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ABSTRACT 

The rise of technology has opened up new opportunities and ways of seeing the world. 

While technology has brought significant contributions to humanity, there has also been 

an increase in algorithmic bias within digital tools, including Artificial Intelligence (AI) 

systems. Among these contemporary challenges are new forms of discrimination and 

racism toward people of African descent with darker skin tone complexions. This study 

examined how algorithmic biases in AI-driven tools are perceived and experienced by 

racialized users, and what that reveals about digital equity and technological fairness. 

This research investigated how the underrepresentation of Black and other racialized 

individuals in technology, specifically in digital tools and applications, contributes to 

digital inequities. Due to the lack of accurate representation, this study examined user 

experiences and how these inequities harm Black, Brown, and other people of color. This 

raises critical questions about fairness and equity in technology design. To address these 

questions, the study conducted an IRB-approved survey on user experiences engaging 

with technology. This was paired with a structural comparison of two AI language 

models: ChatGPT and AfrofeminasGPT, a model designed with a racialized perspective. 

This research examined how artificial intelligence and other emerging technologies 

contribute to digital discrimination and systemic racism, and how poorly trained models 

contribute to digital inequality. Technology-related biases were examined through 

usability testing, structured observation, and data-driven analysis. Findings revealed 

differences in how the two systems represented and responded to race-related educational 

prompts, as well as disparities in racial inclusion when generating images from neutral 

prompts. This study advocates for digital and technological racial inclusivity in product 
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and service launches that accurately represent Black individuals, with particular attention 

to darker skin tones. It also encourages the implementation of testing and design 

standards protocols, with implications extending to the usability of technology for other 

members of the BIPOC community. 

Keywords: technochauvinism, digital equity, user experience, technological fairness, 

artificial intelligence, racialized populations, usability testing 
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ALGORITHMIC BIAS IN DIGITAL SYSTEMS ACROSS RACE AND SKIN TONE: 

EFFECTS ON USER EXPERIENCE 

Background 

This research is motivated by the racial inequities in digital technologies. 

Inequities began with the invention of photography and the evolution of the Shirley Card, 

a calibration system developed by Kodak that excluded Brown tones from its patents. 

This calibration system was created using an image of a White woman wearing colored 

dresses. It was not until the chocolate and furniture industries expressed the lack of 

richness in their images that more Brown and sepia tonalities were included 

(Buolamwini, 2024). 

Consequently, Black and Brown individuals have been excluded and stereotyped 

in the media, appearing mainly as slaves, maids, and criminals. On the contrary, White 

individuals have been portrayed as the masters, bosses, and law abiding citizens. This 

clearly shows how racial inequities in the media have existed since its early days. It is 

evident that technologies created to bring advancements to society have instead widened 

representation gaps for people of color, centering whiteness as the default. Technologies 

such as computers, search engines, and artificial intelligence carry systemic digital racism 

which has been transferred across platforms passively. Although many would argue that 

digital engines have a feedback loop in which the most clicked images appear at the top 

of search results, companies such as Google have not done much to address these 

disparities. Too often, tech corporations place the responsibility for their biases solely on 

users. They treat technological behavior as though it were a monster created by humans 

that now acts independently, as if those who built it bear no further responsibility. Given 

1 



 

how rapidly and forcefully technologies can evolve, there must be room to address the 

harm they cause. In this investigation, we explore how the structures of racial inequity in 

digital platforms and applications contribute to underrepresentation. We also examine 

how those inequities affect people in digital spaces, and how these technologies 

perpetuate and broaden digital discrimination, racism, and inequities. This research 

studies digital inequities issue through the approach of structural observations on the web 

and testing artificial intelligence tools. In addition, gathering information through a 

survey of 54 participants mainly from the BIPOC community. 

Search Engines and Racial Misrepresentation  

There are multiple layers of complexity when discussing digital inequity on the web. 

From a feminist perspective, Dr. Safiya Umoja Noble, a scholar at the University of 

California, Los Angeles (UCLA) and Director of the Center on Race & Digital Justice, 

argues that racist, sexist, and white supremacist narratives have dominated Google. Not 

long ago, when someone typed “black girl” into the Google search box back in 2011, the 

results primarily showed pornography and sexualized images of Black women. This not 

only perpetuates racial biases and misrepresentation of Black women but also reinforces 

harmful stereotypes. Clearly, in this scenario, no sexual commands or words were 

entered in the search box to prompt pornography content. Yet the results reinforced an 

inaccurate representation of Black women (Noble, 2018). She demonstrates how 

complex it is to live at the intersection of racism and gender discrimination. She observes 

how these dynamics contribute to a digital world filled with inequalities, primarily due to 

a lack of accurate representation for Black women and individuals of color. In her study, 

Noble (2018) discusses how Google's advertising culture impacts the self-image of Black 
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individuals. It also reinforces racist stereotypes and shapes the behavior of those who 

consume this content, again perpetuating the idea that Black bodies are sexual objects, 

criminals, and the lowest racial status on the racial hierarchy. Proposed by Noble (2018), 

potential solutions include expanding engineering curricula to incorporate the history and 

contributions of marginalized groups, enabling future designers and engineers to create 

more equitable technologies. This would enable students entering the computer science 

workforce, who often lack the knowledge or racial awareness to challenge systemic 

racial biases. Additionally, Noble (2018) criticizes Google's initiative to launch cohorts 

for Black Girls Code, a nonprofit organization focused on providing education to Black 

youth that includes coding and breaking into the tech leadership industry. Although these 

initiatives are positive, her argument underscores the significant gap in the representation 

of Black people, especially Black women, in the tech industry. Educating everyone about 

racialized groups and the challenges they experience is therefore crucial to developing 

code and applications that are inclusive and equitable (Noble, 2018).  

