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INTRODUCTION

In recent years, society has become increasingly accustomed to living in an automated world, where identifying
an unfamiliar object or song takes seconds, cars operate autonomously, and goods can be purchased and
delivered within hours. These advancements, among numerous others, have been enabled by the rapid
development of technologies rooted in Artificial Intelligence (Al) (Haenlein & Kaplan, 2019). Al is becoming
increasingly prominent on the global stage, gaining growing attention from scholars, practitioners,
policymakers, and society at large as interactions with Al systems continue to expand across various domains.
This trend has become particularly evident with advancements in Generative Al, which have been marked by
the introduction of platforms capable of generating text, images, and videos. For instance, tools like ChatGPT
rapidly gained millions of users, demonstrating remarkable capabilities in solving a diverse range of tasks
(Banh & Strobel, 2023; Y. Qin et al., 2024). While numerous definitions of Al exist, one that is particularly
broad and has received considerable scholarly attention is provided by Haenlein & Kaplan (2019). They define
Al as “a system’s ability to interpret external data correctly, to learn from such data, and to use those learnings
to achieve specific goals and tasks through flexible adaptation”. This definition focuses on the versatility of
Al systems, which has been further amplified by recent advancements in data availability, computational
power, and adaptive capabilities. Indeed, the exponential growth of data generated from diverse sources and
applicable across a wide range of domains, along with enhanced computational power and the ability of Al
systems to solve specific tasks, has significantly increased the potential applications of Al. Today, these
capabilities enable Al to be employed across nearly every sector, where it is utilized to perform a wide array
of functions and solve complex challenges (Collins et al., 2021; Shobana & Kumar, 2015; Tsai et al., 2015).
Al has emerged as one of the most influential topics of the last decade, profoundly affecting society at
all levels, from governments and organisations to individual employees (D’Cruz et al., 2022; Makarius et al.,
2020). It is a pivotal component in digital transformation processes (Xu et al., 2018), and its applications span
many organisational functions, supporting a variety of decision-making and automation-based tasks. As Al
becomes integral to future job roles, ensuring that its outputs remain free from discriminatory or unfair biases
has become a relevant issue (Hunkenschroer & Luetge, 2022; Mehrabi et al., 2021). Notably, Al systems,
when applied to address specific challenges, may inadvertently magnify existing issues by threatening rights,
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opportunities, and equity. In some cases, they not only perpetuate or amplify pre-existing disparities but also
create new inequalities (Hoffmann, 2019). As organisations and governments increasingly adopt Al
technologies, the decisions made by these systems have the potential to simultaneously impact large
populations, heightening concerns around ethics, fairness, and algorithmic bias (Zuiderwijk et al., 2021). There
are numerous instances illustrating the consequences of Al bias. For example, Datta et al., (2015) found that
Google Ads tools displayed fewer advertisements for high-paying jobs to women users compared to men.
Similarly, there have been cases where Al systems disproportionately associated criminal profiles with the
physical characteristics of Black men'.

Addressing issues of bias and fairness is, therefore, significant. This has prompted a reevaluation of
Al-based systems in favour of approaches that prioritize these values (Ntoutsi et al., 2020). Organizations
designing and deploying Al technologies have a significant responsibility to mitigate these challenges by
ensuring their systems are transparent and explainable (D’Cruz et al., 2022; Martin et al., 2019).

The growing adoption of Al technology in society has led to a corresponding increase in academic
interest, fostering new research, theories, and questions (Makarius et al., 2020; Smith, 2020). Over the past
four years, studies examining the societal impact of Al have expanded exponentially, with particular emphasis
on ethical considerations and fairness (Mehrabi et al., 2021). Issues such as trust, transparency, and the
explainability of Al systems have gained significant importance among various stakeholders. Consequently,
expertise in areas such as responsible Al is becoming increasingly vital for professionals in this field (Meghan
Rimol, 2021).

