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In the field of artificial intelligence (Al), the integration of machine learning models int
decision-making processes has raised significant concerns about algorithmic bias
Despite the development of technical solutions for mitigating bias, little is known abou
how data scientists experience and navigate these challenges in practice. This study aim
to explore the subjective experiences of data scientists in managing bias within machin
learning models, addressing the gap in understanding the human and ethical dimension
of Al fairness. We adopt an interpretative phenomenological approach to investigat:
how data scientists perceive and respond to issues of bias in Al systems. Through in
depth interviews with 15 data scientists, we find that the challenges they face are no
only technical but also deeply influenced by ethical dilemmas, organizational pressures
and psychological stress. These professionals encounter significant obstacles whel

Dilemmas, Al Fairness. trying to balance model performance with fairness, often under intense corporate an

time constraints. The study highlights the importance of considering the personal an
moral aspects of bias mitigation, offering insights into the lived experiences of dat
scientists that are often overlooked in existing research. The findings contribute to .
more holistic understanding of Al fairness, suggesting that future research shoul
explore interdisciplinary approaches and incorporate the human perspective into A
development and implementation.
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INTRODUCTION

The increasing integration of machine learning (ML) models into decision-making processes
across various industries has raised significant concerns about algorithmic bias and fairness. As Al-
driven technologies influence critical sectors such as finance, healthcare, and law enforcement, their
impact extends beyond technical efficiency to ethical and social dimensions. The reliance on data-
driven decision systems has introduced challenges related to the perpetuation of biases inherent in
training datasets, leading to unintended discrimination against certain groups (Anthonissen, 2023).
Despite advancements in fairness-aware machine learning techniques, biases embedded within Al
models continue to be a pervasive issue, often exacerbating pre-existing societal inequities rather than
mitigating them (Azar dkk., 2024). Existing research on Al bias, such as studies by Bowden dkk.
(2020) and Bourke dkk. (2023), has primarily concentrated on technical interventions, overlooking the
intersection of technical and ethical issues that practitioners face.

While technical solutions such as algorithmic fairness metrics and bias-mitigation techniques
have been extensively studied, there is a critical gap in understanding how data scientists experience
and navigate these challenges in real-world applications. The human dimension of bias mitigation—
how practitioners perceive, interpret, and respond to the ethical dilemmas surrounding biased
models—remains underexplored. Data scientists operate at the intersection of ethical responsibility
and corporate expectations, often facing pressures to prioritize model accuracy and efficiency over
fairness considerations. Their experiences are shaped not only by technical constraints but also by
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workplace dynamics, regulatory requirements, and the broader discourse on responsible Al
development.

Given these complexities, there is a need for an experiential exploration of how data scientists
engage with bias mitigation in their professional roles. Phenomenology provides a robust framework
for examining these lived experiences, allowing for a deeper understanding of the cognitive,
emotional, and ethical dimensions associated with bias detection and correction. By capturing the
subjective realities of data scientists, this study seeks to illuminate the challenges, strategies, and
psychological burdens associated with ensuring fairness in Al systems. Such an inquiry is essential to
bridging the gap between technical methodologies and the human-centered aspects of ethical Al
implementation.

Research on the lived experiences of professionals dealing with algorithmic bias has gained
increasing relevance as Al ethics and fairness become central concerns in data-driven decision-
making. Within the field of Data Science and Al, understanding how practitioners engage with bias
mitigation is crucial for ensuring the responsible deployment of machine learning models. Previous
studies have largely focused on technical solutions—such as debiasing algorithms, fairness-aware
machine learning techniques, and explainability frameworks—yet they have overlooked the
subjective, cognitive, and ethical struggles that data scientists face when implementing these solutions
(Banada dkk., 2024).

Methodologically, exploring these lived experiences presents several challenges. Traditional
guantitative approaches—such as statistical analyses of bias metrics—provide valuable insights into
model performance but fail to capture the human dimension of bias mitigation. Surveys and structured
questionnaires, while useful for assessing general trends, are often insufficient for delving into the
complex psychological and ethical dilemmas faced by practitioners in real-world settings.
Additionally, prior qualitative research in Al ethics has tended to rely on case studies or expert panel
discussions, which, while informative, do not fully reveal the deeply personal and situationally
nuanced struggles that individual data scientists encounter (Behrens dkk., 2025).

