Journal of
Digital Art & Humanities

ISSN 2712-8148
Vol.6 Iss.1 June 2025

Institute of Cited Scientists (ICS)



CONTENTS

Artificial Intelligence Implication in Art ..........ociciiisicicrirsrrererrenee 3
Tatiana Antipova

Deconstructing the Binaries in Contemporary Cultural Narratives of
AUthOrShip ... 14
Zahra Roozafzai

Ethical Challenges in Explainable AI: A Review on Cultural and Social
2= T 30
Nipuna Sankalpa Thalpage, Dulanjaya Epa, Sithara Jayawardhana

Exploring The Impact of Politically Appointed Leadership on HRIS
Implementation and Health Practices ...........ociiiiiiiiiiininnnnnnnn 40
Francis Ampong-Ansah, Michael Ampong

Management risks in the medical organization .............ccciciiiienineanss 53
Marina Erugina, Galina Sazanova, Irana Mirieva, Evgeny Knyazev, Evgeny Kovalev

The Impact of AI-driven Marketing Personalisation on Consumer
Purchase Decisions: A Mixed-Methods Analysis ..........coveereiminininnans 59
Kingsley Ofosu-Ampong, Michael Boateng, Michael Ampong, Julius Adu-Ntim,

Francis Ampong-Ansah

© The Author(s). JDS 7(1), 2025. Published by ICS, licensed under CC BY 4.0.
2



Ethical Challenges in Explainable AI: A Review on
Cultural and Social Bias

Nipuna Sankalpa Thalpage 1[0009—0001-3374—1927]’. Dulanjaya Epa 2[0009—0009—7065—6762];

Sithara Jayawardhana 3[0009-0004-2135-4120]

ICardiff Metropolitan University, Wales, United Kingdom;
Institute of Cited Scientists, Agia Napa, Cyprus
2University of Moratuwa, Sri Lanka

3University of Peradeniya, Sri Lanka

Received 29.04.2025/Revised 01.06.2025/Accepted 07.06.2025/Published 09.06.2025

https://doi.org/10.33847/2712-8148.6.1 3

Abstract: Explainable Artificial Intelligence (XAI) has emerged as a critical
domain within AI research, aiming to enhance system transparency and user
trust. While technical advancements in XAI have improved algorithmic
interpretability, ethical concerns, particularly cultural and social biases, remain
underexplored. This study adopts a semi-systematic literature review approach
to examine how ethical challenges, particularly cultural and social biases, are
addressed in Explainable AI (XAI) research, based on papers published between
2017 and 2025, focusing on how current XAI systems recognize, reinforce, or
attempt to address such biases. The findings indicate a predominant focus on
Western user populations, minimal engagement with underrepresented
communities, and a lack of participatory or culturally responsive design
strategies. By analyzing themes across healthcare, education, and decision-
support systems, the review highlights the limitations of existing models and
the need for inclusive, user-centered approaches. The paper concludes by
proposing research directions centered on localized explanation models,
participatory design, and expanded evaluation metrics that account for cultural
relevance and social equity. These insights contribute to the ongoing effort to
align XAI development with ethical principles and ensure equitable Al outcomes
across diverse user groups.

Keywords: Explainable Artificial Intelligence (XAI), Ethical AI, Social Bias,
Cultural Bias

1. Introduction

Explainable Artificial Intelligence (XAI) has become a vital component in the
pursuit of transparent, trustworthy, and accountable Al systems. As Al technologies
continue to permeate critical domains such as healthcare, education, and decision
support, the ability for users to understand and question Al-generated outcomes has
become increasingly essential. This relevance extends to business and enterprise
applications as well, where the integration of explainable Al helps build trust, ensure
accountability, and support ethical data-driven decisions [1],[2]. Classify XAI into
opaque, interpretable, and comprehensible systems, each offering varying levels of
algorithmic transparency and user involvement. Fig. 1 demonstrates this fact. This
distinction underscores the growing need to develop Al systems that are not only
functional but also understandable.
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Fig. 2. Conceptual Overview of XAI Types. Source: based on [2] .