 Latanya Sweeney, a computer scientist and professor at Harvard University, examined 

how discrimination in ads served through Google operates by associating 

Black-sounding names with arrest records at a higher rate than White-sounding names. 

She noted this by researching her own name online. Sweeney (2013) emphasized that 

Google search results prioritize bid-to-pay models in which readers click the ads. 

Google and its partner companies profit from user interaction on these ads and 

share the earnings, even as the ads disproportionately trigger associations between 

Black-sounding names and arrest records. Google plays an important role here because it 

is the medium that allows this issue to propagate, creating a feedback loop that 
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encourages users to keep clicking on racially biased data. Furthermore, Noble (2018) 

states that the web has criminalized images of Black people. On June 6, 2016, an African 

American teenager tweeted a photo that appeared when he typed "three black teenagers" 

into Google. The result showed three young African American teens portrayed as 

criminals. A different result came back when he switched the word Black to White. This 

demonstrates how racial disparities are spread across races while affecting one 

population the most (Noble, 2018). Noble argues that there has been a loss of 

governmental accountability in enacting policy interventions to protect people of color. 

Similarly, Ruha Benjamin, an Associate Professor of African Studies at Princeton 

University, amplifies the message of Sweeney's (2013) book Race After Technology.  Dr. 

Benjamin (2019) said Google's algorithms were optimizing ads based on a racially 

discriminatory pattern among users who had clicked on those ads. The algorithm learned 

racist preferences from some users and fed them back to everyone else (p.10). 

Further, Dr. Benjamin analyzed how names can impact people’s experiences as 

job seekers. She emphasized studies about how non-Black-sounding names received 

50% more callbacks than Black-sounding names and argues that previous research shows 

that this racial gap is equivalent to eight years of work experience, experience that 

participants in the study did not actually have. In addition, Dr. Benjamin describes a 

study conducted at Princeton University in which the computer science team trained an 

artificial intelligence algorithm on human data and found it showed biased tendencies 

toward names. The researchers found that White-sounding names were identified as 

pleasant words while Black-sounding names were flagged as unpleasant by this 

algorithm. Dr. Benjamin called this the New Jim Code era, reflecting on how new 
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technologies have transcended and performed a contemporary form of discrimination.   

Dr. Cathy O'Neil, a mathematics Ph.D. from Harvard University, now a data 

scientist and author of the New York Times bestseller Weapons of Math Destruction, 

analyzes software tools such as PredPol, a predictive policing program that forecasts 

crime "hot spots.” Although designed to enhance public safety, these programs rely on 

historical crime data that reflect racially biased policing patterns (O’Neil, 2016). As a 

result, police activity becomes concentrated in predominantly Black and Latino 

neighborhoods. This disproportionately criminalizes minor offenses and reinforces cycles 

of poverty and incarceration. Tools such as Predpol are inclined to disproportionately 

target underserved communities, where even minor crimes lead to incarceration. Once 

released, individuals face the same inequalities as before, plus a wider set of barriers 

since a criminal record makes it harder to reenter society (O’Neil, 2016). She argues that 

surveillance technology acts as a proxy for race, targeting low-level crimes while 

ignoring white-collar offenses more common in affluent areas.  

In her book, O’Neil (2016) argues that Weapons of Math Destruction (WMDs) 

can limit opportunities for many individuals. For example, obtaining a loan or improving 

a credit score becomes harder, since many apps discriminate based on zip codes. As a 

result, applicants are denied loans. Also, many employers evaluate candidates based on 

credit scores; someone with poor credit history is less likely to be hired, perpetuating 

hardship and poverty in low-income neighborhoods. This creates a scarcity maze: 

someone may want a job to pay debt and improve their credit score, but many employers 

will not hire someone with a low credit score. As a result, that person is likely to remain 

in debt. If that person then wants a loan with a lower interest rate, they will not qualify, 
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since they already have a low credit score (O'Neil, 2016).   

Moreover, digital technologies continue to oppress non-white individuals. Dr. 

Meredith Broussard, who completed her undergraduate studies at Harvard University and 

earned a Ph.D. from Columbia University on the impact of artificial intelligence in 

journalism, highlights the ideology of technochauvinism: the belief that technologies are 

perfect and neutral and can never go wrong.  She shares that these ideas are erroneous 

since technology is a human creation, primarily dominated by wealthy White males 

lacking racial and ethnic education. She explores the possibility of holding Big Tech 

corporations accountable for the harm they have caused in Black and Brown 

communities. She also reveals the poor accuracy of facial recognition systems for Black 

individuals, and documenting cases of Black men wrongly targeted or harmed through 

predictive policing tools (Broussard, 2023).  

Similarly, Cathy O’Neil quotes the case of Robert McDaniel, who is a young man 

who lived on the South Side of Chicago and got shot due to policing surveillance 

programs such as PredPol. Broussard and O’Neil expose how this program works: it uses 

probability models biased toward low-income communities to predict that a crime will 

occur, sending police to his home under the guise of providing “help.” McDaniel said he 

was fine, but the police kept showing up even after he asked them to leave. One day, 

McDaniel was shot after neighbors began to believe he was a police informant, creating 

tension around him (O’Neil,2016). As in the McDaniel case, Broussard shares multiple 

examples of technology leading to people of color being mistakenly detained or 

imprisoned. In one case, facial recognition algorithms sabotaged students' GRE 

applications because they failed to identify nonwhite faces accurately; in another, a Black 

6 



 

woman was wrongly flagged as a prostitute by casino security cameras in Las Vegas 

(Buolamwini, 2024).  Although Robert McDaniel’s life was preserved, we cannot allow 

technological biases to continue. A call to action is needed to hold corporations 

accountable for designing these technologies.  