Despite significant advancements, ethical considerations are not consistently integrated into the Al
lifecycle, which encompasses the design, development, and deployment of Al artifacts. This gap between
technological innovation and ethical or responsible implementation highlights the need for further research
into methodologies and tools that embed ethical principles, bias mitigation strategies, and transparent processes
in Al projects. As the field continues to evolve at a rapid pace, addressing these challenges remains a relevant

and urgent priority (Haenlein et al., 2022; Stahl et al., 2016; Vakkuri et al., 2019). Moreover, while biased

! Leonardo Nicoletti and Dina Bass (2023), Humans Are Biased. Generative Al Is Even Worse. Stable Diffusion’s text-
to-image model amplifies stereotypes about race and gender - here’s why that matters. Retrieved October 2024 at:
https://www.bloomberg.com/graphics/2023-generative-ai-bias/.



outcomes in Al often stem from errors in algorithms or mismanagement of training data, it is also relevant to
examine the broader context and understand why such technical errors occur. Although computational
approaches to bias mitigation are essential, Al artifacts are created within complex socio-technical
environments shaped by organizational, individual, and environmental factors (Dignum, 2023). These factors
influence the values of designers, organizational processes, and user interactions, ultimately impacting the
fairness and accuracy of Al systems (Akter et al., 2021; Dignum, 2018; Schwartz et al., 2022; Someh et al.,
2019). Therefore, addressing Al bias effectively requires a socio-technical perspective and a greater focus on
empirical research into its origins and mitigation (Kordzadeh & Ghasemaghaei, 2022; Mikalef et al., 2022).

Building on the socio-technical perspective (Bostrom & Heinen, 1977b, 1977a), the identification and
mitigation of biases in Al require a holistic approach that acknowledges both technical and social dimensions.
As previously discussed, while biases in Al systems may derive from technical limitations, such as insufficient
training data or algorithmic design flaws, these technical issues are deeply intertwined with and shaped by the
broader social biases embedded in human society. This interdependence illustrates the need for “joint
optimization” (Sarker et al., 2019) to ensure that efforts to correct technical inaccuracies do not overlook the
social structures and organisational dynamics that amplify them. By examining Al systems through this
twofold lens, researchers and practitioners can more effectively identify sources of bias, simultaneously
advancing technical improvements and fostering the adapting progression of the society and organisation (e.g.,
inclusive policy-making and stakeholder engagement). For instance, the adoption of a socio-technical approach
in addressing Al bias could facilitate in mitigating the perpetuation of historical biases. By acknowledging the
reciprocal influence between technical solutions (e.g., Al tools for human resource scouting) and social
dynamics (e.g., existing biases in hiring practices and organisational culture), this perspective ensures that Al
models do not reinforce outdated patterns but instead evolve in alignment with contemporary principles of
fairness, inclusivity, and ethical standards. Ultimately, such a harmony between technical and social
components can lead to Al implementations that not only enhance technological progress but also contribute
to more equitable outcomes for society at large.

In light of what is stated, the aim of this thesis is to explore and advance the understanding of bias in
Al systems, integrating theoretical and empirical analysis. More specifically, the thesis aims to answer the

following questions:
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RQI: How has the academic discourse on artificial intelligence in organizational studies is evolving,
and what key themes and research gaps are emerging?

RQ2: What processes do companies adopt to identify and mitigate bias in Al solutions? And how do
these processes vary across the different phases of the Al lifecycle?

The research begins with an exploratory phase grounded in a comprehensive review of existing literature. This
phase aims to examine the role of Al in organisational and societal contexts, focusing on how biases manifest
in decision-making processes and algorithmic outputs. By employing computational literature review (CLR)
techniques, this part of the thesis identifies key themes, trends, and gaps in the current academic discourse on
Al bias and ethics. It highlights the dual impact of Al on technical and societal dimensions, uncovering
behavioural and practical implications that extend beyond traditional computational approaches.