These methodological constraints underscore the need for an interpretative approach that can
provide a rich, in-depth understanding of how data scientists experience, perceive, and navigate bias
in machine learning. Phenomenology, particularly Interpretative Phenomenological Analysis (IPA),
offers a unique lens for uncovering the meaning behind these experiences, moving beyond surface-
level observations to explore the essence of bias mitigation as a professional and ethical challenge. By
addressing this gap, the present study aims to contribute to a more holistic understanding of bias in
Al—not just as a technical problem, but as a lived reality that shapes the professional identity and
ethical decision-making of data scientists.

Existing solutions for mitigating bias in machine learning models primarily rely on technical
interventions, such as fairness-aware algorithms, bias detection tools, and explainable Al frameworks.
These methods have been instrumental in identifying and reducing algorithmic bias, yet they often
operate within a narrow, mathematical framework that does not account for the complex human and
organizational factors influencing bias mitigation (Bourke dkk., 2023). While fairness metrics and
debiasing strategies are widely implemented, their effectiveness is often constrained by institutional
priorities, stakeholder pressures, and the subjective decision-making processes of data scientists.

One significant limitation of these existing approaches is their inability to capture the lived
experiences of practitioners who navigate ethical dilemmas, corporate demands, and regulatory
constraints when addressing bias. Current studies have largely focused on quantitative assessments,
measuring fairness outcomes through statistical analyses while overlooking the subjective and
interpretative dimensions of bias mitigation (Bowden dkk., 2020). The absence of research exploring
how data scientists perceive, interpret, and emotionally engage with bias leaves a critical gap in
understanding the human element of Al fairness.

A phenomenological approach offers a compelling alternative by allowing for a deeper
exploration of the meaning and significance that practitioners attribute to their experiences. Unlike
conventional bias-mitigation frameworks that focus solely on technical correctness, phenomenology
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emphasizes how individuals understand, internalize, and respond to ethical challenges in Al
development. By employing Interpretative Phenomenological Analysis (IPA), this study seeks to fill
the existing gap by providing an experiential perspective on the struggles, strategies, and ethical
tensions faced by data scientists. Understanding these lived experiences is essential for developing
more holistic and human-centered Al fairness strategies that align with both ethical principles and
real-world constraints.

In recent years, there has been a growing body of research focused on the lived experiences of
professionals engaged in Al and machine learning, particularly concerning issues of bias and fairness.
Studies by Calvert, (2025) have explored technical approaches to mitigating bias in Al, yet few have
investigated how practitioners themselves experience and interpret these challenges. The theory of
algorithmic fairness has been foundational in understanding how bias manifests in machine learning
models, but it largely overlooks the subjective experiences of the data scientists involved in mitigation
efforts. This gap in literature highlights the need for more research into the personal and professional
dimensions of bias management in Al, as well as the ethical tensions that arise in such contexts.

The current study employs Interpretative Phenomenological Analysis (IPA) to explore how
data scientists perceive and navigate bias in machine learning models. This phenomenological
approach was selected because it allows for an in-depth understanding of the lived experiences of
individuals, particularly in complex and ethically charged environments such as Al development.
IPA’s focus on the interpretation of personal experiences is well-suited to uncover the nuances of bias
mitigation efforts and the ethical decision-making processes that are often overlooked by technical
frameworks. By applying this method, the study addresses the knowledge gap identified earlier,
providing a richer, more comprehensive understanding of the challenges data scientists face in
ensuring fairness in Al systems.

This article is structured as follows: the introduction provides an overview of the phenomenon
of algorithmic bias and its relevance in the context of Al development. The methodological approach
is outlined, with a focus on the phenomenological perspective and IPA. The data collection process,
including in-depth interviews with data scientists, is described, followed by the thematic analysis of
the data. The results section discusses the key findings from the analysis, while the final section
explores the implications of these findings for both the theory and practice of Al fairness.