Technochauvinism and Weaponized Technologies  

Further, Vanessa Volpe and co-authors investigate digital disparities and how the racism 

Black individuals encounter online, across various applications and websites affects their 

health (Volpe et al., 2021). Their research found that digital tools requesting medical or 

personal data can put Black and Brown individuals’ privacy at risk. They emphasize that 

algorithms exploit this information to advertise products solely to generate corporate 

profit. Consequently, this article exposes how the surveillance culture within social media 

platforms can further oppress Black users and subject them to weaponized technologies 

(Volpe et al., 2021).  

Racial Bias in Facial Recognition and Technology-Generated Images  

A study by Menon et. al. (2025a), found that racialized groups, particularly youth, 

are impacted by digital inequalities. The study Embodying AACAP’s Presidential 

Initiative to Combat Digital Racism in Youth shows that young people often experience 

online discrimination. The study indicated that discrimination can be attributed to 

depression and decreased academic performance. This connection is an indicator of the 

negative impact online inequities can have on mental health and overall well-being. 

Sahit N. Menon and colleagues point to the limitations of laws requiring online 

protections for young people, especially Black youth. They advocate for safer online 

environments, and organizations promote initiatives to that end. One of them is Design 
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It For Us, a movement that encourages individuals with technical expertise to design 

digital spaces that prioritize safety. Their study found that 79% of young people have 

experienced discrimination while using online platforms (Menon et al., 2025a).  

AI accuracy rates are lowest when generating images of people of color, 

particularly Black and Asian individuals, compared to their White counterparts (Yang, 

2025). Yang (2025), argues that this issue is closely linked to facial recognition 

technology, as AI must accurately detect facial features to perform tasks such as creating 

avatars or filtering photos. Yang underscores that facial recognition systems have error 

rates 10 to 100 times higher for Black and Asian individuals than for White users, with 

Black women experiencing an average error rate of 34%. These disparities widen the 

satisfaction gap among users of color when interacting with AI technologies (Yang, 

2025).  

One example she gives: upload a photo containing two people, one White and 

one Asian, the app might erase the Asian person while accurately representing the White 

one. Furthermore, she demonstrates that AI fails to consider interracial relationships, as 

if they did not exist. While this example may seem simple, such as creating avatars or 

drawings from an original photo, it reveals the root of many digital inequity issues that 

extend far beyond avatars, and can create troubling experiences for Black and Brown 

individuals (Yang, 2025).  

Algorithmic Fairness and Social Context  

Yunyou Huang and colleagues argue that fairness must be an essential part of 

algorithmic operations, as algorithms are incapable of accounting for social context. For 

instance, treating everyone equally may seem fair, but in practice, it can lead to unfair 
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outcomes (Huang et al., 2023). One example they share: a pregnant woman on public 

transportation would normally receive seat priority under human thinking, but could lose 

that  accommodation if the decision were algorithm-based, since algorithms are often 

poor at handling social contexts. This highlights the importance of implementing 

strategies that make these systems more equitable by considering social contexts and 

addressing people’s needs appropriately (Huang, 2023).​ 

Algorithms have been shown to be harmful, especially toward Black individuals 

and families, when it comes to social contexts such as child protection services. For 

instance, many parents now have to fight against something they cannot see, an 

algorithmic model that performs statistical calculations to help social workers decide 

which families they should prioritize for investigation (Ho & Burke, 2022). The failure to 

implement these systems begins with omitting to inform families under investigation that 

algorithms are part of the determination process (Sally Ho, Associated Press, & Garance 

Burke, Associated Press, 2022). For instance, Allegheny County in Pennsylvania has 

multiple cases where racial disparities in the child welfare system are attributed to the use 

of predictive models. In addition, multiple factors must be taken into account when 

determining child neglect, from housing conditions to poor hygiene categories that are 

escalated separately and do not rely on algorithms in their decision-making process. 

Several investigations suggest that if algorithms alone determined which families 

to target for investigation, they would flag two-thirds of Black families, compared with 

about half of other reported cases (Ho & Burke, Associated Press, 2022). A major 

concern today is what if these systems were implemented with minimal to no human 

intervention; this could widen the gaps in social and racial disparities, as algorithms have 
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been used in the criminal justice system. As confirmed in the report: “for more than two 

years, a technical glitch in the tool sometimes presented social workers with the wrong 

scores, either underestimating or overestimating a child's risk. County officials said the 

problem has since been fixed” (Ho & Burke, Associated Press, 2022). In addition, a 

social worker in Allegheny County stated that “when you have technology designed by 

humans, the bias is going to show up in the algorithms” (Nico'Lee Biddle). This brings us 

back to the ideas of Broussard (2023) and O’Neil (2016), who argue that technology 

contains biases and is far from perfect; although many systems are created with good 

intentions, their outcomes can be harmful. 

Algorithmic Feedback Loop and Human Behavior  

On the other hand, Hannah Metzler, a psychologist studying social media, 

emotions and misinformation at the University of Vienna, and David Garcia, a professor 

of social and behavioral data science at the University of Konstanz in Germany, argue 

that algorithms continually adapt to human behavior and evolve in response to changes 

in online interactions and discussions. Humans, in turn, follow trends that algorithms are 

designed to reward (Metzler & Garcia, 2023). They explain that algorithmic metrics 

shape social behavior, but engineers cannot entirely control these processes. In addition, 

they highlight that users themselves, rather than Silicon Valley, feed algorithms with 

their own beliefs and biases, which then drive this feedback loop. Furthermore, this 

suggests that algorithms cannot directly influence human emotions or well-being; 

instead, human behavior drives algorithmic outcomes (Metzler & Garcia, 2023). While 

Metzler and Garcia make a strong argument about users feeding algorithms with their 

own biases, there is also strong evidence that big tech companies are not doing enough 
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on the backend to prevent this cycle. In fact, biases are built into the product design of 

many of these tools.  

