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ABSTRACT

As artificial intelligence (Al) systems increasingly shape decision-making in critical domains—ranging from
healthcare to criminal justice—their societal impact demands careful scrutiny. Despite advancements in algorithmic
performance, growing evidence points to systemic issues of bias, exclusion, and inequity embedded within Al models
and datasets. This paper offers a comprehensive investigation into documented incidents where Al systems have
adversely affected marginalized populations due to a lack of diversity and inclusion considerations. We explore the
underlying causes, including biased data, non-representative training sets, and opaque algorithmic design. By
analyzing real-world case studies and evaluating mitigation strategies, we assess the effectiveness of existing fairness
frameworks and ethical guidelines. Our findings underscore the need for more robust socio-technical interventions,
interdisciplinary collaboration, and proactive governance to ensure equitable Al development and deployment. This
work contributes to the growing discourse on algorithmic accountability and provides practical recommendations for

fostering inclusive and responsible Al systems.
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INTRODUCTION

Acrtificial Intelligence (Al) has rapidly transitioned from
a futuristic concept to an integral component of modern
society, revolutionizing sectors from transport and
healthcare to finance and recruitment [2, 40, 52]. Its
pervasive influence promises unprecedented efficiencies
and advancements. However, alongside this immense
potential, a critical concern has emerged: the propensity
for Al systems to perpetuate, and even amplify, existing
societal biases and discrimination [4, 19, 48, 56]. This
issue is particularly salient when considering Diversity
and Inclusion (D&I), as Al systems, if not carefully
designed and deployed, can inadvertently or explicitly
disadvantage marginalized groups [6, 10, 12, 17, 21, 54,
55].

The ethical implications of Al, especially concerning
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fairness and non-discrimination, are increasingly under
scrutiny [7, 49]. The Australian Human Rights
Commission, for instance, provides quick guides to
discrimination laws, highlighting the long-standing legal
frameworks against unfair treatment [1]. As Al systems
become more autonomous and impactful, understanding
how they contribute to or mitigate discrimination is
paramount. Identifying, documenting, and analyzing Al
incidents related to D&l is crucial for fostering
responsible Al development and ensuring that Al truly
serves "Al for All" [27, 29, 50]. Such incidents, as
cataloged in initiatives like the Al Incident Database,
offer invaluable lessons for raising awareness of Al
harms and improving future systems [18, 30, 43, 47].
This article aims to systematically explore the landscape
of Al incidents linked to diversity and inclusion, detailing
their manifestations, underlying causes, and potential
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mitigation strategies, thereby contributing to a more
equitable algorithmic future.

METHODS

To comprehensively identify and analyze Al incidents
related to diversity and inclusion, this study adopted a
systematic review approach, synthesizing findings from
a broad range of existing literature, reports, and
documented incidents. The primary data sources for this
analysis were the provided list of 56 references, which
encompass academic papers, industry reports, and
journalistic accounts detailing real-world Al failures and
biases.

An "Al incident" was broadly defined as an event where
an Al system causes harm or produces undesired
outcomes, consistent with definitions proposed by
researchers and organizations tracking such occurrences
[27, 29, 50]. For the purpose of this article, incidents were
specifically categorized as "D&lI-related” if they
demonstrated a disproportionate negative impact on, or
biased treatment of, individuals or groups based on
characteristics such as gender, race, ethnicity, age,
disability, sexual orientation, or socioeconomic status.
This categorization aligns with established legal and
ethical frameworks against discrimination [1, 7, 49].

The analytical approach involved a thematic synthesis
[14] of the identified incidents. This qualitative method
allowed for the systematic identification, analysis, and
interpretation of recurring patterns, types of bias, and
contributing factors across the diverse set of documented
cases. The process involved:

1. Familiarization: Thorough reading and re-
reading of all provided reference materials to gain a
comprehensive understanding of the reported incidents
and their contexts.

2. Coding: Extracting key information from each
relevant reference, including the nature of the Al system,
the specific D&I characteristic affected, the type of harm
or bias observed, and the underlying cause (if identified).

3. Thematic Development: Grouping similar codes
into broader themes. For example, incidents related to
facial recognition inaccuracies for specific demographics
were grouped under "Racial Bias in Computer Vision,"
while issues in hiring algorithms were categorized under
"Bias in Recruitment."

