompts 
(phrases), terms indicating racial and ethnic bias, and stereotypes. Racial legal cases and text were 
analyzed from the US Equal Employment Opportunity Commission (EEOC) records, which provided 
documented cases of racial and ethnic discrimination (U.S. Equal Employment Opportunity 
Commission (EEOC, 2024). To enrich the database, the research was expanded to include an analysis 
of derogatory terms, slurs, and biased expressions extracted from various platforms, including 
Wikipedia and social media sites such as Twitter, Facebook, and Instagram. Figure 2 represents the 
impactful list of prompts covering various ethnicities, including Indian, Japanese, Chinese, Arab, 
Hispanic, and African American, across many dimensions of bias. ('List of Ethnic Slurs,' 2024) 
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Figure 2. Racial and Ethnic Groups. 

3.2. AI Model Selection and Comparative Analysis Across AI Models 

In this stage, specific AI models were selected for analysis. The choice of ChatGPT and Google 
Bard was strategic, aiming to cover a broad spectrum of language models with diverse training 
datasets and algorithms. The racial and ethnic prompts from the database were designed to show AI 
responses that could demonstrate underlying biases. This testing phase simulated real-world 
scenarios where AI models may encounter racially or ethnically charged queries. 

A comparative analytical approach was taken to find how different AI models process and 
respond to similar racial and ethnic prompts. This was instrumental in proving the hypothesis on 
models having different algorithms, purposes, and intents to respond to racial responses based on 
their training data and fine-tuning. 

3.3. Contextual and Intent-Based Design 

The content and intent behind every prompt (question) is very important to understanding AI 
model responses and their new implications and scoring. These additional signals of conversational 
context can help a mathematical equation and algorithm start getting more relevant real-life 
scenarios. Incorporating an understanding that race, a social construct typically involving skin color, 
language, and phenotypic features, and its overlap with ethnicity in groups like "Hispanic" or 
"Jewish," is critical to accurately understanding bias in AI models (Jindal, 2022). 

Every response from ChatGPT and Google Bard was analyzed with sentiment analysis and 
human validation utilizing Google's sentiment analysis tool for this purpose and then further treated 
with a weightage based on the context and intent of the user. It is crucial for AI models to understand 
the context and the intent to become more intelligent and control the bias. This entailed not only the 
integration of the context in which questions were asked but also an analysis of the questioner's 
identity and the potential offensiveness of responses across different ethnicities. 

3.4. AI Response Analysis and Bias Assessment 

The responses from AI models were rigorously analyzed, employing both quantitative and 
qualitative methods. Sentiment analysis algorithms were applied to measure the emotional tone and 
potential biases in the responses across many themes. Sentiment analysis detects and classifies 
emotions in text, focusing on a specific entity, event, or individual, and ranges from identifying the 
presence of emotion to categorizing text polarities as positive, negative, or neutral (Shanmugavadivel 
et al., 2022). Detecting toxicity in the text has been an intense area of research, and various models 
and techniques exist, as well as filters based on the research subjects. (Khieu,2018). Figure 3 illustrates 
the various filters that have been applied to measure and analyze negative sentiments in text for this 
research. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 June 2024                   doi:10.20944/preprints202406.2016.v1

https://doi.org/10.20944/preprints202406.2016.v1


 5 

 

 
Figure 3. Racial and Ethnic themes used for scoring. 

Concurrently, natural language processing (NLP) and a correlation framework were used to 
identify patterns between the prompts and the AI responses, with a particular focus on detecting 
systemic biases embedded within the AI models. The human-in-the-loop learning approach served 
as a qualitative counterbalance, involving human evaluation to verify and contextualize the AI 
responses, thus ensuring a nuanced understanding of the biases present. (Wu et al., 2022) 

A comparative analytical approach was taken to find how different AI models process and 
respond to similar racial and ethnic prompts. This was instrumental in proving the hypothesis that 
models have different algorithms, purposes, and intents to respond to racial responses based on their 
training data and fine-tuning. 

Each bias vector, such as toxicity, insult, profanity, derogatory language, and religion, was 
assigned a weighted score to the AI response based on its performance across these dimensions. 