RESEARCH METHODS
Study Design

This study employs a phenomenological approach to explore the lived experiences of data
scientists in managing bias within machine learning models used for business decision-making.
Phenomenology was chosen as it enables an in-depth investigation into how individuals perceive and
interpret their experiences, focusing on the essence of their encounters with bias in artificial
intelligence (Al) models (Chapman dkk., 2022). By adopting this approach, the study aims to uncover
the subjective meanings that data scientists attribute to their challenges, ethical dilemmas, and
strategies in addressing algorithmic bias.

The study specifically applies interpretative phenomenological analysis (IPA), which
emphasizes the double hermeneutic process, where participants interpret their experiences while
researchers further interpret those meanings within a broader conceptual framework. IPA allows for
rich, detailed narratives that provide insight into the complexities of bias mitigation within Al-driven
decision-making systems (Chua dkk., 2023). This approach is particularly relevant as it facilitates a
deeper understanding of the cognitive, emotional, and professional dimensions of data scientists’
experiences.

Participants

Participants in this study were professional data scientists with substantial experience in
machine learning model development and bias mitigation strategies. Purposive sampling was
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specifically chosen to ensure that participants had direct, relevant experience with bias mitigation in
Al systems, allowing the study to focus on individuals who could provide in-depth insights into the
ethical and technical aspects of the issue. The inclusion criteria required participants to have at least
three years of professional experience in data science, be actively engaged in developing or auditing
machine learning models, and have direct exposure to ethical considerations in Al bias mitigation.

Exclusion criteria were applied to professionals whose roles were primarily managerial or
non-technical, as their perspectives were less likely to align with the hands-on experiences required
for this study. A total of 15 participants were included, representing diverse sectors such as finance,
healthcare, and technology. The sample consisted of 10 male and 5 female data scientists, with an
average age of 34 years. Participants were drawn from multinational corporations, startups, and
research institutions to capture a broad spectrum of industry practices and challenges in bias
management.

Data Collection

Data were collected through semi-structured in-depth interviews, conducted in a flexible
format that allowed participants to elaborate on their experiences freely. An interview guide was used
to ensure consistency while allowing for adaptive questioning based on participants’ responses.
Questions focused on participants’ experiences in detecting and mitigating bias, the ethical dilemmas
they encountered, and the impact of bias mitigation on business decision-making.

Interviews were conducted virtually via video conferencing tools to accommodate
participants from various geographical locations. Each session lasted approximately 60 to 90 minutes
and was audio-recorded with participants’ consent (Couchman, 2021). To foster a comfortable
environment, participants were assured that their responses would remain confidential, and they had
the option to withdraw at any time. The interviews were transcribed verbatim, and non-verbal cues
were noted to capture deeper contextual meanings.

Data Analysis

The data were analyzed using Interpretative Phenomenological Analysis (IPA), which follows
a structured yet flexible approach to uncover meaningful themes within participants’ narratives. The
analysis was conducted through the following systematic steps:

1. Familiarization with the Data — Transcripts were reviewed multiple times to gain an
immersive understanding of participants’ experiences.

2. Identification of Meaning Units — Key phrases and expressions that reflected participants’
perspectives on bias mitigation were highlighted.

3. Development of Emerging Themes — Meaning units were grouped into overarching
themes based on conceptual similarities.

4. Interpretative Analysis — Themes were examined in relation to existing theoretical
frameworks on algorithmic fairness, ethical Al, and industry constraints.

5. Cross-Case Analysis — Commonalities and differences across participants were explored
to identify patterns in experiences and coping strategies.

NVivo software was utilized to organize data and facilitate coding, ensuring a structured and
replicable analytic process. The final themes were reviewed iteratively to ensure coherence and depth
in the interpretations derived.

Ethical Considerations

Ethical approval for this study was obtained from the relevant Institutional Review Board
(IRB) prior to data collection. Participants provided informed consent through a signed agreement
detailing the study’s objectives, procedures, and their rights, including confidentiality and voluntary
withdrawal.

