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Abstract. With the rapid advancement of Artificial Intelligence (AI), the emergence of various 

AI models such as Stable Diffusion, ChatGPT, and MidJourney has brought numerous benefits 

and opportunities. Through users' extensive utilization, they have discovered biases towards 

gender, race, and other factors in these AI systems. This paper focuses on bias in AI and aims 

to investigate its causes and propose strategies for mitigation. Through a comprehensive 

literature review, the paper has explored the phenomenon of bias in AI-generated content. 

Furthermore, we examine the reasons behind bias and solutions from social and intelligence 

science perspectives. From a social science perspective, we examine the effects of gender bias 

in AI and highlight the importance of incorporating diversity and gender theory in machine 

learning. From an intelligence science standpoint, we explore factors like biased datasets, 

algorithmic fairness, and the role of machine learning randomness in group fairness. 

Additionally, we discuss the research methodology employed, including the literature search 

strategy and quantity assessment. The results and discussions confirm the existence of bias in 

current AI products, particularly in the underrepresentation of women in the AI development 

field. Finally, we present future perspectives on reducing bias in AI products, including the 

importance of fair datasets, improved training processes, and increased participation of female 

engineers and intelligence scientists in the AI field. By addressing bias in AI, the paper can 

strive for more equitable and responsible AI systems that benefit diverse users and promote 

social progress. 
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1.  Introduction 

The proliferation of AI products has greatly enhanced people’s productivity, allowing even individuals 

with no prior artistic skills to create high-quality artwork, akin to those produced by talented 

cartoonists, through products like MidJourney. However, as AI products become increasingly popular 

and widely adopted across various industries, inherent limitations begin to surface. One of the most 

pressing concerns is the issue of fairness within AI products. 

Biases can be observed in the prevailing consumer-oriented products, such as ChatGPT and 

MidJourney, whereby an inclination towards certain demographics is apparent. For instance, when 

instructing MidJourney to produce an image depicting three individuals running on grassy terrain, a 

noticeable pattern emerges wherein the generated pictures predominantly portray Caucasian male 
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engineers, while other segments of the population, including women and ethnic minorities, are not 

adequately represented [1]. 

The bias in AI poses significant risks, and researchers have conducted numerous studies to identify 

its causes and mitigate its impact. These studies can be categorized into two main fields: social 

sciences and intelligence science. Currently, a majority of the research focuses on the intelligence 

science perspective, investigating issues related to training datasets [2], algorithms [3], and processes 

[4]. However, some studies approach the problem from a social sciences perspective, highlighting how 

the absence of representation can lead to bias[5]. 

To ensure equal access to the progress brought about by AI products for individuals of different 

genders and ethnicities, it becomes imperative to meticulously investigate the origins of biases within 

AI systems and make concerted efforts to mitigate them. This article employs a comprehensive 

literature review to showcase, examine, and propose strategies to reduce biases in AI. 

This article employed various research methods to gather and synthesize literature, including 

keyword searches, citation chaining, and hand-searching. Conducting keyword searches using search 

engines like Google Scholar allows for a large-scale retrieval of relevant literature within the scope of 

the internet. Citation chaining facilitates the discovery of related studies within a specific research 

domain. Additionally, hand-searching at the FAccT conference enables the identification of leading 

and recognized work within the field. 

2.  Literature review 

This literature provides a comprehensive literature review on the phenomenon of discrimination within 

Artificial Intelligence (AI). To identify the sources of AI discrimination, this paper initially compiles 

instances of bias and discrimination in gender, skin color, religion, and other aspects within AI 

systems as documented in previous studies, confirming the various scenarios in which such biases and 

discriminations manifest. Subsequently, the paper delves into the exploration of causes and potential 

solutions from both the perspectives of Intelligence Science and social sciences. The investigation of 

biases in AI presented in this paper is focused on the aforementioned dimensions. Discriminatory AI 

has a long-standing history and has even been astonishingly prevalent in the market. The Berkeley 

Haas Center for Equity, Gender, and Leadership has tracked 133 artificial intelligence systems from 

1988 to 2021, and their findings are alarming. They discovered that over 44% of these systems exhibit 

gender bias, with nearly one-fourth of AI systems simultaneously demonstrating biases based on 

gender and race [6]. 