Research in XAI has increasingly emphasized human-centered approaches. [3]
advocate for integrating insights from the social and behavioural sciences to enhance
explainability from the user’s perspective. Similarly, [4] extend the conversation to
design-centered and symbolic reasoning contexts, suggesting that effective
explanation must go beyond model transparency to reflect how users actually
interpret Al behavior.

Despite these advancements, the majority of XAI literature remains focused on
technical optimization, often neglecting ethical challenges such as cultural and social
bias. Studies by [5] reveal a Western-centric orientation in XAI research and call for
the inclusion of marginalized perspectives. Additionally, [6] highlight the significance
of culturally sensitive Al in healthcare, where contextual understanding can impact
user trust and system effectiveness.

This paper will look to addresses these ethical gaps by conducting a semi-
systematic review of recent XAl literature, with a specific focus on how cultural and
social biases are identified, addressed, or overlooked. In doing so, it aims to support
the development of more inclusive, transparent, and ethically grounded XAI
frameworks.

2. Literature Review

Explainable Artificial Intelligence (XAI) has become a critical focus in Al
research, driven by the need to enhance transparency, interpretability, and user trust
in increasingly complex algorithmic systems. [2] Propose a foundational classification
of XAI systems, opaque, interpretable, and comprehensible, highlighting varying
levels of algorithmic transparency and user involvement. These distinctions illustrate
the breadth of approaches in making AI systems understandable to human users. To
improve effectiveness, [3] argue for integrating social and behavioural science
insights into XAI design, promoting a shift toward human-centered evaluation.
Similarly, [4]have emphasised tailoring Al explanations to real-world user needs,
whether in design or decision support contexts. [7]extends the relevance of XAI
beyond machine learning, noting its potential across symbolic AI domains.
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Within high-stakes sectors like healthcare, the demand for transparency has
led to further frameworks and applications [8]. Advocates for “glass box” systems and
domain-specific XAl approaches to foster responsible Al use [9]. Provide an overview
of available XAI methods, reinforcing the importance of informed technique selection.
In line with this, [10] highlighted the role of XAI in addressing black-box challenges
and promoting accountability, trust, and ethical deployment of AI models.

Al's rapid growth across sectors has introduced crucial ethical challenges, such as
bias, transparency, and accountability. Ethical Al plays a vital role in ensuring
responsible development and building trust, aligning AI systems with societal values
[11]. It emphasizes principles like fairness, inclusiveness, and human-centered design
to prevent harm and promote equitable outcomes. As Al becomes more embedded in
decision-making, ethical frameworks are essential to guide its deployment in socially
sensitive contexts.

Further, some of the past research works show significant concerns regarding
cultural biases in XAI, particularly a predominant focus on Western populations. In
[12] conducted a systematic analysis that highlights this bias, indicating a critical gap
in understanding how diverse cultural backgrounds influence user interactions with
XAI systems. Their findings suggest that existing research often overlooks the needs
and responses of non-Western users, which could lead to ineffective or even harmful
Al applications in diverse contexts. Further supporting this, [13] emphasize the
importance of incorporating marginalized cultural perspectives into Al systems,
arguing that enhancing transparency and control, especially when working with
underrepresented datasets, can help mitigate deep learning bias. Similarly, [6]
explore the implications of Al in palliative and hospice care for underrepresented
groups, highlighting the need for culturally sensitive Al applications in healthcare.
Together, these studies underscore a pressing ethical concern: without attention to
cultural and social diversity, XAI systems risk reinforcing existing inequalities and
failing the very users they are meant to serve.

This paper conducts a semi-systematic literature review to examine how ethical
challenges, particularly cultural and social biases, are recognised, addressed, or
overlooked in current Explainable AI (XAI) research. By analysing recent literature,
the review aims to highlight the limitations of technically focused XAI models and
emphasise the need for culturally inclusive and socially aware explainability
frameworks.

4. Methodology

This study adopts a semi-systematic literature review approach to explore how
ethical challenges, particularly cultural and social biases, are addressed in Explainable
Artificial Intelligence (XAI) research. A targeted search was conducted across three
academic databases: Google Scholar, Scopus, and IEEE Xplore.