Building on these insights, the second part of the research project adopts an empirical approach,
advancing the debate through the collection and analysis of primary data. This phase is focused on case studies,
interviews, and experimental methodologies to investigate the emergence and mitigation of bias in Al systems.
By focusing on specific contexts, the research explores the connections between technical and socio-cultural
factors. Empirical findings are used to propose novel frameworks for identifying and mitigating bias, offering
insights for practitioners, policymakers, and academics. Through this dual structure, the thesis aims to
contribute both theoretically and practically to the ongoing discourse on Al bias, enhancing the understanding
of how to better mitigate the emergence of bias within Al systems.

This thesis is part of a research project started in January 2022 and concluded in January 2025. It is
structured around four chapters, each corresponding to a specific paper developed collaboratively by my
supervisor and me over the course of the project. Each chapter represents a distinct phase of the research,
reflecting the progression of the study. The following paragraphs provide context for the individual chapters,
which are arranged to offer a cohesive and comprehensive overview, ensuring fluidity in the development of
the argument.

Chapter I: The Role of Artificial Intelligence in Business and Management: A Literature Review of

Evolving Perspectives

The first chapter corresponds to the initial research conducted within the research project, providing a

comprehensive overview of the current debate on Al within organisational and managerial studies. A
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preliminary analysis of the dataset was presented at the Workshop di Organizzazione Aziendale (WOA) 2022.
Subsequently, the analysis was finalised, and the full study was presented at the international conference of the
Association for Information Systems (ICIS) 20222, This research employed the CLR method to perform an
impact analysis and a topic modelling analysis of relevant literature using the Latent Dirichlet Allocation
(LDA) technique. Specifically, computational methods were employed to conduct a literature review on a large
corpus of data. This approach facilitated a comprehensive mapping of the field, enabling the integration of
quantitative research, focused on descriptive and computational analyses, with qualitative research, involving
an in-depth examination of the most relevant papers within the dataset. Fifteen major topics in the Al discourse
regarding organisational studies were identified and analysed in-depth. Each was categorised as declining,
stable, or emerging, offering a comprehensive view of the current debate. The paper also highlighted two
primary branches of research: technical and societal aspects, the latter of which have gained increasing
importance in recent years. Furthermore, a set of guiding questions was proposed to foster future research
directions, particularly those focusing on emerging topics. Within this first chapter, a section is dedicated to a
related study presented as a separate paper. This second paper was presented at the Italian Chapter of the
Association for Information Systems (ItAIS) 2022 and published in a Springer volume as part of the conference
proceedings’. It involves a bibliometric literature review, providing an overview of the current debate on Al in
organisational studies by conducting a bibliometric analysis of the same dataset of 1102 used for the CLR. The
dataset included publications from journals within the organisational and management fields listed in the
Academic Journal Guide. The analysis revealed a significant increase in publications addressing societal and
ethical issues related to Al. Through co-word analysis, key topics in the research domain were mapped and
described, many of which are experiencing renewed interest among scholars. The two studies are
complementary, integrating quantitative and qualitative methods to offer a comprehensive understanding of

the topic. Both contributions underscore the emergence of a branch of literature over the past four years that

2 Smacchia, M. and Za, S., "Artificial Intelligence in Organisation and Managerial Studies: A Computational Literature
Review" (2022). In Proceedings of the 43rd International Conference on Information Systems (ICIS), Copenhagen
Denmark. https://aisel.aisnet.org/icis2022/soc_impact_is/soc_impact_is/6.