Since Stable Diffusion emerged in 2022, artificial intelligence has rapidly transitioned from the 

ivory tower of academia to everyday households, allowing even ordinary individuals to experience the 

allure of AI models. In 2023, ChatGPT set an unprecedented record for user growth [7]. In addition to 

ChatGPT, LLMs such as Claude, Gemini, and Llama have also gained widespread popularity. 

Furthermore, people have begun exploring the use of Stable Diffusion, MidJourney, and DALL-E for 

creating artwork, where various pieces can be generated through textual descriptions. However, these 

models exhibit biases to varying degrees. According to the experiment I conducted on locally 

deploying Stable diffusion, I observed a significant bias. When instructing the model to generate 

images of white and black balls, the generated images consistently showed a ratio of black balls to 

white balls deviating from the expected one-to-one ratio. Additionally, when generating images of 

black and white individuals, the number of black individuals generated was noticeably higher than that 

of white individuals. This discrepancy differs from the typical discrimination experienced by black 

individuals. A probable reason for this observation is that in an attempt to eliminate biases, the model 

was trained on some reverse data that aimed to counteract discrimination, inadvertently resulting in a 

reversed form of bias. These experiments indeed demonstrate the inherent bias in AI. 
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Figure 1. Black: White=4:0.  Figure 2. Black: White=1:1. 

Apart from the popular user-oriented models mentioned above, there are also smaller models being 

used in niche domains. For instance, there are models designed to predict crime rates [8]. These 

models also showcase biases to varying extents. This section will primarily focus on describing the 

manifestations of these biases. 

The text generation model led by ChatGPT demonstrates significant gender bias. For instance, 

when discussing career choices for girls, it tends to respond by associating them with attributes such as 

creativity and abundant emotions, mentioning their ability to spend hours in their room creating 

artwork. 

On the other hand, when it comes to future career choices for boys, it tends to assert that they will 

become scientists. When asked about the attire of an economist, ChatGPT consistently responds with 

clothing items typically associated with males, such as shirts, pants, and sweaters with buttons [9]. 

Another study has also confirmed that ChatGPT exhibits subtle gender bias by associating certain 

occupations with specific genders. For instance, it tends to associate doctors with males and nurses 

with females [10]. ChatGPT stands out as one of the most remarkable models among a range of large 

language models (LLMs). Text generated by representative LLMs, including Llama, exhibited biases 

related to gender and race. However, ChatGPT demonstrated the least bias and showed the ability to 

adapt based on prompts. The extent of discrimination observed in the text generated by other LLMs, 

such as AIGC, was notably worse [11]. 

Graphic generation models like DALL·E3 have also shown racial bias. If asked to generate an 

image of an Asian violinist, it obediently produces an image of an Asian violinist. However, if asked 

to generate an image of an African violinist, it persistently insists on generating images of violinists 

with different skin tones [12]. The following images illustrate this point. 

Figure 3. Prompt with “Asian” in the above line, and prompt with ”African” in the below line [12]. 
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In other non-public-facing models, similar biases have also been observed. For example, in a crime 

prediction system implemented within a specific country, there has been significant discrimination 

against individuals of Black ethnicity [8]. 

Historically, the analysis has been predominantly conducted from the perspective of intelligence 

science, possibly due to the majority of researchers having a background in intelligence science. These 

analyses focus on various aspects of the models, including training dataset [2], algorithm [3], and 

process [4], to professionally assess the reasons behind AI bias. 