The search utilised combinations of the following keywords: "Explainable AI",
"Ethical AI", "Bias in AI", "Social bias in AI", "Cultural bias in machine learning", and
"Fairness and explainability." The inclusion criteria were:

e Peer-reviewed articles,

Published between 2017 and 2025,

Focused on XAI and its ethical, cultural, or social dimensions,

Written in English.
The screening process began with an initial review of titles and abstracts to
assess relevance, followed by a thorough full-text evaluation of the selected articles.
To minimize potential bias and enhance interdisciplinary insight, all three authors
participated in the review process, bringing together expertise from both social
science and technical backgrounds alongside their contributions to the overall
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development of the paper. The final set of papers was analyzed thematically, with
particular attention to how cultural and social biases are identified, represented, or
addressed within the context of XAI systems. This approach is consistent with
established practices in semi-systematic and mapping reviews, which allow for flexible
but rigorous exploration of under-researched themes [14]

5. Results and Discussion
5.1 Cultural Biases in Explainable AT

Cultural biases in explainable AI (XAI) have garnered increasing attention in
recent years, as researchers seek to understand how these biases affect the
design, implementation, and user experience of AI systems. A significant body of
literature highlights the need for a more nuanced approach to XAI that considers
cultural differences and the implications of these biases.

Localized Public
Decision Understanding of
Frameworks Algorithmic Bias
A4
Cultural Bias
in XAl
A
Western-Centric Transparent &
Design & Adaptive
Evaluation User Interfaces

Fig. 3. Key Dimensions of cultural biases in explainable Al systems, based on [12].

[15] Propose a conceptual framework for developing human-centered, decision-
theory-driven XAI, emphasizing the importance of understanding human decision-
making processes. Their work suggests that integrating insights from philosophy and
psychology can enhance the empirical application of XAI, potentially addressing
cultural biases by tailoring explanations to diverse user needs.

In a related vein, [16] conducted in-depth interviews with stakeholders to
explore user perceptions of biases in Al applications. Their findings indicate that the
general public often lacks the understanding necessary to navigate the complexities
of black-box algorithms, particularly in high-stakes situations. This underscores the
necessity for XAl systems to be designed with cultural contexts in mind, ensuring that
explanations resonate with users from various backgrounds.

Further emphasising the cultural dimension, [5] conducted a systematic
analysis of cultural bias in XAI research. They found a predominant focus on Western
populations, which raises concerns about the applicability of XAI systems across
culturally diverse user groups. Their analysis highlights a critical knowledge gap that
future research must address to ensure that XAI is equitable and effective for all
users.

Additionally, [17] advocate for the development of transparent and explainable
models from the outset, which could mitigate some of the biases identified in existing
systems. By prioritizing transparency, the EVOTER framework aims to build trust in
Al systems, potentially reducing cultural biases by making the reasoning behind Al
decisions more accessible to a broader audience.
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[18] highlight the role of biases in exacerbating healthcare inequalities,
particularly in radiology. Both studies emphasize the need for XAI to address these
biases to promote fairness and equity.

Finally, [19] explore the potential of wearable Al systems to enhance human
reasoning, suggesting that such technologies could serve as symbiotic counterparts
to users. This approach may offer a pathway to develop culturally sensitive Al systems
that adapt to the reasoning styles and explanatory needs of diverse populations.

In summary, there is a pressing need to address cultural biases in explainable
AI through user-centered design, transparency, and an understanding of diverse
cultural contexts. Future research should focus on developing frameworks and
methodologies that account for these biases, ensuring that XAI systems are equitable
and effective across different cultural landscapes.

5.2 Social Biases and Inequality in XAI

The exploration of social biases in explainable artificial intelligence (XAI) has
become crucial in the recent years, highlighting the intricate relationship between
human cognition, algorithmic decision-making, and the interpretability of Al systems.
A critical aspect of this discourse is the recognition that while XAI aims to enhance
user trust and understanding, it is not immune to the biases that can influence both
the design and evaluation of these systems.

According to [20], who provide a heuristic map linking cognitive biases to XAI
techniques. They identify that cognitive biases can distort the evaluation of XAI
methods in user studies and that certain biases may be mitigated or exacerbated by
XAI techniques. This duality underscores the complexity of integrating human
cognitive factors into the design of XAI systems.