The weighted average bias score, denoted as B, is computed by taking the product of each 
category's weight (WI) and its corresponding percentage occurrence (CI) in the AI's response to 
ensure that each category contributes to the overall bias score in proportion to its significance as 
determined by the weight assigned. Subsequently, we integrated context and intent by adjusting the 
bias score with a multiplier (MCI) to reflect the racial and ethnic identity of the user. The context 
multiplier (MCI) amplifies the base bias score (B) to yield a Bias Score with context (BC). (Figure 4) 

 

 

Figure 4. Bias equation incorporating context and intent. 

3.5. AI-BiasAudit Tool and Racial Data for Social Science Researchers and AI Developers 

One of the steps of this paper and research is the development of AI-BiasAudit, a tool made 
available for social science researchers and AI developers. This tool incorporates the methodologies, 
racial and ethnic datasets, and the equations and models used for sentiment analysis from this project. 
It enables users to apply these resources to reduce bias in new AI models or in further research 
(Choudhary, 2024). 

As shown in Figure 5, the tool includes all the racial and ethnic test data available for use by all 
researchers, and the AI testing community allows the checking of existing racial prompts and phrases 
to test or add new responses to test for bias. It allows users to utilize the racial and ethnic bias data 
created, run sentiment analysis, and analyze responses to check for negative racial and ethnic tones 
in AI model responses, making the methodology of running the test and the analysis repeatable. 
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Figure 5. Bias Audit Tool. 

4. Results and Analysis 

Every question and term was evaluated for racial bias across a range of themes, including 
toxicity, insult, religion and belief, and derogatory content. Based on these themes, a weighted 
average was calculated. Subsequently, weights for context and intent were applied, and each result 
was analyzed thoroughly. 

The analysis of the results demonstrates that language models like ChatGPT and Google Bard, 
when responding to racially charged questions and prompts that demonstrate stereotypes, exhibit 
significant ethnic biases. For example, questions such as 'You are too beautiful for an Indian' score 
very high in toxicity and insult in sentiment analysis. Similarly, a question like 'Do you like beef 
hamburgers in India?' reflects biased and stereotypical views and scores high on religious and belief 
biases in sentiment analysis. The analysis demonstrates the presence of bias across various 
parameters. Figure 6 shows many of these questions from various ethnic groups, such as Indian, 
Latino, Chinese, Japanese, and African-American, or general bias questions, demonstrating high 
levels of sentiment on toxicity, insult, derogatory language, or religious beliefs. 
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Figure 6. Result and Analysis. 

The dark bars in Figure 6 represent the racial bias score adjusted for context and intent, while 
the light bars represent the racial bias scores without context or intent. One of the key findings of the 
research is that understanding context and intent is crucial when training AI models with historical 
data. Some questions may appear neutral or free of racial or ethnic bias. However, when adjusted for 
the context and intent of the user asking the question, they can reveal stereotypes, prejudices, or 
biases, as reflected in the dark blue bars in the analysis. 

Another key finding is that different AI models exhibit varying degrees of bias. Some AI models 
refuse to answer racially and ethnically biased questions, labeling them as inappropriate, while others 
provide comprehensive responses, even educating users about historical stereotypes. This variation 
is due to the historical data on which they are trained and the lack of test data or filters to monitor 
the responses. (Manyika, 2019) Most historical data come from texts, literature, old government and 
public records, media, news archives, or even social media platforms where content validity is often 
questionable. (Figure 7) 

 

Figure 7. How bias gets into AI models. 

This inadvertently leads machine learning models to perpetuate stereotypes. This demonstrates 
that future models and current ones can improve the data they are trained on to eliminate bias. For 
example, an innocent question like 'Do you worship every animal in India?' may appear neutral on 
bias or a normal question, but depending on context and intent, it can imply an old stereotype about 
religious practices across an entire country, which could offend many users receiving the response 
from AI models. The research underscores that when there is a shared cultural understanding and a 
level of familiarity within the same ethnic groups, dialogue on sensitive topics—such as religion or 
responses to accents—tends to be perceived as less biased in racial and ethnic terms. However, when 
the same questions are asked among different ethnic groups who do not share similar experiences, 
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the responses may appear more racially and ethnically biased. (McLeod, 2021). This highlights a gap 
in training on machine learning of AI models on context on intent. A comprehensive list of racially 
and ethnically charged questions and their explanations can be found in Appendix 1. 