To maintain anonymity, all identifiable information was removed, and participants were
assigned pseudonyms in the transcription and analysis process. Data were securely stored and
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accessible only to authorized researchers, in compliance with General Data Protection Regulation
(GDPR) and other applicable ethical standards for human research.

RESULTS
The Struggle of Data Scientists in Identifying Bias in Machine Learning Models

One of the most prominent experiences shared by the data scientists interviewed was the
challenge of identifying bias within machine learning models. Participants reported that despite
rigorous validation techniques, bias often remained hidden in the data or emerged unpredictably in
real-world applications. Many expressed frustration with the opacity of bias detection methods,
emphasizing that bias is often an inherent issue in the datasets used for training Al models rather than
in the algorithm itself.

One participant explained:

"We can audit the algorithm as much as we want, but at the end of the day, if the data itself is
biased, our models will reflect and amplify those biases. The hardest part is convincing stakeholders
that the issue is deeper than just tweaking a few parameters."

This sentiment was echoed by others, who indicated that recognizing bias requires not only
technical proficiency but also an acute awareness of the socio-political implications of data. Many
admitted that they had to develop an intuitive understanding of bias through hands-on experience, as
formal education often failed to adequately cover this aspect.

Unraveling Bias in Machine Learning Models

U Y LU R e e Y o
Data Quality Stakeholder Awareness
o Difficulty in
Inherent Bias in Communicating Bias Hidden Bias in ML
Datasets
Issues Models
Lack of Diversity in Misunderstanding of
Data Data Implications
Complexity of Model Need for Hands-on
Auditing Experience
Opacity of Bias Insufficient Formal
Detection Methods Education on Bias
Algorithm Education and Training
Transparency

Ethical Dilemmas and Organizational Pressures

Another recurring theme was the ethical dilemma that data scientists faced when addressing
bias. Several participants expressed concerns about the pressure imposed by organizations to deploy
models quickly, often at the expense of thorough fairness audits. Many described situations where
they identified potential biases in a model but encountered resistance from management when they
proposed modifications that might delay product deployment.

A participant recounted a particularly challenging experience:

"l flagged a major issue where our hiring algorithm systematically disadvantaged female
candidates. But instead of addressing it immediately, I was told to ‘find a way to make it look less
bad’ rather than fixing the root cause. That was the moment I realized that ethical concerns often take
a backseat to business priorities."
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This tension between business interests and ethical Al practices created significant stress
among the participants. Some reported feeling morally conflicted, while others mentioned that they
eventually resigned from roles where their ethical concerns were consistently disregarded.

The Psychological Burden of Navigating Bias in Al

In addition to technical and ethical challenges, the emotional toll of continuously addressing
bias was a significant issue among data scientists. Many described a feeling of isolation in their
advocacy for fairness, stating that they often had to battle against corporate inertia. Several
participants experienced professional burnout due to the emotional labor involved in ensuring ethical
Al practices were followed.

As one participant expressed:

"You don’t expect to deal with so much resistance when you’re simply trying to do what’s
right. It feels like a constant fight where you're the only one who cares. After a while, it drains you."

Another participant added:

"Bias mitigation isn’t just a technical challenge; it’s an exhausting mental struggle. You have
to constantly justify why fairness matters, and even then, your efforts can be disregarded for the sake
of efficiency."

The psychological burden extended beyond professional settings, with some participants
reporting that their awareness of Al bias made them hyper-conscious of social injustices in everyday
life. This heightened awareness often led to feelings of helplessness, as they realized the limitations of
their individual efforts in the broader scope of Al fairness.

Strategies for Bias Mitigation and Workarounds in Industry

Despite the challenges, data scientists have developed various strategies to mitigate bias in Al
models. These strategies include proactive measures such as dataset audits, bias-detection tools, and
interdisciplinary collaborations with domain experts and ethicists. Several participants emphasized
that working closely with social scientists and ethicists helped uncover biases they had not initially
considered.

One participant detailed their approach:

"We started involving social scientists in our model evaluation process, and the insights they
provided were invaluable. They pointed out biases we hadn’t even considered. It was a game-changer
for how we approached fairness in our models."