However, adopting a social science perspective offers additional insights. Interdisciplinary thinking 

can bring about more inspiration, and when people realize the significance of representation in AI 

development, greater attention will be given to changing the representation of developers from this 

standpoint. There will be a stronger emphasis on considering the opinions of women, ethnic minorities, 

and various marginalized groups. Current research has substantiated that the proportion of women in 

the more specialized AI practitioner community is disproportionately low [13]. Concurrently, the 

content generated by AI has been observed to exhibit biases and discrimination against women [14]. 

3.  Research methodology 

This review paper utilized a multifaceted research methodology to ensure a thorough examination of 

the subject matter. In this study, the papers widely discussed on social media were initially consulted 

to ascertain the current trending directions. Subsequently, papers from professional conferences were 

sought, as top-tier conferences in the field can offer more precise insights. Finally, online databases 

were utilized to broaden the scope of the research. 

Social Media Platforms: WeChat public accounts were also utilized as an innovative source for 

tracking the latest research and trends. By regularly monitoring these accounts, the study aimed to 

capture emerging discussions and publications that might not be immediately available in traditional 

academic databases. Notifications from these accounts were scrutinized, and articles that aligned with 

the research criteria were selected for in-depth analysis. 

Conference Proceedings: The FAccT (The ACM Conference on Fairness, Accountability, and 

Transparency) conference proceedings served as a secondary source for hand-searching. Recognizing 

the interdisciplinary nature of FAccT and its focus on algorithmic fairness, this manual search 

involved a detailed examination of the conference’s table of contents, individual papers, and thematic 

sessions. The goal was to include the latest research findings and insights presented at the conference, 

which are likely to be at the forefront of the field. 

Digital Databases: Google Scholar was the primary digital resource for keyword-based literature 

searches. A meticulous selection of keywords was made to capture the essence of the research topic, 

ensuring a broad search scope. The search results were meticulously filtered for relevance, with a 

focus on titles, abstracts, and keywords to determine their suitability for the review. This process 

aimed to identify seminal and current works that contribute to the understanding of the research topic. 

The articles were selected based on their pertinence to the research topic, the rigor of the research, 

and their publication timeliness. To maintain the integrity of the literature set, duplicates were 

excluded. The chosen articles underwent a critical review, with pertinent information extracted to 

inform this review paper. 

Despite our comprehensive literature search and review, limitations exist. We may have missed 

some publications, particularly those in non-English or less-indexed sources, and recent findings 

published post-cutoff. Our selection criteria could have excluded relevant studies, potentially affecting 

the review’s comprehensiveness. Subjectivity in literature interpretation was managed through team 

discussions. Time and resource constraints may have limited the depth of our analysis. Future research 

should consider a broader search scope, regular updates, and diverse methodologies to enhance the 

study’s quality and impact. 
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4.  Results and discussion 

4.1.  Results from Social Science 

This section will focus on the origins of AI bias from a social science perspective and the possibilities 

for its elimination. In addition to potential issues throughout the various stages of AI development in 

the field of intelligence science, this section discusses why such biases exist and how to address them 

from another perspective. Representation stands out as the most crucial aspect. One scholar has 

proposed four pillars for building responsible artificial intelligence, with representation being the first 

[15]. Every aspect of AI development should incorporate diverse perspectives, experiences, and 

backgrounds. 

Taking gender discrimination as an example, the significant disparities between genders have had 

nightmarish consequences. In the 1970s, women’s gender roles clashed with their expected 

professions, resulting in a destructive impact [16]. 

Presently, AI has exhibited instances of gender bias in the workplace. Women are often not 

perceived as scientists by AI systems and are considered incapable of handling engineering details 

[14]. If such AI systems were deployed in production environments, it would be a disaster. The 

representation of women in AI has encountered numerous problems, as their perspectives and ideas are 

not adequately represented by AI. In the field of artificial intelligence, women are not prominently 

represented, whether as creators or users. When we look at the creators of popular AI applications, we 

find that the majority are white males. A report from IRCAI highlights that in research and 

development activities, the gender ratio among students is 77:23, while among staff members, the 

gender ratio is 71:29 [13]. The pie chart illustrating this data is presented below. As Kate Crawford has 

pointed out, artificial intelligence, like all previous technologies, reflects the values of its creators [17]. 