4, Refinement of Themes: Iteratively refining the
themes and sub-themes to ensure they accurately
represented the data and provided a clear framework for
discussing the results.

5. Synthesis:  Integrating
individual incidents into a

the findings from
coherent narrative,
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highlighting the prevalence of certain types of D&l
biases and their systemic roots.

This methodological approach allowed for a robust
examination of the multifaceted nature of D&I challenges
in Al, drawing on empirical evidence from documented
incidents to inform the discussion on implications and
solutions.

RESULTS

The systematic review of documented Al incidents
reveals a consistent pattern of challenges pertaining to
diversity and inclusion, demonstrating that Al systems
frequently inherit and amplify societal biases rather than
mitigate them [7, 38, 39]. These incidents span various
domains, including recruitment, facial recognition,
healthcare, and content generation, underscoring the
pervasive nature of D&I issues in Al deployment.

Overview of D&I-Related Al Incidents

Al's reliance on vast datasets for training means that any
biases present in these datasets, whether historical or
contemporary, can be learned and propagated by the
algorithms [24, 31, 33, 38, 39]. Furthermore, the design
choices made by predominantly homogenous
development teams can inadvertently embed biases into
the system's logic [6, 12, 17, 23]. The consequences range
from minor inconveniences to severe infringements on
human rights, including wrongful arrests and denial of
essential services.

Specific Categories of Bias and Incidents

Several distinct categories of D&l-related incidents
emerged from the analysis:

1. Gender Bias

Gender bias is one of the most frequently documented
forms of discrimination in Al systems:

. Recruitment Tools: Perhaps one of the most
well-known examples is Amazon's experimental Al
recruitment tool, which was reportedly ditched because it
"learnt to be sexist," systematically downgrading female
candidates for technical roles due to its training on
historical data predominantly from male applicants [13].

. Image Generation and Search: Search queries for
professional roles like "CEOs" or "managers” almost
invariably yield images of men, reflecting and
reinforcing societal stereotypes rather than providing
diverse representations [15]. This visual bias can shape
perceptions and limit aspirations.

. Language Models: Large language models like
ChatGPT have been shown to replicate gender bias, for
instance, in generating recommendation letters that
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subtly favor one gender over another [44]. This highlights
how even sophisticated models can absorb and reproduce
biases from the vast text corpora they are trained on.

. Facial Analysis: Studies like "Gender Shades"
revealed significant intersectional accuracy disparities in
commercial gender classification systems, with higher
error rates for darker-skinned women compared to
lighter-skinned men [9]. This demonstrates how biases
can compound based on multiple identity characteristics.

. Pricing Algorithms: The dating app Tinder was
found to use an unfair pricing algorithm that charged
older users more, a form of age-related discrimination
that also intersects with gender and other factors [11].

2. Racial Bias

Racial bias in Al has led to particularly egregious real-
world harms:

. Facial Recognition Systems: These systems have
been implicated in wrongful arrests, with reports
detailing instances where Black men were wrongfully
jailed due to facial recognition errors [8]. This is
compounded by documented accuracy disparities, where
facial recognition and detection algorithms perform less
accurately on individuals with darker skin tones [9, 16].

. Image Tagging and Classification: Google's
photo application faced widespread criticism for
mistakenly tagging images of Black individuals as
"gorillas,” a deeply offensive and racist error that
necessitated a drastic "solution” of banning the term
"gorilla" from its image recognition vocabulary [22].

. Healthcare Algorithms: A study on an algorithm
used to manage the health of populations in the U.S.
found significant racial bias. The algorithm, designed to
predict who would benefit most from care management
programs, systematically underestimated the health
needs of Black patients, leading to less access to critical
care compared to white patients with similar health
conditions [28]. This bias was rooted in the algorithm's
use of healthcare costs as a proxy for health needs, with
Black patients incurring lower costs due to systemic
barriers to accessing care, not necessarily better health.

3. Age Bias

While less explicitly detailed in the provided references
compared to gender and racial bias, the potential for age
discrimination in Al is a growing concern. Al systems
used in areas like credit scoring, insurance, and
employment could inadvertently or explicitly
disadvantage older or younger demographics if trained on
biased data or designed with age-related assumptions.
The Tinder pricing incident [11] provides a direct
example of age-based discrimination.
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4. Disability Bias

Similarly, the references do not provide direct examples
of disability bias, but the broader D&I context implies
this risk. Al systems, if not designed with accessibility
and inclusivity in mind, can create barriers for individuals
with disabilities. This could manifest in inaccessible user
interfaces, algorithms that misinterpret or disadvantage
individuals with certain conditions, or systems that fail to
accommodate diverse needs.