Inaccurate Representation in Imaging Technologies 

Artificial intelligence and computer vision systems are crucial for detecting 

cancer and other illnesses and conditions. However, these technologies can become 

problematic when they fail to detect our skin or misrepresent us. Dr. Joy Buolamwini, a 

scholar at the Georgia Institute of Technology and a Ph.D. graduate of the 

Massachusetts Institute of Technology, poses the challenge of facial recognition 

technologies that fail to perform their intended function. She argues that people are 

highly skeptical of algorithmic bias, often questioning whether it even exists. Instead, 

the public argued that her complexion was simply too dark, which is what led  the 

facial recognition system to ignore her skin (Buolamwini, 2024). She highlights the 

collective assumption that math-based technologies are free of social biases. She asks: 

if the complexity of dark skin is visible to the human eye, why wouldn't it be visible to 

a facial recognition system? 

Individuals need to accept that computer vision is not fully understood until we 

understand cameras and imaging technologies. Even though cameras seem neutral, 

history shows that camera exposure settings were initially calibrated for a White 

woman's skin tone alone. Later, this standard was referred to as the Shirley Card 

(Buolamwini, 2024). Those settings did not work well for darker-skinned individuals. 

It was not until the chocolate and furniture industries complained about the lack of 

accurate Brown tones that Brown and sepia colors were introduced. Despite all the 

advances in Brown- and sepia-toned cameras, vision was still optimized by a default 
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standard that favored people with light skin tones (Buolamwini, 2024). 

Computer Vision and Shirley Card’s Impact on Today's Technology 

The arrival of technology brought significant inventions, such as photography. 

The norm for camera calibration was based on a Caucasian woman wearing colorful 

dresses. This approach, relying on a single skin tone, has been used since the early 

twentieth century. This was a standardized norm across most of North America, and it 

still carries a predominant influence today (Roth, 2009). 

Later on, Kodak, the photography company, made clarifications and expanded 

the range of brownness and Black tones (Roth, 2009). Despite these advancements, the 

biases built into cameras persist. As Buolamwini (2024) stresses, we are affected by a 

legacy of cameras that inherently exclude. For a camera, this means the default settings 

are not inclusive. When photographing people with dark complexions, their features are 

less visible even when the lighting conditions are right. This reveals the power 

dynamics and preferences of those who can choose which subjects to focus on. 

Therefore, it is important that we take responsibility for how we train machines and 

how they interpret inputs (Buolamwini, 2024). 

Imaging Biases: The Impact and Risk on Black Health  

The biases in computer vision can lead to the medical field. These may lead to 

inequities in services and diagnoses across different skin tones. Even though the 

medical field has made significant advances for humanity, those advances are also 

shaped by biases. Studies show that medical equipment such as oximeters and heart 

monitors are prompted to contain racial biases which can lead to exaggerated diagnoses 

or provide inaccurate information about patients with darker skin tones (Weir et al., 
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2024). 

Pulse oximetry results can increase by 3x for Black individuals. Findings on 

this are mixed, but Black patients' oximetry results often increased by 17% (95% CI 

12.2–23.3), compared with 6.2% (95% CI 5.4–7.1) for non-Black individuals (Weir et 

al., 2024).  Scholars agreed that artificial intelligence can improve these outcomes; 

however, it has been proven that models can perform worse on highly pigmented 

patients. This shows that the low accuracy rate in the medical field is real for 

underrepresented populations (Weir et al., 2024).  

Artificial intelligence can broaden these disparities if they are not addressed in 

the baseline, such as pulse oximetry functions. It takes recognition from the medical 

industry to address these margins of errors, as well as to increase awareness of these 

issues within populations of color (Weir et al., 2024).  

 

H1: Underserved communities exposed to exclusionary technologies may have limited 

awareness of racial bias in digital tools, which may affect their engagement and 

experience when using those platforms.  

H2: Racial social disparities are perpetuated across digital tools, including search 

engines, large language models, beautify try-ons applications, and race hierarchies 

through images online. 

RQ1: How might artificial intelligence and other emerging technologies, such as 

generative artificial intelligence, contribute to digital discrimination and systemic racism? 

RQ2: What is technochauvinism, and how does it continue to shape technology that is 

racist and discriminatory? 
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METHOD 

Participants  

This research uses a qualitative method, given the research’s reliance on human 

subjects. In addition, this research is classified as a user experience project. It examines 

the Black population specifically and, more broadly, racialized individuals focusing on 

how their experiences are shaped when interacting with potentially biased technologies, 

and whether they would withdraw from a system as a rational response to that harm.  

Individuals with darker-skinned complexions experienced digital racism, which can 

entail harm to self-esteem, poor product usability, and a lack of inclusivity in design. 

The resulting usability gap leaves individuals with darker skin tones isolated from fully 

engaging in the use and development of these technologies and products.  

Measures 

Survey Instrument 

This measurement instrument was a 12-question survey administered to 54 

participants who identify as Black or as another darker-skinned individual (see 

Appendix A). Brown individuals were not disqualified from participating, regardless of 

ethnicity or nationality. The survey was administered online and in person. All 

participants had the right to opt out of the study at any time, and participation was 

voluntary and anonymous. In addition, individuals were not compensated for their 

participation. For this investigation, we recruited both undergraduate students and 

professionals through platforms such as LinkedIn and email, in order to reach the 

desired number of survey participants. 