If there is an over-representation of males among AI developers, it will lead to a greater reflection of 

male perspectives. This is a concerning issue that needs to be acknowledged and addressed promptly. 

While progress has been made towards gender equality in recent decades, the disproportionate 

representation of men in technical design may offset these hard-earned achievements [5]. Similarly, 

there are significantly more male users than female users. Surveys indicate that two-thirds of users are 

male [18]. This leads to a significant imbalance in the representation of women in AI, as the feedback 

and perspectives of men dominate, thereby influencing the level of female representation. 

Figure 4. Students [13].    Figure 5. Staff [13]. 

The under-representation of ethnic minorities is also a cause for concern. At the 2016 NeurIPS 

conference, no papers from Africa were accepted. In 2018, over 100 researchers who intended to 

attend the NeurIPS conference held in Canada were denied visas. Additionally, Africa lacks a 

substantial artificial intelligence community. These findings can be found in an article [19]. These 

circumstances are truly worrisome, as they highlight the lack of representation of ethnic minorities in 

the field of artificial intelligence. 

Additionally, it is worth noting that researchers themselves have inconsistent definitions and 

understandings of the concept and forms of race when examining the framework for fair algorithms. 

Not only do different literature sources provide inconsistent definitions, but also within the same study, 

Staff

Male Female

Students
Male Female
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there may be discrepancies in defining race [20]. This reflects the fact that the academic community 

has not yet reached a consensus on the conceptual boundaries of different racial groups that represent 

all races. Such ambiguity surrounding relevant concepts poses challenges to the development of 

equitable and non-discriminatory AI frameworks. 

4.2.  Results from Intelligence Science 

This section will focus on discussing the formation of bias in AI from the perspective of Intelligence 

Science. When creating an AI model system, we first need to select a suitable backbone model, such 

as GANs or Transformers, and then train a model using our existing data. Due to the randomness of 

training, each model will be different. This section will explore the aforementioned three dimensions 

of training models and provide a comprehensive discussion based on relevant literature from 

researchers. 

First and foremost, we will address the algorithmic aspect. In this context, the term ”algorithm” 

does not encompass general backbone models such as RNN or GAN. Here, algorithm refers to the 

process of modeling real-world problems as machine learning problems and designing algorithms to 

mitigate biases. This entails creating objective functions that promote fairness during model 

optimization. We will explore the presence of biases and discrimination from this standpoint and 

provide illustrative examples that demonstrate the contributions towards fostering equal treatment of 

individuals from diverse racial and gender backgrounds. 

The initial proposals for altering fairness at the algorithmic level have been rephrased by 

researchers as constrained optimization [3]. In this approach, the objective function is formulated to 

prioritize public safety, and the model is trained to maximize this objective throughout the training 

process. In essence, the goal is to maximize public safety. Through the optimization of the objective 

function, we can enhance the model’s fairness at the algorithmic design level, minimize potential 

threats to public safety, and foster the development of responsible AI. 

The subsequent work focuses on improving the algorithm from various perspectives. Scholars have 

further investigated the maximization of the sum of submodular and supermodular functions under 

fairness constraints, which can contribute to the enhancement of the algorithm [21]. Additionally, 

researchers have extended the decision problem from static scenarios to dynamic ones by employing 

Markov Decision Processes to model dynamic systems, thereby strengthening the fairness of dynamic 

systems [22]. 

However, such approaches also raise concerns. How do we evaluate whether our AI systems are 

biased? Can our objective function truly be accurately assessed? Scholars have discovered that the 

models used to evaluate the outputs of AI systems and the objective functions employed for constraint 

optimization may themselves be flawed – our risk assessment models may inherently carry risks [23]. 