5. Intersectionality

It is crucial to acknowledge that biases often intersect,
meaning individuals belonging to multiple marginalized
groups (e.g., Black women, older LGBTQ+ individuals)
may experience compounded discrimination [9, 12, 17].
The "Gender Shades" study [9] is a prime example,
showing that the highest error rates in gender
classification were for darker-skinned women,
demonstrating the multiplicative effect of intersecting
biases. The concept of diversity in sociotechnical
machine learning systems emphasizes the need to
consider these complex interactions [17].

Root Causes of Bias

The incidents highlighted above stem from several
interconnected root causes:

. Biased Training Data: The most prominent cause
is the use of unrepresentative, incomplete, or historically
biased datasets for training Al models [24, 31, 33, 38,
39]. If the data reflects existing societal inequalities, the
Al will learn and perpetuate them. "Lazy data practices"
can significantly harm fairness research [39].

. Flawed Algorithmic Design: Even with unbiased
data, the algorithms themselves can be designed in ways
that introduce or amplify bias [4, 46]. This includes the
choice of features, optimization objectives, and
evaluation metrics, which may not adequately account
for D&I considerations.

. Lack of Diverse Development Teams: The
homogeneity of Al development teams is a significant
contributing factor. A lack of diverse perspectives (e.g.,
gender, race, socioeconomic background, disability
status) among those designing, developing, and testing
Al systems can lead to blind spots, where potential biases
or harms to certain groups are overlooked [6, 12, 17, 23].
Industry practitioners highlight the need for improved
fairness in machine learning systems [23].

. Insufficient Testing and Validation: Many
incidents arise because Al systems are not rigorously
tested for fairness and bias across diverse demographic
groups before deployment [47]. Standard validation
methods may not be sufficient to uncover subtle or
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intersectional biases.

These results underscore the urgent need for a multi-
faceted approach to address D&I challenges in Al,
moving beyond mere technical fixes to encompass
broader societal and organizational changes.

DISCUSSION

The findings from the analysis of D&l-related Al
incidents unequivocally confirm that issues of bias and
discrimination are not theoretical constructs but manifest
in tangible, real-world harms [18, 27, 43, 50]. These
incidents erode public trust in Al systems and can have
severe consequences for individuals, ranging from
economic disadvantage to infringements on personal
liberty.

Interpreting the Findings

The recurring patterns of gender and racial bias,
particularly in high-stakes applications like facial
recognition and healthcare, highlight the critical need for
vigilance. The "black box" nature of many advanced Al
systems, where their decision-making processes are
opaque, exacerbates the problem, making it difficult to
identify, diagnose, and remediate bias [5, 35]. This
opacity creates a significant challenge for accountability
and explanation in Al and law [5].

Furthermore, these incidents underscore the tension
between the technical granularity of Al code and the
general nature of legal rules against discrimination [4,
46]. Existing legal frameworks, such as those in Australia
[1] and the broader human rights charters [51, 56],
provide a basis for challenging discriminatory outcomes.
However, applying these laws to complex algorithmic
systems requires new interpretations and regulatory
approaches [48, 49, 56]. The concept of "fairness" in Al
is complex and cannot be simply automated; it requires
bridging the gap between non-discrimination law and Al
development [49].

Mitigation Strategies and Best Practices

Addressing D&I challenges in Al requires a holistic and
multi-pronged approach:

1. Data-Centric Approaches

Given that biased training data is a primary culprit,
significant effort must be directed towards curating
diverse, representative, and high-quality datasets [7, 24,
39]. This includes:

. Data Auditing: Regularly auditing datasets for
biases and imbalances across demographic groups.

. Debiasing Techniques: Applying techniques to
mitigate bias in datasets before training, or during the
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training process itself.

. Synthetic Data Generation: Carefully generating
synthetic data to augment underrepresented groups,
ensuring it accurately reflects real-world diversity
without introducing new biases.

. Careful Crowdsourcing Design: Recognizing
that crowdsourcing tasks can introduce biases based on
design choices [33].