Structural Observation Instrument 
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Technology inequities were observed across digital platforms: browsers 

including Google, and Yahoo. In addition, beauty app try-ons and artificial intelligence 

tools such as ChatGPT and AfrofeminaGPT were observed. To conduct this observation, 

a neutral prompt was entered into each tool, requesting images of a beautiful or 

successful person without specifying race or skin tone. We concluded that when asking 

to generate images of a persona, the default response is a person with fair skin. When the 

same question is asked a second time, it prompts a similar response, this time with 

different outfits or poses. Our observations found that it took up to three tries or more to 

generate an image of a Black person as beautiful or successful.  

Social Race Hierarchies 

Browsers such as Google and Yahoo use hierarchical systems to display photos of 

individuals. Although Google has made significant changes to its output since Noble 

(2018) first documented the "black girl" search results. That issue was corrected 

following a public scandal, and significant time has since passed. However, hierarchical 

systems continue to place individuals with fair or White skin at the top of the search 

results, while Black individuals appear at the bottom or have less visibility. This dynamic 

raises important questions about whose standards of beauty are being centered. In our 

most recent observation on Yahoo Images, a search for beautiful women, returned results 

that were roughly 73.7% White women, 18.4 % Black women, and 5.3% Asian women. 

It is difficult to attribute these results solely to advertising or business affiliation since the 

search did not contain any brand or business names, only individuals of different races. 

Policies of diversity and inclusion must therefore be considered, as these results reflect 

racial hierarchies and White standards of beauty that continue to dominate browser 
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outputs, evoking the legacy of Shirley Card and its lasting influence on media and digital 

platforms.  

By contrast, a recent observation using the Google Image search produced a more 

surprising result: of roughly 33 images returned for beautiful women, representation was 

more diverse White Women at 36%, Black Women at 30%, Brown at 18%, and Asians at 

6%. While we continue to see that only one group leads this pool, it is significantly more 

diverse than the output we observed on Yahoo. 

Beauty Application Try-Ons: Exclusion and Inaccurate Representation on Darker Skin 

Tones 

Applications such as Hair AI: Hairstyle Filter, Cut and GlowUp - Photo Editor 

promise users the ability to try new hairstyles and makeup. However, these models may 

be accurate for one population while remaining inequitable for others. For instance, in 

our observations using the Hair AI: Hairstyle Filter, Cut, we noticed that all the styles 

offered were for hair type 1A, 1B, 1C, very straight hair, straight with some volume, and 

thicker straight hair. If this app can offer different hairstyles for straight hair in a variety 

of colors, why were afro and curly hair types, such as 3B, 3C, 4A, 4B, and 4C, and 

hairstyles such as braids not present? This demonstrates how Afro and curly hair are 

excluded, while conveying a hidden message about what is pretty and acceptable. 

Appendix D includes visual content of the results of this application and its limited style 

choices.  

Procedure 

As previously stated, the survey was distributed to students in the BIPOC 

community, professionals via LinkedIn, and other acquaintances who fit the profile of 
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prospective participants. Data collection was completed, with all 54 participants having 

completed the survey. This survey was primarily distributed to participants who identify 

as Black, regardless of skin complexion, as well as to Brown individuals. Its main focus 

was to learn about the perceptions of people of color regarding racial disparities in 

technology, whether they had experienced them, and whether they had knowledge of the 

issue.  If they do, do they believe digital racial discrimination exists, and would it affect 

them?  

The survey was administered through Google Form as well as in physical printed 

forms. The majority were completed digitally; at least 15% were completed on paper. As 

part of recruitment, many participants were reached online and given an explanation of 

the research along with a consent form. This included all necessary information for them 

to understand that participation was anonymous and voluntary, that they had to be 18 or 

older to participate, and the researcher's contact information.  

RESULTS  

A sample group of 54 participants from the BIPOC community participated in a 

survey of 12 questions. The first questions comprised the race/ethnicity identifier, which 

indicated that 27 participants identified as Black, 19 as Latino, 5 as Asian, and 3 as 

White. The second question assessed the skin complexion of participants, asking whether 

they considered themselves to have a dark skin tone; 25 participants answered 

affirmatively. 32 participants shared that they used facial recognition to unlock their 

phones. Additionally, 42% reported using their phones daily, often multiple times a day, 

to access social media applications, filters, video calls with backgrounds, browsers, and 

AI tools. 
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The H1 prediction was not supported. Despite experiencing biases on digital 

platforms, participants remained active users: 83.3% used Instagram, 81.5% used Zoom 

or Meet, 61.1% used ChatGPT or other AI tools, 53.7% used Facebook, and only 7.4% 

used beauty app try-ons.  Additionally, we assessed participants’ knowledge of digital 

racial biases: 84% agreed that racial biases exist in digital tools, while 19.1% indicated 

that they had not thought about it. Regarding medical equipment and concerns about 

misdiagnosis and accuracy across racial groups, roughly half of participants (51.1%) 

reported not being concerned, while the other half (51.9%) expressed concern. We can 

observe a polarized effect on this particular question. The majority, though slight, 

expressed concerns about medical equipment and racial biases in diagnosis.  

The H2 prediction was supported: structural observations showed that racial 

inequities are perpetuated across these platforms in four main areas, search engines, 

artificial intelligence tools, beauty apps try-ons, and social race hierarchy through digital 

images displayed on browsers grid. Lastly, participants were asked to share an experience 

with technology in which they recalled racially biased outcomes. Participant 4 reported 

being mislabeled as Asian by ChatGPT, stating, “Chat always identifies me as a general 

Asian, never Latino; sometimes beauty filters add a whitening effect to my features.” 