Next, we will discuss the issue of datasets used for training AI, which has been a subject of intense 

debate. When an AI learns from biased data, the more proficient it becomes, the more biases it also 

acquires. Therefore, it is of utmost importance to explore the sources of bias in datasets and identify 

methods to minimize discrimination. 

The data obtained from the web, such as through web scraping, is known to possess biases, with 

platforms like Reddit often exhibiting pronounced tendencies in user comments. For instance, 

researchers conducted a content analysis of 330 responses on two popular websites and performed 

content moderation on 24 graphic designers. The results revealed that in the field of graphic design, 

which is relatively gender-balanced, the frequency of women answering questions was still lower than 

that of men [24]. This implies that the perspectives, opinions, and experiences of women are not 

adequately represented in the data trained from these two question-and-answer websites, unlike those 

of men. Addition- ally, researchers have investigated biases on Reddit and found evidence of gender, 

racial, and religious biases across different Reddit communities [25]. However, datasets from Reddit 

are frequently utilized for training language models. Not only textual data on the internet carries biases, 

but multi-modal data as well. A research investigation found that language-visual artificial intelligence 

models trained on data automatically collected from the web tend to associate descriptions of female 
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professionals more readily with sexual content compared to males. There is evidence suggesting that 

AI systems learn biases related to sexual objectification [26]. The degree of bias in internet data is 

significantly profound. 

Search engines themselves can exhibit biases. Researchers have found that when conducting job-

related searches on the search engine DuckDuckGo, it tends to display job positions that are biased 

towards males or positions with a “male-dominated” association for females [27]. If datasets obtained 

through search engines yield biased results, the trained models will also inherit those biases. 

Furthermore, data amplification can also exacerbate biases to some extent. Studies have shown that 

scholars have discussed how data amplification builds upon algorithmic discrimination [2]. 

Discriminatory algorithms can lead to biased outcomes in data amplification. If these biased data 

results are then used to train models, the problem is further compounded. In addition to inherent biases 

in the data itself, another source of bias in the training data set is human annotation. Annotators 

themselves are human, and the annotation process is subjective, reflecting the annotators’ perspectives 

and experiences. Researchers have found that in the annotation of skin color, there is ambiguity in the 

annotation procedure, a lack of strict testing for measurement and categories, and the inclusion of 

facial features increases inconsistency in annotators’ skin color annotations [28]. This highlights the 

subjectivity involved in the annotation process. Another study revealed that using male crowd workers’ 

annotations obtained through crowd-sourcing in India to predict women’s perception of safety yielded 

inefficient results [29]. This demonstrates that the model indeed carried the subjective viewpoints and 

experiences of male annotators. The biases introduced by subjective annotations in the training 

datasets are also important factors that need to be considered. 

There are numerous approaches to change this situation. One method is to supplement training data 

to address the imbalance in the data. Researchers have investigated the inherent biases in facial 

expression recognition models and found that incorporating missing races into the training set leads to 

fairer model feedback [30]. Another study discovered that larger-scale datasets can enhance the 

accuracy of racial estimation [31]. 

Yet another potential approach is to mitigate the influence of discrimination in training data. 

Research has shown that considering research about the embedding of gender ideologies in the text 

used for training can help reduce the generation of biases in algorithms [5]. These methods all 

contribute to reducing inherent biases and promoting fairness in the model. The final aspect I would 

like to discuss is the training process itself. Research has found that for the same model and data, 

different training instances exhibit varying biases, which may be related to the order of input data [4]. 

Investigating the training process itself is also valuable. 

As depicted in the figure below, researchers have described how bias and variance can be used to 

characterize the degree of fit between the model’s output and the training and the hallucination of the 

model [32]. This concept is similar to the one used by the renowned Nobel laureate in economics, 

Daniel Kahneman, who employs a similar notion of bias and noise [33]. 