3 Smacchia, M., and Za, S. (2024). Investigating the Artificial Intelligence Debate in Organisation and Management
Studies. In: Braccini A.M., Pallud J., Pennarola F. (eds) Technologies for Digital Transformation. ItAIS 2022. Lecture
Notes in Information Systems and Organisation, vol 64, pp 27-47. Springer, Cham.
https://link.springer.com/chapter/10.1007/978-3-031-52120-1.
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focuses on societal and ethical issues in Al. From the results of these two literature reviews, a subsequent CLR
was developed to explore Al bias, fairness, and ethics in organisational and managerial studies. The first CLR,
which explores the debate within the field of Al and organisational and management studies, has been revised
to incorporate methodological and presentation improvements developed during the second CLR. This updated
version is currently being prepared for publication as a book chapter. For this reason, certain sections, such as
the research protocol, may appear similar. Both papers have been revised during the development of this
document to minimise repetition and enhance readability.

Chapter II: Challenges of AI Implementation: Bias, Fairness, and Ethical Considerations in Theory

and Practice

Building on the findings of the first research on Al and organisational studies, the second chapter is devoted
to a second CLR focused on the discourse surrounding Al bias, ethics, and fairness. In this study, the query,
computational techniques, and analytical methods were further refined. Specifically, the research protocol
implemented in the previous CLR was revised to provide greater specificity regarding the steps required to
identify the research topic and objectives, manage and analyse the data, and present the results. More structured
and reliable tools were employed for data analysis, enabling a deeper examination of unstructured data. As a
result, eighteen topics were identified and analysed in depth, leading to the discovery of five overarching
categories, which were further grouped into two macro-categories, both related to the socio-technical aspects
of the Al discourse. These findings revealed distinct clusters within the debate, addressing the identification
and resolution of Al bias from both technical and societal perspectives. Additionally, recurring themes were
identified, highlighting the influence of human and institutional values on Al outcomes, an area that has
attracted increasing scholarly attention in recent years. Following feedback received during the conference
presentation, an extended version of the paper was developed, improving the introduction, analysis, and
discussion of results. Two new sections were added to describe the contribution of the AIS Senior Scholars list
of premier journals to the debate on Al bias, fairness, and ethics. A theoretical background section was also
included to better articulate the significance of the Al bias phenomenon. Moreover, the methodology and
discussion sections were refined through an additional analysis iteration, which uncovered previously

unnoticed patterns. The preliminary version of this CLR was presented at the European Conference of the



Association for Information Systems (ECIS) 2023*. Subsequently, an extended version, incorporating the
feedback received, was developed and is currently under review in the Journal Communications of the

Association for Information Systems (ISSN: 1529-3181).

Chapter I1I: Empirical Approaches to Al Bias: Identification, Measurement, and Mitigation Strategies

The third chapter marks the beginning of the second part of the research project, which focuses on empirical
research. The first study conducted, which corresponds to this chapter, is a qualitative analysis that investigates
the challenges of identifying and mitigating Al bias through a socio-technical lens. Specifically, the study
examines how biases are identified and addressed throughout the Al lifecycle, with the goal of developing a
theoretical framework that systematically incorporates stakeholder participation into bias mitigation strategies.
The research employed grounded theory, utilising semi-structured interviews with Al professionals involved
in various stages of the Al lifecycle. Preliminary interviews were conducted with five Al experts, with an
average interview duration of 53 minutes. The findings revealed several insights. During the design phase,
challenges were identified in data exploration and collection, particularly in reviewing state-of-the-art
literature and selecting appropriate datasets. The development phase highlighted the significance of continuous
feedback iterations and technical challenges, such as data correction and improving model precision. Notably,
a previously unconsidered form of bias related to hardware, such as the impact of graphics card drivers on
deep learning models, was identified. In the deployment phase, field testing emerged as essential for
uncovering hidden biases, with stakeholder engagement playing a pivotal role. In addition, this study enabled
the identification of various types of bias, contributing to the refinement of the framework developed by the
U.S. National Institute of Standards and Technology (NIST) for identifying and mitigating bias (Schwartz et
al., 2022). A short paper presenting preliminary findings and data analysis was presented at the European
Conference of the Association for Information Systems (ECIS) 2024°. Subsequently, additional data were
gathered and analysed, resulting in an advanced version of the study that focuses on more specific aspects,

such as Al regulation. This version was presented to the European Group for Organizational Studies (EGOS)

4 Smacchia, M. and Za S., "Exploring Artificial Intelligence Bias, Fairness and Ethics in Organisation and Managerial
Studies" (2023). In Proceedings of the 31st European Conference on Information Systems (ECIS), Kristiansand,
Norway. https://aisel.aisnet.org/ecis2023 _rp/362.