2. Algorithmic Transparency and Fairness Metrics

. Explainable Al (XAIl): Developing and
deploying Al systems that can explain their decisions,
making it easier to identify and understand the sources of
bias [5].

. Fairness Metrics: Implementing and monitoring
various fairness metrics (e.g., demographic parity,
equalized odds) to assess algorithmic performance across
different groups [7, 32]. However, it's crucial to
acknowledge that no single metric can capture all aspects
of fairness, and trade-offs often exist.

3. Human Oversight and Accountability

. Human-in-the-Loop: Ensuring that human
oversight is maintained, especially in high-stakes
decisions, allowing for intervention when Al systems
produce biased or erroneous outcomes.

. Clear Accountability: Establishing clear lines of
responsibility for Al system performance and outcomes,
from developers to deployers.

. Ethical Review Boards: Implementing ethical
review boards or similar mechanisms to scrutinize Al
projects for D&I implications before deployment.

4. Diverse Development Teams

. Promoting Diversity: Actively promoting
diversity  (gender, race, ethnicity, disability,
socioeconomic background, etc.) within Al research,
development, and ethics teams [6, 12, 17, 23]. Diverse
teams are more likely to identify potential biases and
design more inclusive solutions.

. Interdisciplinary ~ Collaboration:  Fostering
collaboration between Al engineers, social scientists,
ethicists, legal experts, and D&]I practitioners to ensure a
comprehensive understanding of societal impacts [19,
21].

5. Ethical Guidelines and Regulation

. Developing Guidelines: Adhering to and further
developing ethical guidelines and principles for Al that
explicitly address D&I [10, 21, 53].
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. Regulatory Frameworks: Implementing robust
regulatory  frameworks that mandate fairness,
transparency, and accountability in Al, potentially
including specific anti-discrimination provisions for Al
systems [4, 48, 56]. The OECD's work on defining Al
incidents is a step in this direction [29].

6. Incident Reporting and Databases

. Continued Documentation:  The ongoing
collection and analysis of Al incidents, as exemplified by
the Al Incident Database [27, 30, 47], are vital for
learning from past mistakes, identifying emerging
patterns of harm, and informing best practices for
responsible Al development. This serves as a "flight
recorder” for Al failures [35].

. Repository Development: Initiatives like the
"Diversity and Inclusion (DI)-Related Al Incidents
Repository" [37] are crucial for centralizing and
categorizing these incidents specifically through a D&l
lens.

Challenges

Despite these strategies, significant challenges remain.
Defining and measuring "fairness" in a universally
applicable way is complex, as different fairness criteria
can be contradictory [7, 49]. Balancing competing ethical
considerations and ensuring the scalability of solutions
across diverse applications are ongoing hurdles.
Furthermore, regulatory frameworks often lag behind
technological advancements, creating a gap that allows
biased systems to proliferate before adequate safeguards
are in place.

CONCLUSION

The proliferation of Artificial Intelligence brings
transformative potential, yet it also presents profound
challenges, particularly concerning diversity and
inclusion. The documented incidents of Al-driven gender
bias in recruitment [13], racial bias in facial recognition
[8, 9, 22], and discriminatory pricing algorithms [11]
serve as stark reminders that Al systems are not
inherently neutral. Instead, they often reflect and amplify
the biases embedded in their training data and the societal
contexts in which they are developed and deployed [7,
38].

Navigating algorithmic equity requires a concerted and
multi-faceted effort. It necessitates a proactive
commitment to auditing and debiasing datasets,
designing algorithms with fairness as a core principle,
fostering diverse and interdisciplinary Al development
teams, and establishing robust ethical guidelines and
regulatory frameworks [6, 7, 12, 21, 23, 39, 49, 53]. The
continued documentation and analysis of D&I-related Al
incidents are indispensable for learning from past failures

https://aimjournals.com/index.php/ijaair

and preventing future harms [27, 30, 37, 47].

Ultimately, achieving "Al for All" means building Al
systems that are not only intelligent and efficient but also
equitable, inclusive, and respectful of human dignity.
This journey demands ongoing vigilance, collaboration
among researchers, developers, policymakers, and civil
society, and a steadfast commitment to ensuring that
artificial intelligence serves to uplift all segments of
humanity, rather than perpetuate existing inequalities.
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