The term “bias” here refers to the bias between the model’s output after training and the true 

distribution of the data, which is different from the notion of bias that signifies discrimination. If the 

bias is too large, the discrepancy between the model’s output distribution and the true data distribution 

will also be substantial. Consequently, even with a continuously inputted unbiased training dataset, the 

model’s output may still exhibit discrimination based on gender, religion, or race. Similarly, if the 

variance is too large, the model will exhibit inconsistent attitudes towards gender, religion, or race, 

even if the bias in data fitting is minimal. 
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Figure 6. Bias and Variance [32]. 

4.3.  Discussion 

This article provides a comprehensive review of the phenomenon, sources, and solutions of bias in 

artificial intelligence frameworks. Based on previous research, the existence of bias in artificial 

intelligence is revealed, even in state-of-the-art language models like ChatGPT. The biases of 

particular concern include gender discrimination, racial discrimination, and religious discrimination. 

The article primarily focuses on providing examples to illustrate these biases, particularly in the case 

of gender and racial biases. The sources and solutions of these biases are explored from two 

perspectives: social science and intelligence science, reflecting the interdisciplinary nature of the 

research. 

From a social science perspective, it is observed that white males dominate both the user base and 

the research community of popular AI models, resulting in the under-representation of women and 

minority groups. This lack of representation in well-designed models, such as Llama, leads to a lack of 

consideration for the concerns of marginalized communities. To address these issues, it is suggested 

that efforts should be made to increase the involvement of women in AI, both as users and developers. 

From an intelligence science perspective, various aspects of model training are identified as 

potential sources of bias and solutions. These include algorithmic constraints, inherent biases in 

datasets, minimizing their impact, model illusions and inappropriate fitting during training, and 

strategies for 

better fitting. The article aims to provide a retrospective view to envision a better future for AI and 

create a better world. 

The perspectives of social science and intelligence science are intertwined. It is precisely because 

males dominate the field that the perspectives, experiences, and attitudes of women and minority 

groups are disadvantaged and lack representation. Urgent action is needed from both perspectives to 

empower marginalized groups relative to white males and ensure their increased participation in the 

creation and utilization of AI. 

In the past, when models like ChatGPT and Stable Diffusion did not exist, the use of AI was 

limited. However, in today’s era, the discovery and mitigation of bias have become crucial priorities. 

5.  Future perspective 

Looking into the future, it is crucial to take practical actions to research and address discrimination 

within artificial intelligence systems. Efforts should be made to increase the participation of minority 

groups, with a particular focus on women and individuals with diverse sexual orientations. 

Additionally, it is important to pay more attention to individuals of different ethnic backgrounds in AI 

research and development. Only by doing so can our AI systems be more responsible and 

representative. Furthermore, from an intelligence science perspective, we can design better algorithmic 

constraints and minimize the influence of dataset biases to ensure more accurate model training. 
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6.  Conclusion 

This article aims to explore the issues of inequality, such as gender and race, in AI. Through analysis, 

this study demonstrates the presence of discriminatory phenomena in current large language models. 

These biases may stem from the under-representation of marginalized groups among developers, 

biases in the training data sets, and deviations in the training process. In addition to addressing these 

aspects for improvement, it is also possible to enhance the algorithms to mitigate the inherent biases 

and prejudices within AI systems. The retrieval date for this paper is up until February 17, 2024. Due 

to the rapid and ever-evolving nature of artificial intelligence, this paper does not exhaustively cover 

all literature in the field. On the other hand, regarding the literature collection, the majority of the 

articles were obtained from The Google Search engine is subject to limitations imposed by its 

technology and the size of its database.  In the contemporary era where large language models are 

highly prevalent, future research endeavors may increasingly focus on these expansive models. The 

most critical issue during the training phase predominantly arises from data-related challenges. 

Consequently, it is reasonable to anticipate that methodologies for reducing biases within datasets 

could emerge as a prominent area of investigation in the forthcoming studies. 
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