5 Smacchia, M., Za S., and Arenas, A. E., "Identifying Al Bias and Mitigation Challenges Through a Socio-Technical
Perspective" (2024). In Proceedings of the 32nd European Conference on Information Systems (ECIS), Paphos, Cyprus,
2024. https://aisel.aisnet.org/ecis2024/track03_ai/track03 ai/12.
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Colloquium 2024°. Currently, the research is based on pilot interviews that have been instrumental in refining
the research protocol and interview questions. A full version of this study is currently under development.

Chapter I'V: Manifestations of Bias in AI: A Case Study on Gender Bias in Neural Machine Translation
and Large Language Models

The fourth chapter focuses on a specific case study examining the influence of social norms and values on
widely used Al tools. The study investigates the presence of gender bias in neural machine translation systems
and large language models (LLMs). The research aims to analyse how these Al tools handle gender translation
in sentences where the subject’s gender is not explicitly mentioned, specifically when translating from Italian
(a language where subject omission is grammatically acceptable) to English (where explicit subjects are
required). The study explores the extent of gender bias in common Al translation tools, the impact of query
formulation on translation outputs, and comparisons between Al-generated and human translations. For the
analysis, ten job titles were selected based on gender distribution statistics. Five of these jobs were
predominantly held by women and five by men, ensuring all job titles were gender-neutral in Italian. Three
sentences of varying complexity were created for each job, all featuring gender-neutral phrasing in Italian.
These sentences were translated into English using five Al tools: Google Translate, DeepL, Microsoft Azure,
GPT 3.5, and Text DaVinci-003. To compare Al outputs with human translations, a survey was conducted with
42 Italian participants who were tasked with completing English sentences by adding gender-specific pronouns
and adjectives. The results identified two distinct types of bias. The first, termed “converging bias,” occurred
when translation tools consistently used the same gender throughout all translations after being influenced by
the initial translation choice. The second was gender bias, particularly evident in translations involving
traditionally male-dominated occupations. Human translations largely mirrored the Al outputs, though they
exhibited slightly less bias and made greater use of gender-neutral language. The findings highlight how Al
translation tools can reflect and reinforce existing societal gender biases, particularly in occupational contexts.
The alignment between Al and human translations suggests that these biases are deeply rooted in social

constructs rather than being purely technical in nature. An early version of this research was presented at the

¢ Smacchia, M., Za S., and Arenas A. E., "Exploring Al bias and mitigation challenges using a socio-technical
perspective" (2024). In Proceedings of the 40th European Group for Organizational Studies Colloquium (EGOS 2024),
Milan, Italy.
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Italian Chapter of the Association for Information Systems (ItAIS) 2023 and published in a Springer volume

as part of the conference proceedings’. The analysis is currently being updated with new LLM models and

Spanish language sentences to provide a more comprehensive understanding of the issue.

A timeline of the research project, along with a brief overview of each chapter’s contribution to the

overall study, is shown in Table 1 and Figure 1.

Table 1. Summary of the development

Period of
the
research
project

Chapter

Paper

Type of study

Outcome

2022

e Smacchia, M. and Za, S., "Artificial Intelligence in
Organisation and Managerial Studies: A
Computational Literature Review" (2022). In
Proceedings of the 43rd International Conference on
Information Systems (ICIS), Copenhagen Denmark.