Further complicating the landscape, [21] argue against a purely technical
approach to XAI, positing that understanding and addressing algorithmic bias requires
a broader epistemological framework, such as feminist philosophy. This perspective
challenges the notion that technical experts can independently manage bias without
considering the social and ethical implications of their work. Similarly, [22] advocate
for a genealogical approach to algorithmic bias, critiquing existing methodologies for
their assumptions about protected characteristics and discriminatory outcomes. This
critique highlights the need for a more nuanced understanding of how biases are
embedded within algorithmic processes.

[23]explores these concerns within the civil justice system, emphasizing how Al-
driven decision tools risk undermining due process and legal fairness when not paired
with meaningful explainability. Her discourse analysis highlights structural power
imbalances exacerbated by opaque Al models and urges that any XAI deployment in
justice settings must ensure transparency, procedural equity, and contestability.

The ethical dimensions of XAI are further explored by [24], who discusses the
moral implications of explainability in AI systems. [25] argue that ethical
responsibility in Al development cannot be delegated to the systems themselves,
especially when addressing social bias. They caution against framing AI as moral
agents and emphasise that designers and policymakers must maintain accountability
for ethical outcomes. This perspective reinforces the idea that explainability should
clarify human agency, rather than suggest machine autonomy.

The study emphasizes the necessity of transparency in Al decision-making
processes, which is crucial for users to comprehend the rationale behind Al
judgments. This ethical lens is echoed in the work of [26], who investigate how XAI
can reduce opacity and address bias in algorithmic models. They argue that by
elucidating the predictive processes of algorithms, XAI can play a pivotal role in
mitigating biases that may arise from opaque decision-making.
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In the context of specific applications, [27] provide a systematic review of XAI
challenges in clinical decision support systems, highlighting the need for explainability
to ensure equitable healthcare outcomes. This is particularly relevant given the
potential for biases in medical AI systems to exacerbate existing disparities in
healthcare access and treatment.

Overall, the literature indicates that while XAI holds promise for improving
transparency and trust in Al systems, it is essential to critically examine the social
biases that can influence both the development and implementation of these
technologies. Addressing these biases requires a multifaceted approach that
incorporates ethical considerations, cognitive psychology, and a commitment to
understanding the broader societal implications of Al. Figure 02, demonstrates the
common social bias challenges in XAI explanations.

DATA MODEL
REPRESENTATION BIAS
BIAS ey
SOCIAL
BIASES IN
XAl
EXPLANATION
MISMATCH
(E.G., LITERACY,

ACCESSIBILITY)

Fig.4. Common Social bias challenges in XAI explanations. Source: [6].

5.3 Current Efforts to Address Bias

There have been some research efforts in the recent past tried to address both
social and cultural bias of explainable AI(XAI), highlighting both the potential and
limitations of XAI tools in mitigating bias and enhancing fairness in Al systems.

The importance of user backgrounds and impressions in shaping interactions with
Al systems is examined by [28].Their study highlights how anchoring bias can
influence users' mental models during initial interactions with intelligent systems.
They argue that effective explanations can play a crucial role in mitigating such biases,
underscoring the need for XAI to consider user diversity in its design and
implementation.

Cultural bias in XAI research is critically analyzed by [12] who point out the
predominance of Western-centric perspectives in existing studies. Their systematic
analysis reveals a significant gap in understanding how culturally diverse users
engage with XAI systems, suggesting that future research should prioritize inclusivity
to address these biases effectively.

[29] contribute to the discourse by proposing a genealogical approach to
understanding algorithmic bias. They argue that examining the conditions that enable
bias can provide valuable insights into the assumptions underlying various XAI
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methodologies, thereby fostering a more nuanced understanding of bias in Al
systems.

[26] discuss the transformative potential of XAI in reducing opacity in algorithmic
models. They assert that XAI can elucidate decision-making processes and help
mitigate bias, thereby enhancing the accountability of Al systems. This perspective
aligns with the broader goal of making Al more transparent and equitable.