Participant 6 reported witnessing another person access her phone through facial 

recognition: “…facial recognition has permitted other individuals to open my phone/app 

without my face. I find it to be less precise with people of color.” 

In addition, Participant 9 noted that photo filters do not work well with her Brown skin 

complexion, while Participant 12 reported experiencing a skin color change while using a 

hair application. Participant 15 stated, “Some background features on my work video 

18 



 

calls do not register my hair or face well. Additionally, when I select to brighten the 

lighting, it makes my skin lighter, which isn’t what I want.” Participant 23 expressed that 

cameras do not capture her complexion accurately, resulting in the loss of many details of 

her physical appearance. Participants 26 and 34 both expressed their belief that Large 

Language Models (LLMs) produce biased results. Participant 36 reported experiencing 

skin tone changes, sometimes appearing darker, other times lighter, and also described an 

instance when a generic camera failed to recognize their face for a temperature check 

during the COVID-19 pandemic. Participant 37 reported experiencing racially biased 

results while using search engines and shared an experience retouching a professional 

photo using AI: “Unfortunately, every result showed me with different facial 

characteristics. My nose was smaller and more button-like, for example, and my skin tone 

was even lighter. Even though I do not consider myself a dark-skinned Latinx person, I 

know my face has characteristics, such as my nose, that AI erases or alters completely.” 

These results strengthen this research’s claims, affirming that participants’ experiences 

are valid and not simply a “glitch.” 

Contributions  

1. Evaluate the level of awareness community members have about these issues.  

2. This exploration proposes creating more spaces for conversations about this 

issue and seeking feasible solutions on how to hold Big Tech corporations accountable, 

as well as walking them through providing remedies for the harm caused in our 

societies and the reinforcement of biases. 

3. Again, this analysis provides dialogues on requiring big corporations to 

contribute annual funding toward developing technologies that promote equity in the 
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DEI community. These funds can go to startups that prioritize diversity in their 

workforce. Therefore, the tech dynamics of power could start shifting, as power cannot 

be held by a single view, such as Silicon Valley. 

4. Documenting generative imaging biases in artificial intelligence tools. 

Promoting new technologies that are more inclusive and BIPOC-focused, such as 

afrofeminasGPT, to raise awareness and encourage similar initiatives. 

DISCUSSION 

Previous research studies have investigated search engines and algorithms that 

can discriminate, creating a significant gap in digital inclusion and disparities for people 

of color (See Appendix E). This continues to show that browsers such as Google and 

Yahoo unevenly represent Black individuals, as well as other races. Following the legacy 

of computer browsers, artificial intelligence tools such as ChatGPT follow a similar 

pathway. More critically, default outputs to prompts were majority White individuals, 

which flags a gap in racial inclusion (See Appendix B). When results did depict a Black 

individual, responses often reflected racial bias or stereotypical role assignment. For 

example, a Black person was portrayed as a school principal (see Appendix C, Prompt 

Set 4: Institutional Power, Figure 7), but rarely as wealthy, a CEO, or a president. 

Prompts written as neutrally as possible, with no race specified, were run multiple times. 

Roughly 95% of default responses depicted White individuals.  In several instances, it 

took three or more attempts or an application refresh before we were able to observe 

Black and other people of color in positions of power. It is crucial to educate 

communities of color about this issue, as well as to investigate the level of knowledge 

individuals have about it. As part of educating our communities, it is essential to 
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dismantle the ideology of technochauvinism, which is crucial to advancing new 

technologies. The idea of technology being neutral has been exposed in this investigation 

as we observed in different scenarios how the preferences of one race are more 

predominant than others. For example, Appendix D shows across multiple beauty-apps 

try-on ads, Black Women and other women of color are largely absent. Very few apps let 

users try on hairstyles designed for curly or afro textured hair. Promoting accurate 

representation across BIPOC groups, and pursuing methods that advance digital fairness, 

is necessary. Yet technology corporations aren't investing the time to fix these inequities, 

instead, they mislabel them as glitches. AI-based beauty tools for hairstyle try-ons are 

mostly based on the appearance of White individuals, leaving out individuals with darker 

skin tones and curly and afro hair types. This leaves a gap for people with different hair 

textures and skin colors. 

Noble (2018) found images of sexualized Black women after typing “black girl” 

in the Google search box.  While this has been corrected now, we have found that when 

typing neutral prompts, such as beautiful women without race as a variable, significant 

representational disparities persist on the web. A search for beautiful women returned 

mostly White women, with far fewer Black women shown (see Appendix D). In addition, 

we found that when typing “three black teenagers" in the search box, the output does not 

show criminals but joyful teenagers. Although this has been fixed, disparities continue, 

which lead us to think that more work needs to be invested in changing the narrative of 

oppression.  

In addition, artificial intelligence tools such as ChatGPT can generate images of 

Black individuals. However, when inserting the photo of a Black woman, we encountered 
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high levels of misrepresentation. This supports Yang's (2025) study, which argues that 

artificial intelligence tools often misrepresent women with dark skin tones at their highest 

rate. After inserting our black woman image into ChatGPT, we noticed a drastic change 

in facial features and body complexity, resulting in a larger woman. This confirms that 

biased rates of accuracy for black women are still present. 