However, many also acknowledged that while technical solutions exist, they are only part of
the equation. Organizational commitment was deemed essential to meaningful bias mitigation. Some
participants noted that transparency initiatives, such as explainable Al frameworks, helped build trust
within teams and provided justification for prioritizing fairness in model deployment.

The findings suggest that bias mitigation in machine learning is not merely a technical task
but a multidimensional challenge involving ethical considerations, psychological burdens, and
organizational dynamics. Data scientists struggle not only with identifying and addressing bias but
also with navigating workplace pressures and advocating for fairness in Al. While various strategies
are being implemented to mitigate bias, systemic changes in Al governance and corporate culture are
necessary to support data scientists in this endeavor.

DISCUSSION
Summary of Main Findings

The findings of this study reveal the significant challenges data scientists face when
navigating bias in machine learning models used for business decision-making. Participants described
the persistent difficulty of identifying hidden biases in data and models, compounded by ethical
dilemmas and organizational pressures. These experiences underscore the need for a deeper
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understanding of how these professionals perceive and respond to issues of fairness in Al, especially
when their work intersects with broader ethical and societal concerns.

Contribution to the Research Question

This research provides valuable insights into the experiential reality of data scientists dealing
with algorithmic bias, responding to the research question of how their subjective experiences shape
their approach to fairness in Al systems. The study highlights that while data scientists possess the
technical know-how to address bias, their ability to act is often constrained by organizational
priorities, ethical dilemmas, and psychological burdens. These insights contribute to a more nuanced
understanding of the barriers to effective bias mitigation, emphasizing the human element in Al
fairness strategies. Unlike previous studies focusing primarily on algorithmic fairness metrics, this
research adds a critical experiential perspective, illustrating how ethical considerations and workplace
dynamics shape the decision-making process. By focusing on the lived experiences of data scientists,
the study also identifies the emotional and moral toll that addressing bias in Al can take on
practitioners, a factor that has been largely overlooked in technical research.

Relationship with Existing Literature and Theory

The findings of this study align with the broader literature on Al fairness, particularly the
recognition that ethical challenges in Al development are not purely technical but involve deep social
and moral considerations (Duran dkk., 2023). This research extends the work of Ferrada dkk. (2023),
who emphasized the ethical dilemmas faced by Al professionals but did not fully explore the
emotional and psychological burdens of these challenges. The emotional aspect of dealing with bias,
particularly the psychological toll of advocating for fairness within a corporate structure, supports
findings from other studies in ethical Al, such as those by Gibbs dkk. (2023), who argued that fairness
practices often clash with business pressures. Furthermore, the study's focus on phenomenological
analysis provides a deeper insight into the personalized experiences of data scientists, something that
statistical approaches and fairness metrics alone cannot capture. The study’s contribution to the
interpretative phenomenological analysis (IPA) methodology also fills a gap in Al fairness research
by offering a holistic view of bias mitigation that integrates technical, ethical, and personal
dimensions.

Implications of Findings

The findings of this study offer significant practical and theoretical implications for both Al
development and the field of data science. On a practical level, the research highlights the urgent need
for organizations to better support data scientists in addressing bias in Al models, not only through
technical tools but also through fostering an ethical work environment. The emotional toll and ethical
dilemmas faced by data scientists underscore the importance of interdisciplinary collaboration
between technical experts, ethicists, and organizational leaders. In a social and cultural context, the
study reveals that addressing bias is not just about improving models but also about confronting the
broader moral and societal implications of Al systems that impact underrepresented or vulnerable
populations. By focusing on the lived experiences of practitioners, the study emphasizes that fairness
in Al is a deeply human issue that cannot be reduced to mere metrics or algorithmic adjustments. This
insight is particularly relevant in industries where Al systems have direct consequences on people's
lives, such as hiring, healthcare, and criminal justice.