Smacchia, M., and Za, S. (2024). Investigating the
Artificial Intelligence Debate in Organisation and
Management Studies. In: Braccini A.M., Pallud J.,
Pennarola F. (eds) Technologies for Digital
Transformation. ItAIS 2022. Lecture Notes in
Information Systems and Organisation, vol 64, pp 27-
47. Springer, Cham.

Computational
literature review
(CLR) +
Bibliometric
analysis

ICIS 2022

ItAIS 2022

2022/2023

II

Smacchia, M. and Za S., "Exploring Artificial
Intelligence Bias, Fairness and Ethics in Organisation
and Managerial Studies" (2023). In Proceedings of
the 31st European Conference on Information
Systems (ECIS), Kristiansand, Norway.
https://aisel.aisnet.org/ecis2023 rp/362.

Computational
literature review
(CLR)

ECIS 2023

CAIS (under
review)

2023/2024

1

Smacchia, M., Za S., and Arenas, A. E., "Identifying
Al Bias and Mitigation Challenges Through a Socio-
Technical Perspective" (2024). In Proceedings of the
32nd European Conference on Information Systems

(ECIS), Paphos, Cyprus, 2024.

Smacchia, M., Za S., and Arenas A. E., "Exploring Al
bias and mitigation challenges using a socio-technical
perspective" (2024). In Proceedings of the 40th
European Group for Organizational Studies
Colloquium (EGOS 2024), Milan, Italy.

Case based
research

ECIS 2024
EGOS 2024

Full version
in progress

7 Smacchia, M., Za, S., & Arenas, A. (2024). Does Al Reflect Human Behaviour? Exploring the Presence of Gender
Bias in Al Translation Tools. In Digital (Eco) Systems and Societal Challenges: New Scenarios for Organizing (pp. 355-
373). Cham: Springer Nature Switzerland.
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Table 1. (Continued)

e Smacchia, M., Za, S., & Arenas, A. (2024).
Does Al Reflect Human Behaviour? Exploring
the Presence of Gender Bias in Al Translation | Exploratory
Tools. In Digital (Eco) Systems and Societal | study
Challenges: New Scenarios for Organizing (pp.
355-373). Cham: Springer Nature Switzerland.

TtAIS 2023
Full version in
progress

2023/2024 | IV

Input

. . o . )
RQ1: How has the academic discourse on artificial intelligence in organizational studies evolved, and what key themes and

research gaps have emerged?
RQ2: What processes do companies adopt to identify and mitigate bias in Al solutions? And how do these processes vary across
kthe different phases of the Al lifecycle?

J/
4 ) . . . . . .
. The initial study aimed to explore the main areas of interest within the literature on Al and
~ CH. I: Computational L . .o .
a . . . organizational studies. The objective was to systematically map and analyze the most
o | literature review: Al in . . . : .
Q L . relevant topics in the field, identifying potential research gaps to guide the focus of the PhD
organisational studies
program.
\ J/ \_ J/
( ) Buildi he findi f the fi d d ional li i
2| o 2: computational uilding on the indings o 't e first stu' y, a secon COlTl'putathIla iterature Teview was
5 . . . conducted to examine specific aspects identified as particularly relevant. The aim of this
N literature review: bias, . X . . . .
Sl i d ethics in AI second study was to further inspect the discourse on Al bias, fairness, and ethics, with the
S| fairness and ethics in P .
goal of identifying potential avenues for future research.
\ J/ \ J/
o ("Based on the insights gained from the computational literature reviews, the research )
< | CH. 3: Qualitative case . . . .. R . .
N . . . direction shifted to Al lifecycle, examining how bias may emerge at different stages (design,
& | study: identification and d . . . .
< Lo . evelopment and deployment). The study specifically investigated the strategies employed
Q| mitigation of bias in Al . . . .
4 lifecycle by Al experts to identify and mitigate these biases throughout the development and
\_deployment process. )
< | CH. 4: Explorative case This research aimed to provide a practical use case for identifying bias in Al tools, offering
g study: emergence of mitigation strategies from a socio-technical perspective. In this context, the focus was on
Q| gender bias in ML and examining the emergence of gender bias in Al-driven translation tools to assess the extent
N LLM and nature of such biases.
\ J \ J
4 )
Identification of dominant themes in Al discourse and emerging research directions (CH1, CH2), alongside an exploration of Al
bias identification and mitigation processes, highlighting key challenges and the interconnections between different types of bias
(ongoing CH3, CH4).
\_ J