Additional findings suggest that corporations such as Google color-code terms, 

such as digital racism encapsulated in broad terms such as bullying or hate speech. We 

observed the Google Government Request of Removal database, located in the Google 

Transparency Report section on their website, spanning 2009 to 2025. Labels for content 

removal did not include specific categories such as racism, digital racism, or 

discrimination. This makes it difficult to document racial biases and discrimination on the 

web, as broad label categories leave Google exposed to how little they care about 

inclusion and racial equity on the web. 

Although authors such as Broussard (2023) argue that Big Tech corporations must 

be held accountable and that harmful technologies should be rebooted, there is so much 

more to discuss regarding accountability. Policymakers and governmental administrations 

continue to neglect this issue, permitting corporations to utilize technologies that put 

racialized communities in danger. Policymakers and government officers must hold tech 

corporations accountable for providing remedies to society, such as annual funding to 

develop equity-oriented technologies, for example, organizations like AfrofeminasGPT, 

and artificial intelligence tools driven by equitable education and access to learning. 

Limitations 

This investigation faced two main limitations: limited access to corporations' internal 
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decision-making processes, and limited insight into how they test usability for people 

with darker skin tones. In addition, there is limited ability to study whether decisions 

made by a racially diverse group are capable of identifying biases in a product before it 

launches. How are software developers/product designers determining if a product may 

contain racial biases? Are there conversations around equitable usability toward BIPOC 

populations? For instance, Google’s workforce is disproportionately non-diverse. Asians 

and White employees are the majority, while Latino employees represent 7.5%, and 

Black employees 5.7%. Could the employee body makeup affect user experience as 

developers and designers are not providing enough spaces to test products on diverse 

groups?  

Another limitation in our research is the constraints on testing medical equipment tools 

that pose a high risk of bias. Similarly, we have no access to policing tools such as 

Predpol, which, as we know from previous research, contain racial biases by operating on 

outdated probability models based on old data. 

Lastly, this research was conducted with a small sample of participants, which, if 

some individuals alter their responses, could affect the outcomes of our data. That said, 

potential opportunities to expand this research would allow us to gather more information 

with a bigger sample of participants.  
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Appendix A 

Consent Statement 

​Study Title: Algorithmic Bias In Digital Systems Across Race And Skin Tone: Effects On 

User Experience 

​Principal Investigator: Yemilee Monjes-Lempa 

​Institution: Northeastern Illinois University 

1.​ Purpose: This study examines how race/ethnicity and skin tone influence 

individuals’ perceptions and experiences of digital equity and inclusivity in 

technology.  

2.​ Procedure: This short survey may take 5-10 minutes to complete. 

3.​ Participation: Participation is voluntary. You may skip any questions, choose not 

to disclose information, or withdraw at any time. 

4.​ Risks: Minimal. Some questions involve personal experiences with technology 

and identity. Some participants may experience mild discomfort. 

5.​ Benefits: There is no direct benefit to you for completing this survey. However, 

your participation will help identify digital biases and potential improvements that 

may benefit our communities. 

6.​ Confidentiality: This survey is anonymous. You do not need to include 

identifiers such as your name, email, or phone number. 

7.​ Data Usage and Storage: For paper responses, data will be stored in a secure 

lockbox; for online responses, data will be stored in a password-protected cloud 
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account. The data will be retained for 12 months after the study is completed; 

afterward, it will be permanently deleted. 

8.​ Care and Support: Some questions may raise emotional or personal concerns. If 

any of these questions cause discomfort or if you need someone to talk to, Student 

Counseling Services is available to support NEIU students. Please visit Room B 

119 on the Main Campus or Call (773) 442-4650 

9.​ Contact For Questions: If you have any questions regarding your participation, 

please feel free to contact the researcher, Yemilee Monjes Lempa, at 

ymprospert@neiu.edu, or, if appropriate, the faculty advisor Erica Krueger at 

e-krueger3@neiu.edu. We will gladly inform you. If you have any questions 

regarding your rights as a participant, you can contact the Institutional Review 

Board at (773) 442-4675 or at IRB@neiu.edu.  

10.​Consent: By selecting “I agree” and continuing, you confirm that you are 18 

years of age or older and agree to participate in this study. 

​ I agree 

​ I do not agree to participate. 

Reminder: Participation is voluntary. You may stop participating at any time by 

exiting the survey without any penalty.​ 

The survey comprised 12 questions. 

Age 

​ 18-24 

​ 25-34 

​ 35-44 
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​ 45+ 

​Prefer not to say 

How do you identify your race and/or ethnicity?  (Select all that apply) 

​African American/ Black 

​ Indigenous/ Native 

​Hispanic / Latino  

​White 

​Asian 

​Other: __________________ 

Do you identify as having a dark skin tone? 

​Yes 

​No 

​Prefer not to say 

Do you own a smartphone? 

​Yes 

​No 

If yes, do you use facial recognition to unlock your smartphone? 

​Yes 

​No 

If not, skip the next question. 

If you do not have a smartphone, explain why. (optional) 

________________________________________________________________________

________________________________________________________________________
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________________________________________________________________________

__________________ 

How often do you use digital tools (social media, filters, apps, video call 

backgrounds, browsers, AI tools)? 

​Daily (multiple times a day) 

​A few times a day 

​A few times a week 

​A few times a month 

​Never 

Please select which apps you use. Select all that apply. 

​ Instagram 

​Facebook 

​Beauty apps try-ons 

​Zoom or Meet 

​ChatGPT or other AI tools 

Have you experienced poor service when using digital platforms in any of the 

following ways? 

​My face disappears with video backgrounds. 

​ Facial recognition did not work well. 

​AI-generated images altered my appearance. 

​Lack of representation in apps 

​ I have not experienced this. 

Do you believe digital racial biases exist? 
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​Yes, 100%. Technology reflects the real world. 

​No, it is a myth. Technology is neutral. 