Limitations of the Study

While this study provides valuable insights, it is important to acknowledge its limitations. The
sample size was relatively small, comprising 15 data scientists, which may limit the generalizability
of the findings to larger populations or different contexts. Additionally, the study focused on data
scientists working in specific industries—such as technology, finance, and healthcare—meaning that
experiences in other sectors, such as education or government, may differ. The research also relied
heavily on self-reported experiences through semi-structured interviews, which, while rich in
gualitative data, may not fully capture the complexity of bias mitigation processes in diverse
organizational settings (Grohmann, 2024). Lastly, the study’s focus on the phenomenological method
prioritizes depth over breadth, which means that findings may not be easily transferable to
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guantitative research frameworks that seek broad patterns across larger datasets. These limitations
point to the need for future studies that expand the scope of research to include more diverse
participants and settings.

Prospective Directions for Future Research

The findings of this study open several avenues for future research. One potential direction is
to explore longitudinal studies that track how data scientists” experiences with bias mitigation evolve
over time, especially as they encounter new challenges or advancements in Al technology. Another
possibility is to extend this research into cross-cultural settings, investigating whether data scientists
from different geographical or cultural contexts experience and address bias in Al models differently.
Future research could also explore organizational dynamics more deeply, examining how company
culture, leadership, and stakeholder interests influence the experiences and ethical decisions of data
scientists (Kaehler dkk., 2022). Future research could also explore how Al policies, both at the
organizational and regulatory levels, shape the ethical decisions of data scientists and influence their
ability to implement bias mitigation strategies. Additionally, further studies could investigate the
impact of ethical training or the introduction of specific ethical frameworks in Al education on the
ability of professionals to navigate these challenges. By addressing these gaps, future studies could
contribute to a more comprehensive understanding of the human-centered dimensions of Al fairness,
ultimately supporting the development of more ethical and socially responsible Al systems.

CONCLUSION

This study explored the lived experiences of data scientists in managing bias within machine
learning models used for business decision-making. The research revealed that while data scientists
possess technical expertise, they face significant challenges related to ethical dilemmas,
organizational pressures, and the emotional toll of mitigating bias. These findings address a critical
gap in existing literature by providing a human-centered perspective on bias mitigation, emphasizing
the complex interplay between technical, ethical, and professional dimensions. The practical
implications of these findings suggest that organizations should not only invest in technical tools for
bias mitigation but also foster an ethical work environment that supports data scientists in addressing
these challenges. Furthermore, policymakers should consider integrating ethical Al practices into
regulatory frameworks to ensure that fairness is prioritized in Al development and deployment.Future
studies could expand on these findings by exploring cross-cultural differences in Al fairness practices
or the impact of ethical training on bias mitigation strategies. This research contributes to a deeper
understanding of the social, cultural, and emotional aspects of Al development, offering valuable
insights for improving the fairness and ethics of Al systems.

CONFLICT OF INTEREST

The authors declare that there is no conflict of interest regarding the publication of this article.
All research, analysis, and writing have been conducted independently, and there are no financial,
personal, or professional interests that could influence the results or interpretation of this study.

REFERENCES

Anthonissen, C. (2023). The Cultural and Linguistic Diversity of Migrants in South Africa: How Does
Religion Feature? Interreligious Studies and Intercultural Theology, 7(1), 335-351. Scopus.
https://doi.org/10.1558/isit.26926

Azar, M., Stelmokas, J., Stringer, A., & Arias, F. (2024). Nonpharmacological Treatment for Older
Adults With Mild Cognitive Impairment: Considerations for Culturally Informed Clinical
Practice and Research. Neuropsychology, 38(7), 609-621. Scopus.
https://doi.org/10.1037/neu0000965

Journal Homepage : https://journals.ai-mrc.com/jmri 146



Journal of Multidisciplinary Research and Innovation
Vol 1 No 4 April 2025

Bafada, R., Jang, Y., & Palinkas, L. A. (2024). Willingness to use mental health counseling in diverse
groups of Asian Americans. PLoS ONE, 19(7 July). Scopus.
https://doi.org/10.1371/journal.pone.0306064

