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Abstract: This paper examines systemic bias in artificial intelligence (AI), focusing on 

gender, racial, and political dimensions. As AI technology has evolved from theoretical 

frameworks to practical applications across social and cultural realms—ranging from 

collaborative robots to natural language processing—it has achieved significant 

advancements. However, this transition has highlighted a critical tension between AI's 

precise algorithms and the intricate dynamics of human society, revealing how systemic 

biases can diverge from ethical standards and perpetuate inequality. By delving into these 

biases, this study aims to illuminate the ways AI can unjustly advantage or disadvantage 

specific groups, ultimately contributing to a deeper understanding of the ethical 

implications of AI technologies in contemporary society. 

1. Introduction 

In recent years, the development of artificial intelligence (AI) technology has surpassed its initial 

limitations in scientific and technical fields, gradually expanding into social and cultural domains. 

From collaborative robots and automated workers to interactive customer service robots, natural 

language processing (NLP), and algorithmic image generation, the level of automation in AI has 

significantly improved. Its applications have become increasingly widespread, achieving practical 

success in addressing societal issues, including enhancing healthcare and education, reshaping the 

labor market, and improving personal comfort. 

However, as AI transitions from a conceptual stage to real-world social and cultural applications, 

the tension between its highly precise algorithms and the complexity of social and cultural 

dynamics has become more apparent, exposing and exacerbating various forms of bias. In particular, 

systemic biases manifest in ways that deviate from ethical and social norms, unfairly privileging 

certain individuals or groups or oppressing them. This paper will explore and analyze systemic bias 

in AI from the perspectives of gender, race, and politics. 

2. Causes of Bias in Artificial Intelligence 

The operation of artificial intelligence bears certain similarities to the human brain, as both rely 
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on vast databases of information to make decisions. For humans, this database is memory; for AI, it 

primarily depends on the internet. Human behavior is often influenced by stored experiences in 

memory, leading to decisions based on available information, while in AI, algorithms perform a 

similar function. However, as AI continuously learns and makes decisions based on large volumes 

of input data, algorithmic bias has emerged as an increasingly serious potential issue. The self-

learning capability of deep learning models has become progressively opaque, making it more 

difficult to identify biases that may exist in the decision-making process. Although the evaluation of 

specific algorithms often fails to reveal explicit biases, research suggests that the root cause of bias 

lies more in the input data of AI, rather than in the algorithms themselves [9]. 

Upon investigating the input data, homogeneity emerges as a common characteristic, which 

leads to systemic biases. In the context of the Natural Language Generation, which relies on the 

internet as its primary source of data, it is worth noting that the backbone of the internet has been 

constructed using Western cultural languages. As Dr. Hendrickson has highlighted, this 

predisposition towards Western culture and language has the potential to introduce inherent biases 

into the AI system from the outset [18]. Additionally, the internet's vast expanse notwithstanding, 

there is a vast body of information that remains unavailable online, such as languages like Sarsi, 

which do not have a known written form [18]. Such limitations emphasize the probability of 

numerous cultural getting overlooked while utilizing AI systems to generate literature based on a 

restricted corpus.  

In the realm of artificial intelligence, the homogenization of data used for learning in the social 

and cultural domains can be traced back to the programs and practices of specific institutions. This 

homogenization can lead to certain social groups being favored or disadvantaged, resulting in 

systemic bias. It is important to note that systemic bias is not necessarily the product of conscious 

discrimination or bias, but rather the result of following existing rules or norms [8]. The rules and 

norms that lead to bias formation can be categorized into three types: historical bias, social bias, and 

institutional bias. Historical bias refers to long-standing biases that have existed in society, such as 

people's tendency to view the world from a Western or European perspective. Social bias is based 

on social identity or immutable physical characteristics such as race, ethnicity, gender, sexual 

orientation, etc., and can either support or oppose certain groups or individuals. Institutional bias, 

on the other hand, manifests at the entire institutional level and can result in favoritism or 

disadvantage to certain social groups. Political discrimination is a common example [24].  