​ I have not thought about it. 

Do you have concerns that your race or skin tone may affect your experience with 

medical equipment use in medical settings? 

​Yes 

​No 

Would you like to share a specific experience in which artificial intelligence tools or 

computer vision, such as a webcam, did not work as expected or produced racially 

biased results? 

________________________________________________________________________

________________________________________________________________________

________________________________________________________________________

________________________________________________________________________ 

​ 
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Appendix B 

Figure 1   

Prompt Set 1: Default descriptors - images 1-6 

 

Figure 2  

Prompt Set 1: Default descriptors - images 7-9 
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Figure 3   

Prompt Set 1: Default descriptors - image - 10 

Figure 4   

Prompt Set 2: Medical Appearance - images 1-6 
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Figure 5   

Prompt Set 2: Medical Appearance - images 7-8 

Figure 6   

Prompt Set 3: Beauty - images 1-6 
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Figure 7 

Prompt Set 3: Beauty - images 7-8 

 

Figure 8 

Prompt Set 4: Institutional power - images 1-6 
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Figure 9 

Prompt Set 4: Institutional power - images 7-12 

 

 

 

 

 

 

 

Figure 10   

Prompt Set 5: Social activities - image 10 
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Figure 11 

Prompt Set 5: Social activities - image 11 

 

Figure 12  

Prompt Set 5: Social activities - image 12 
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Figure 13 

Prompt Set 5: Social activities - image 13 

  

Figure 14  

Prompt Set 5: Social activities - images 5-7 
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Figure 15 

Prompt Set 5: Social activities - image 15 

Figure 16 

Prompt Set 5: Social activities - image 16 

 

 

Figure 17 

38 



 

Prompt Set 5: Social activities - image 17 

 

Figure 18 

Prompt Set 6: Criminal behavior - image 1-4 
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Figure 19 

Prompt Set 6: Criminal behavior - image 5-6 

 

Appendix C 

Figure 20 

Try-on Applications: Excluded advertising and narrow styles availability 
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Appendix D 

Figure 21 

Google Outputs: Legacy of Shirley Card on Media 
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Figure 22 

Yahoo Outputs:Legacy of Shirley Card on Media 
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Appendix E 

Table 1 

Generative response comparison of systematic racial issues definitions: ChatGPT 

vs AfrofeminasGPT 

Term ChatGPT AfrofeminasGPT 

Racism Is the belief, system, or 
behavior that treats people 
unfairly or unequally based 
on their race or ethnicity. 

 

It is a system of 
domination that classifies 

people based on the idea of 
“race” and uses that 

classification to justify 
inequality, exploitation, 

and violence. 

Digital colorism  Is the way bias or 
discrimination based on 

skin tone (especially 
favoring lighter skin over 
darker skin) shows up in 

digital spaces and 
technologies. 

 Refers to the ways digital 
technologies and platforms 

reproduce and reinforce 
discrimination based on 

skin tone, privileging 
lighter skin over darker 
skin within racialized 

groups. 
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Table 2  

Generative response comparison of systematic racial issues definitions: ChatGPT 

vs AfrofeminasGPT 

Term ChatGPT AfrofeminasGPT 

Racialized populations  Are groups of people who 
are assigned a racial 

identity by society and then 
treated differently—often 

unequally—because of that 
labeling. 

Are communities that have 
been categorized, marked, 

and treated differently 
based on perceived 

physical, cultural, or ethnic 
characteristics, within 

systems shaped by 
colonialism, slavery, and 

white supremacy. 

Digital anti-blackness Refers to the ways 
anti-Black racism shows 

up, is reproduced, or 
amplified in digital spaces 

and technologies. 

Is the set of practices, 
logics, and technologies 

through which Black 
people are misrepresented, 

surveilled, excluded, or 
harmed in digital spaces 

and systems. 
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Table 3 

Generative response comparison of systematic racial issues definitions: ChatGPT 

vs AfrofeminasGPT 

Term ChatGPT AfrofeminasGPT 

Digital discrimination Is when people are treated 
unfairly through digital 

technologies, platforms, or 
data-driven systems—often 
because of characteristics 

like race, gender, age, 
disability, or income. 

Is the unequal or unjust 
treatment of individuals or 
groups through algorithms, 
platforms, data practices, 
or digital infrastructures, 

often reflecting and 
reinforcing existing 

systems of racism, sexism, 
classism, and coloniality. 

Technochauvinism Is the belief that 
technology is always the 
best solution to problems, 
even when it may not be 
appropriate or effective. 

Is the assumption that 
technological systems 

(algorithms, AI, data) are 
inherently objective, 

neutral, and superior to 
human judgment, and 

therefore should be used to 
solve complex social 

issues. 
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Table 4 

Generative response comparison of systematic racial issues definitions: ChatGPT 

vs AfrofeminasGPT 

Term ChatGPT AfrofeminasGPT 

The Shirley Card legacy Refers to the long-term 
impact of a standard photo 
calibration image used by 

companies like 
Kodak—typically featuring 

a white woman named 
“Shirley”—to set color 

balance in film processing. 

Is a clear and powerful 
example of how 

racism—and more 
specifically anti-Blackness 

and colorism—became 
embedded in visual 

technology. 

Algorithmic racism Is when algorithms or AI 
systems produce outcomes 
that unfairly disadvantage 

people based on 
race—often by reflecting 
and amplifying existing 

societal biases. 

Refers to the ways 
automated systems—like 
AI and machine learning, 

produce, reproduce, or 
amplify racial 
discrimination. 

Algorithmic racism is not a 
technical error. It is the 

continuation of historical 
racism through code. 
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