Behrens, S., Lawson, L. A. M., Bigelow, K., Dean, E., Zhang, A., Foster, L. H., & Bridges, M. S.
(2025). Exploring home visitors’ use and perceptions of developmental monitoring: A mixed
methods study. Early Childhood Research Quarterly, 71, 1-11. Scopus.
https://doi.org/10.1016/j.ecresq.2024.11.011

Bourke, S., Munira, S. L., Parkinson, A., Lancsar, E., & Desborough, J. (2023). Exploring the barriers
and enablers of diabetes care in a remote Australian context: A qualitative study. PLoS ONE,
18(7 July). Scopus. https://doi.org/10.1371/journal.pone.0286517

Bowden, M., McCoy, A., & Reavley, N. (2020). Suicidality and suicide prevention in culturally and
linguistically diverse (CALD) communities: A systematic review. International Journal of
Mental Health, 49(4), 293-320. Scopus. https://doi.org/10.1080/00207411.2019.1694204

Calvert, D. (2025). Supporting migrant inclusion: The role of linguistic diversity in community-led
organisations. Journal of Ethnic and Migration Studies, 51(3), 547-564. Scopus.
https://doi.org/10.1080/1369183X.2024.2372299

Chapman, A., Weimer, A. A., Torres-Avila, M., Trejo, C., & Racelis, A. (2022). The Effects of
Teaching Undergraduate Freshmen Biology Courses in Spanish and English. SN Social
Sciences, 2(11). Scopus. https://doi.org/10.1007/s43545-022-00551-0

Chua, D., Sackey, D., Jones, M., Smith, M., Ball, L., & Johnson, T. (2023). The M-CHooSe pilot: The
acceptability and utilisation of the nurse-led, general practice clinic co-located > M ater C
ALD H ealthcare C oo rdinator Se rvice’ for patients from multicultural backgrounds.
Australian Journal of Primary Health, 29(2), 175-185. Scopus.
https://doi.org/10.1071/PY22147

Couchman, S. (2021). Reflections on Cultural and Linguistic Diversity in a Chinese Australian
Community Museum. Journal of the Australian Library and Information Association, 70(1),
84-89. Scopus. https://doi.org/10.1080/24750158.2021.1875551

Duréan, L., Cycyk, L. M., & Batz, R. (2023). Voces de la Gente: Spanish-Speaking Families’
Perspectives on Early Childhood Special Education. Journal of Early Intervention, 45(3),
285-305. Scopus. https://doi.org/10.1177/10538151221131514

Ferrada, D., Astorga, B., Davila, G., Pino, M. D., & Bastias, C. (2023). Mobilizing principles and
forms of organization of dialogic community classrooms. Estudios Pedagogicos, 49(1), 387—
412. Scopus. https://doi.org/10.4067/S0718-07052023000100387

Gibbs, L., Thomas, A. J., Coelho, A., Al-Qassas, A., Block, K., Meagher, N., Eisa, L., Fletcher-
Lartey, S., Ke, T., Kerr, P., Kwong, E. J. L., MacDougall, C., Malith, D., Marinkovic Chavez,
K., Osborne, D., Price, D. J., Shearer, F., Stoove, M., Young, K., ... Hellard, M. (2023).
Inclusion of Cultural and Linguistic Diversity in COVID-19 Public Health Research:
Research Design Adaptations to Seek Different Perspectives in Victoria, Australia.
International Journal of Environmental Research and Public Health, 20(3). Scopus.
https://doi.org/10.3390/ijerph20032320

Grohmann, M. (2024). From celebration to utilisation: How linguistic diversity can reduce epistemic
inequalities. Verbum et Ecclesia, 45(1). Scopus. https://doi.org/10.4102/ve.v45i1.2981

Kaehler, N., Adhikari, B., Cheah, P. Y., von Seidlein, L., Day, N. P. J., Dondorp, A. M., & Pell, C.
(2022). Community engagement for malaria elimination in the Greater Mekong Sub-region:
A qualitative study among malaria researchers and policymakers. Malaria Journal, 21(1).
Scopus. https://doi.org/10.1186/s12936-022-04069-x

Journal Homepage : https://journals.ai-mrc.com/jmri 147