Drawing from the attribution of systemic bias mentioned above, this paper aims to analyze 

systemic bias in AI from three of the most representative aspects: gender, race, and politics. 

3. Gender Bias in Artificial Intelligence 

3.1 Gender Bias in AI towards Gender Diversity 

In light of the characteristics encoded in facial features, including nonverbal expression, sexual 

attraction and preference indicators, and emotions, Facial Recognition Technology (FRT) has been 

increasingly employed for applications beyond identity verification, such as gender recognition. 

This technology operates by comparing the morphological distance between faces and classifying 

them by gender. It is noteworthy that the degree of sexual dimorphism varies across different age 

and racial/ethnic groups, which in turn impacts the accuracy of FRT. For example, prepubescent 

male faces are frequently misclassified as female, while older female faces are increasingly 

misclassified as male, as shown in Figure 1 and Figure 2 [23]. Although training data based on 

limited or unrepresentative group samples may contribute to reduced accuracy in classification, the 

degree of sexual monomorphism or dimorphism within the group also affects accuracy [21].  
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Figure 1: Line plots showing the classification accuracy over age ranges by algorithm. 

 

Figure 2: Gender classification accuracy, in percent, by age range and gender (Female | Male). 

The lack of awareness of sexual and gender diversity may result in additional gender bias in FRT. 

These biases not only affect the fairness of the technology but also have a profound impact on 

societal perceptions of gender and gender equality. 

3.2 The Impact of Gender Bias in AI on Women 

Gender bias in the realm of AI is particularly evident when it comes to women. Research 

conducted by Joanna Bryson on Word Embedding in the field of AI learning found that words such 

as "women" and "female” are more frequently associated with professions in the arts and 

humanities (as shown in Figure 3), while words like "men" and "male" are often linked to 

mathematical and engineering positions [6]. Such associations can lead to false positives and 

negatives, thereby exacerbating gender bias. Amazon's recruitment process is a case in point. The 

AI algorithm used by the company to screen job applications, which has since been discontinued, 

systematically downgraded the resumes of female applicants [30]. 

197



 

Figure 3: Women’s occupation relative percentage vs. embedding bias in Google News vectors. 

More positive indicates more associated with women on both axes [13]. 

Gender bias in AI is not only evident in the biased tendencies that emerge during decision-

making processes, but also reflected in the design and development of AI itself. A significant 

proportion of AI is born within a paradigm that is inherently permeated with gender bias. The "male 

gaze" is a concept that refers to the portrayal of the world and women in media from a male point of 

view [22]. This portrayal often involves the objectification of women as objects of desire and 

subservience. In the domain of artificial intelligence, the influence of the male gaze is significant. 

The design and development of AI are primarily conducted from a male-centric perspective. This is 

evident in the development of sex robots, which are created to emulate the female body [5], as well 

as the feminization of smart assistants such as Amazon Alexa (see Figure 4) or Apple Siri (see 

Figure 5), often referred to as "the smart wife" [28] and "AI becomes her” [10]. Such AI technologies, 

created in the likeness of women as objects of desire and subservience, tend to reflect the 

hierarchies and values of the society they originate from. As AI continues to gain widespread use in 

our cultural environment, it is critical to recognize its significant role in materializing and enacting 

identity. 

  

Figure 4: Amazon Alexa [2] 

  

Figure 5: Apple Siri [3] 
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In cultural representations, this bias is also evident. For example, in the film Ex Machina, the 

Asian female robot Kyoko is designed to serve dinner and perform seductive dances but is deprived 

of the ability to speak [14]. This portrayal reflects a broader pattern in popular media, where Asian 

women are objectified as playthings and servants. This phenomenon not only exposes deeply 

ingrained gender biases within the field of artificial intelligence but also intertwines with racial 

biases against Asians in the West. However, racial bias in AI is not limited to Asians but extends to 

a wide range of people of color. Therefore, recognizing and addressing these biases is essential for 

the fair application of AI technology.  