In the context of healthcare, [30] systematically review the impact of XAI on
clinicians' trust in Al applications. Their findings indicate that while XAI can enhance
trust by providing clarity, it also poses risks of over-reliance, which can lead to
adverse outcomes when AI recommendations conflict with clinical judgment. This
highlights the delicate balance required in fostering trust without compromising
critical decision-making processes.

Overall, the literature underscores the complexity of addressing bias in XAI.
While XAI holds promise for improving transparency and fairness, significant
challenges remain in ensuring that these tools effectively detect and mitigate bias
across diverse user populations and contexts. Future research must continue to
explore these dimensions to enhance the efficacy and equity of Al systems.

6. Gaps and Research Directions

Despite notable progress in the development of Explainable Al (XAI), current
systems continue to exhibit unconscious cultural and social biases. Much of the
existing research prioritizes technical accuracy and general usability, often
overlooking the diverse cultural contexts in which Al systems operate. As highlighted
in the reviewed literature, the predominance of Western-centric data, design
assumptions, and evaluation frameworks raises concerns about the inclusivity and
equity of XAI applications.

One critical gap is the lack of localized and community-centered explanation
models. Current approaches rarely consider how explanations are interpreted
differently across cultural groups, potentially leading to misunderstandings, mistrust,
or exclusion. Addressing this requires future research to move beyond one-size-fits-
all solutions and instead develop explanation methods that are tailored to specific user
communities.

Moreover, there is a clear need for the adoption of participatory design methods
in XAI. Rather than designing explanations for users based on assumed preferences,
future systems should be developed with input from diverse users, including those
from underrepresented or marginalized backgrounds. This participatory approach can
help ensure that explanations align with the values, expectations, and cognitive
models of intended user groups.

A similar emphasis on contextual sensitivity is seen in domain-specific XAI
research, such as cybersecurity, where ethical challenges extend beyond fairness to
include risks of adversarial misuse. Scholars caution that exposing internal
mechanisms of Al systems, even for transparency, may lead to security vulnerabilities
if explanations are accessed by malicious actors [31]. This reinforces the importance
of carefully balancing explainability with contextual constraints, particularly in
culturally or politically sensitive domains.

Finally, existing evaluation metrics in XAI largely focus on technical correctness
or understandability from a system's perspective, while overlooking dimensions such
as cultural relevance, fairness, and social inclusivity. Future work should expand the
criteria for evaluating XAI to include these ethical and contextual factors, enabling
more holistic assessments of system effectiveness and impact. Supporting this
direction, [32] review the use of AI Impact Assessments (AI-IAs) as structured tools
to anticipate ethical and social risks. Their analysis of 38 AI-IAs reveals their potential
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to stimulate proactive reflection and broaden stakeholder engagement. Incorporating
such frameworks into XAI evaluation processes can help ensure that explainability
efforts address not only technical clarity but also cultural relevance and ethical
accountability.

In summary, advancing equitable and ethical XAI requires a shift in both design
and evaluation, from technically centered models to those that prioritize cultural
sensitivity, user engagement, and social responsibility.

7. Conclusion

Explainable AI (XAI) has emerged as a crucial area in artificial intelligence,
aiming to improve transparency, trust, and interpretability in complex systems. While
the field has made technical strides, this review highlights a significant ethical gap:
the persistent neglect of cultural and social dimensions in XAI design and evaluation.
Many current systems remain shaped by Western-centric assumptions and overlook
the diverse needs of global user populations.

Through a semi-systematic review of recent literature, this paper examined how
cultural and social biases are manifested—and sometimes challenged—in XAI
research. Findings reveal a lack of inclusive frameworks, limited representation of
marginalized communities, and minimal use of participatory approaches. These
limitations not only reduce the effectiveness of AI explanations but also risk
reinforcing existing inequalities.

To move toward more equitable and responsible Al, future XAI research must
prioritize  culturally sensitive, user-centered design, adopt participatory
methodologies, and broaden evaluation metrics to include social inclusivity and
cultural relevance. Embedding these considerations into the core of XAI development
is essential for building systems that serve diverse populations ethically,
transparently, and effectively.
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