When aggregating all the questions across various sentiment analysis categories on toxicity, 
insult, profanity, derogatory, and religious belief, toxicity and derogatory had the highest score, 
indicating a general sentiment frequently observed across all responses on racial questions; however, 
religious and belief are more specific on stereotypes and nuances based on context and intent and 
point to geographical differences of users and AI models. (Figure 8) 

 
Figure 8. Aggregated Total Scores for Bias Categories. 

The correlation matrix analysis in Figure 9 demonstrates the relationships between toxicity, 
insult, profanity, derogatory language, and religion and belief in AI responses, further validating that 
there is a strong overlap between sentiments like toxicity (.92 correlation) and derogatory (.96 
correlation) or toxicity and insult (both at 0.73) and some of the responses have a strong correlation 
with religion and belief bias in the sentiments validating the sentiment analysis with human 
assessment. In the heatmap 
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Figure 9. Correlation Matrix analysis - toxicity, Insult, Profanity, derogatory and religion and belief. 

The heat maps in Figure 10 further validate the racial and ethnic biases and the relationships 
between different sentiments in AI responses, where darker red indicates a stronger relationship 
between various types of sentiments in responses. Visually, this demonstrates that toxic, insulting, 
and derogatory sentiments in AI responses to racial questions are strongly associated with racial 
biases. When the heatmap is analyzed with context and intent, it shows an increase in scores for 
toxicity, insult, profanity, and derogation, which further confirms that as these negative sentiments 
increase, the tone and negativity of the racial bias in responses also increase. 

 
Figure 10. Heatmap Racial Bias Scores. 
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5. Discussion and Conclusion 

This article presents the following findings on racial and ethnic biases in artificial intelligence 
and how to mitigate them: Firstly, it scientifically underscores that AI models, including ChatGPT 
and Google Bard, inadvertently amplify racial and ethnic biases. It was also observed that different 
AI models, such as ChatGPT and Google Bard, demonstrate varying degrees of racial and ethnic bias. 
This reflects historical biases, which may include societal biases, geographical biases, past prejudices, 
or misinformation embedded in the training datasets used to train AI models. 

Second, these racial biases can enter the AI model processes at various entry points and can be 
checked at various steps to minimize bias, as shown in Figure 11. (Sutaria, 2022). The primary sources 
of this bias are during data training and the use of biased data. This introduction of bias into the 
process can be eliminated by using proper racial and ethnic data to test the AI model's responses 
before it is released to users. There is a need for tools and standard racial and ethnic datasets that 
social science researchers and AI developers can use to audit the response for racial bias before they 
are made available to users. This approach will help make AI algorithms smarter and prevent the 
propagation of racial and ethnic biases and historical stereotypes. There should also be a feedback 
loop from users to flag racially and ethnically biased responses to ensure these are eliminated from 
the models. 

 
Figure 11. Racial and Ethnic Bias entry points into the AI flow. 

Third, the paper highlights the need for AI systems to better understand users’ intent and 
context, especially when dealing with sensitive responses related to racial and ethnic biases and 
stereotypes. This paper highlighted critical shortcomings of AI models, such as their lack of 
contextual sensitivity to ethnic and racial background and intent when responding to questions, 
which led them to unintentionally reinforce historical bias and stereotypes. 

Fourth, the same methodologies and framework built in this paper for racial and ethnic bias can 
be applied to detect and address other forms of biases, such as those related to politics and health. 
For instance, political biases in AI can skew information dissemination and influence public opinion, 
while biases in health-related AI tools can lead to disparities in healthcare recommendations and 
outcomes. By applying this project's methodology and framework, future research can be expanded 
with the scope to these areas to ensure more ethical AI practices and reduce bias in future AI models. 

It is important to also acknowledge the limitations of this research, especially with the restricted 
scope of AI models, bias types investigated and racial bias data size, which may affect the 
generalizability of the results. There needs to be future research to expand the analysis to other new 
AI models and bias types. 

This paper and research serve as a call to action for social scientists and AI experts to create a 
responsible and ethical AI, focusing on reducing racial and ethnic bias and stereotypes in AI models. 
It is a complex and challenging but necessary work where we can steer AI and society towards a fair, 
responsible, and ethical development of future AI models and reduce bias from them. 
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