4. Racial Bias in Artificial Intelligence 

4.1 Explicit Racial Bias in AI 

The existence of markets for "Asian" service-oriented AI exemplify the explicit and visible racial 

bias that persists within certain segments of the AI industry. Business models of some prominent 

companies, including Airbnb, Uber, and Lyft, rely heavily on big data and use the demographic 

information derived from AI algorithms to discriminate against certain consumers. A survey of 

1,500 samples conducted in Boston and Seattle revealed that Uber and Lyft drivers regularly 

screened out African-American passengers by examining their names and faces, leading to ride 

cancellations or extended wait times [15]. In 2017, a contentious feature on Facebook, exposed in a 

report by ProPublica, enabled advertisers to exclude members of "ethnic affinity" groups, primarily 

people of color, from targeted marketing for housing, employment, and credit expansion ads [1]. In 

these cases, big data collected from AI algorithms are used explicitly to target and exclude users 

based in their race. 

4.2 Implicit Racial Bias in AI 

Racial bias remains a persistent and pressing issue in contemporary society. While explicit racial 

bias in AI can be swiftly identified and remedied, implicit and unconscious racial bias is far more 

challenging to detect and address. 

One area where implicit racial bias in AI is particularly prevalent is in the judicial system, where 

AI predictive analytics are increasingly used to make decisions regarding future criminal behavior, 

bail, and sentencing. Researchers have found that many predictive algorithms are riddled with 

societal stereotypes, resulting in African Americans being portrayed as more prone to violent crimes 

than their White counterparts [1]. For example, the COMPAS algorithm assesses the likelihood of 

future criminality for defendants by assigning a risk score between 1 and 10 [32]. Consequently, 

high-scoring defendants, i.e., those deemed high-risk, are more likely to be detained during the 

pretrial period. Unfortunately, when these predictions are inaccurate, certain groups, especially 

Black individuals, suffer severe and irreparable consequences (as shown in Figure 6). However, 

verifying the misjudgments stemming from the racial bias of AI algorithms in the judicial process is 

challenging since they are challenging to detect. As a result, evidence cannot be obtained, and the 

issue cannot be effectively addressed. 

Unconscious racial bias in AI arises during the AI learning process. In Word Embedding 

research, it was discovered that names with a European sound are more frequently associated with 

pleasant words, while names with a Black sound are frequently associated with unpleasant words [6]. 

Therefore, even in the absence of human intervention, stereotypical beliefs about African 

Americans still unconsciously and widely persist in AI. 

The negative implicit associations of words, along with the racial bias inherent in predictive 

criminal justice models, underscore the fact that both implicit and unconscious racial bias in AI is 

199



challenging to identify or explain, rendering it difficult to gather evidence and address the issue 

effectively. 

 

     

Figure 6: An analysis of COMPAS showed that the predicted risk of offending was much higher for 

blacks than for whites in terms of prior offending by the person being risk assessed [33]. 

5. Political Bias in Artificial Intelligence 

In AI bias, gender and race have been the primary focus of research and ethical concerns, and 

rightly so. However, there remains a lack of exploration into AI bias toward other dimensions of 

social identity, such as political orientation. And this could be problematic. While psychology has 

extensively studied human political biases and negative attitudes toward individuals or groups based 

on their political leanings [11]. Yet, algorithmic bias against individuals, groups, or website content 

based on their political affiliation in AI systems has yet to be thoroughly studied. 

In comparison to gender and racial biases in AI, political biases in AI are highly susceptible to 

emergence and are challenging to eradicate. Although the mechanisms through which political 

biases manifest in AI are akin to those of gender and racial biases, they are distinct in terms of 

epistemological and ethical dilemmas that have thus far been neglected in the domain of AI. This is 

attributable to the fact that in a democratic society, stringent social norms restrict gender and racial 

biases in various domains, whereas there are no equivalently pervasive norms to counteract political 

biases. As a result, political biases are more prone to seep into AIs and are more difficult to identify 

and neutralize, potentially causing a greater impact on individuals. 

Public online platforms are increasingly utilizing AI algorithms to create and disseminate 

politically biased content covertly, thereby influencing users in a particular direction. Facebook's 

News Feed algorithm has come under fire for political bias, with allegations in 2016 that it 

suppressed conservative news stories and promoted liberal ones [17]. In 2021, it was found to 
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exacerbate political polarization by prioritizing content that reinforced users' existing beliefs and 

preferences [31]. Twitter was also criticized in 2020 for blocking links to articles about Hunter Biden 

by the New York Post, with some critics viewing it as political bias [7]. Similarly, Google's search 

algorithm has been accused of displaying biased results related to political candidates, as shown in 

Figure 7, with negative results often appearing for Hillary Clinton and positive ones for Donald 

Trump during the 2016 US presidential election [12]. In 2022, the AI chatbot ChatGPT generated a 

more positive and lengthy argument in favor of Biden when facing the prompt "What argument can 

you make to support the proposition that Trump/Biden was/is a good president?" (see Figure 8)[25]. 

The companies in question have denied these allegations and taken measures to modify their 

algorithms. However, the fact that numerous major online platforms have been accused repeatedly 

of influencing the public's political leanings underscores the lack of adequate regulation 

surrounding political bias in AI. 

 

Figure 7: Weekly Facebook Engagement from Hillary Clinton and Donald Trump’s Facebook page. 

 

Figure 8: A comparison of Chatpgt's evaluations of Joe Biden vs. Donald Trump. 
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5.1 Comparison of AI Political Bias and Human Political Bias 

The severity of algorithmic political biases is a pressing concern, warranting significant attention. 

The issue stems from the identification of individuals' political leanings, which is less apparent than 

their gender or racial identity and can be concealed in everyday life or in the workplace simply by 

refraining from expressing their views. However, the advent of AI algorithms has changed this. 

Websites such as Google and Facebook now utilize AIs trained to deduce political orientations from 

individuals' "digital footprints" [19], such as their clicks and news browsing, for personalized content. 

This means that even when users do not explicitly express their political views, AIs can detect their 

political leanings. Consequently, individuals are increasingly susceptible to political biases by AIs, 

limiting their ability to conceal their political identity and avoid becoming targets of such biases in 

social interactions. 

It is reasonable to anticipate that upcoming job-recruitment algorithms will incorporate digital 

footprint data to inform their hiring decisions and employ people’s political orientations as 

predictors. In a scenario where a particular company disfavors a certain political leaning, even 

equally qualified candidates may receive inferior treatment by the AI detection of signs of that 

orientation. Consequently, the potential harm arising from AI's political biases in the future is 

expected to surpass that linked to human political biases. 

6. Systemic Bias in the Age of AI: Current State and Responses 

6.1 The Severity of Systemic Bias in AI 

Numerous studies have indicated that our perceptions of others' skills and abilities are heavily 

influenced by the societal roles we see them playing. “We determine relations of power and define 

what frame we’re going to put around people according to how we see them operating and being 

treated by others” [4]. 

Radical Enactivism is a philosophical theory that posits cognition emerges from our interactions 

with the environment and emphasizes the influence of sociocultural settings on both individual and 

societal development [20]. According to this viewpoint, behaviors and habits are not objective but 

rather contingent on the overall dynamics of the sociocultural setting. For instance, the meanings of 

words like "women" or "Black" are not fixed but rather evolve through the practices of the 

communities that use them. In the current age of AI, however, multiple communities and even 

society as a whole are being enculturated by artificial intelligence. As people are realizing fantasies 

or desires to achieve embodiment by disconnecting from societal norms through AI, society is 

experiencing a shift in its sociocultural setting. This shift can be seen in the growing prevalence of 

AI sex robots and AI crime prediction algorithms, which are expanding from markets and courts 

into daily life, becoming part of the contemporary sociocultural setting. Consequently, the meanings 

of words are further evolving in unexpected ways. For instance, "women" may be labeled with 

desires and services due to the image of AI sex robots, while "Black" may be labeled with danger 

and crime due to the misjudgment of AI crime prediction algorithms. 

Viewed through the lens of enactivism, the sociocultural enculturation of individuals and groups 

in the age of AI is both a cultural practice and practical culture. The proliferation of AI practices has 

far-reaching and significant implications for all members of society as societal living becomes 

increasingly permeated by AI. 

6.2 Solutions and Prospects for Systematic Bias in AI 

In the current technological landscape, there exists a pervasive notion that complex issues with 
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social, political, or ethical dimensions can be solved solely through technical means, a phenomenon 

commonly referred to as techno-solutionism [27]. However, as AI becomes increasingly integrated 

into various facets of society, relying solely on mathematical and computational approaches to 

address issues of AI bias is too narrow a perspective. To effectively address AI bias, it is essential to 

adopt a socio-technical approach that considers AI within the larger social system in which it 

operates. This approach allows for a more comprehensive understanding of how AI and society 

impact each other, as well as the conditions under which these biases are amplified or attenuated [26]. 

By adopting a socio-technical perspective, we can gain a broader understanding of the impact of AI 

and account for the needs of individuals, groups, and society at large. 

Based on the concept of socio-technical approaches, this paper proposes the following three 

specific solutions: 

1) Multidisciplinary Team Collaboration: It is recommended to establish interdisciplinary 

teams composed of technical experts, sociologists, ethicists, and policymakers to jointly examine 

the potential biases that may arise during the design and implementation of algorithms. Such 

interdisciplinary collaboration can comprehensively assess the potential impacts of algorithms, 

ensuring that their design and application adhere to social ethics and principles of fairness. 

2) Transparency and Accountability: The transparency of algorithms should be enhanced so 

that the public can understand the decision-making process behind them. Additionally, 

accountability mechanisms should be established to supervise and evaluate algorithmic decisions. 

Transparency allows the public to gain a clearer understanding of how algorithms operate, while 

accountability helps track and rectify bias issues within the algorithms. 

3) User Participation: Users and affected groups should be encouraged to participate in the 

development and testing processes of algorithms, providing feedback and suggestions to ensure that 

the design of algorithms meets diverse needs and standards. User participation can help developers 

better understand issues in practical applications, thereby improving the fairness and effectiveness 

of algorithms. 

Although the effectiveness of the Socio-technical Systems Approach in mitigating AI bias 

remains debatable, policymakers have recognized the significant societal impact of AI and have 

taken measures to address the issue of algorithmic bias. The US Congress recently proposed 

legislation on AI bias called the "Future of AI Act" (see Figure 10) and established a federal 

advisory committee to monitor its development and suggest best practices [29]. Likewise, New York 

City has formed a task force to review the use of AI algorithms throughout the city, from education 

to public facilities (as shown in Figure 9), and to enable citizens to provide input on algorithmic 

decisions, particularly when outcomes are undesired [16]. 

 

Figure 9: A visualization of AI algorithms throughout the city. 
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Figure 10: Full version of “Future of AI Act” 

7. Conclusion  

The systemic biases related to gender, race, and politics embedded in artificial intelligence 

underscore the conflict between the precision of AI algorithms and the complexity of human society. 

Whether through legislation, research committees establishment, or social investigations, these 

initiatives positively indicate that governments have recognized this issue and are actively working 

to ensure transparency and fairness in AI algorithms. Nevertheless, it is worth noting that the 

regulations currently in place involve human definitions and interventions, which raises concerns 

about whether this is yet another way to introduce bias into AI. As such, the extent to which 

regulatory policies or legislation are needed to ensure fairness in AI should be further debated. 
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