Output

Figure 1. Research project overview
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CHAPTER I

Exploring the Discussion of Artificial Intelligence in Business and Management
Studies

Abstract. Nowadays, the number of organisations inside the 4.0 industry adopting new technologies based on
Artificial Intelligence (AI) is continuously increasing. Scholars are not neglecting this phenomenon,
investigating related topics, not only from a technological point of view, but also in the organisational and
societal domains. The goal of this research is to develop a complete overview of the current discussion on Al
in business and management studies. To this end, we adopted the Computational Literature Review (CLR)
method to conduct an impact and topic modelling analysis of the relevant literature using the Latent Dirichlet
Allocation (LDA) technique. As a result, we identified 15 topics concerning the artificial intelligence
discussion in business studies, providing a detailed description of each of them and identifying which one is
declining, stable or emerging. We also recognised two main branches of research regarding technical and
societal aspects, where the latter has become increasingly important in recent years. Finally, focusing on all
the topics, we proposed a set of guiding questions that might foster future research directions. This study
provides insights to scholars and managers interested in Al and could also be used as a guide to performing
CLR.

Keywords: Artificial Intelligence, Machine Learning, Computational Literature Review, Latent Dirichlet

Allocation.

Introduction

Artificial Intelligence (AI) has become relevant within the global landscape, across a variety of fields. It is
experiencing a wave of increasing interest and investment from both industrial and academic sectors (Stanford,
2023). Al is an umbrella term, that encompasses many approaches and techniques. It could be defined as “a
system’s ability to interpret external data correctly, to learn from such data, and to use those learnings to achieve
specific goals and tasks through flexible adaptation” (Kaplan & Haenlein, 2019a). Al can therefore be
designed, developed and embedded in a multitude of technologies (Zhu et al., 2021). This technology has
extensive potential for different applications, capable of addressing many complex tasks across different

domains (D’Cruz et al., 2022). Researchers and developers are trying to innovate solutions that are increasingly
12



precise, reliable, and powerful. While current Al applications, known as artificial narrow intelligence (ANI),
are predominantly confined to specialized domains, there is a blooming effort among experts to overcome
these limitations. The goal is to create versatile Al artefacts capable of functioning across multiple areas and
capable of performing a wide spectrum of tasks (Kaplan & Haenlein, 2019b). The transition to more advanced
forms of Al poses many challenges from a technological, organisational, and societal perspective. It is therefore
relevant to study the impact of these new technologies and the possible implications of their adoption (Zhu et
al., 2021). Indeed, Al is among the most relevant topics of the last decade and is reshaping human interaction
in various domains, from everyday tasks to working life (Makarius et al., 2020). Especially from an
organisational perspective, Al is being implemented for the automation of many processes within companies
(ibid). Bhaskar Ghosh & Paul R. Daugherty, (2019) state that about 80% of companies have adopted Al
technology in their core business, with a 70% increase in five years. The outcomes of this broad
implementation of new technologies based on Al algorithms are manifold. On the one hand, many companies
are experiencing a technological revolution, by exploiting the growing computational capacity of devices
together with the advantages of new technologies, they are reaching levels of efficiency that were unimaginable
just a few years ago (Schwab, 2016). On the other hand, the implementation of Al technologies and their
adoption often lead to some forms of resistance from employees and managers (Glikson & Woolley, 2020; M.
H. Huang & Rust, 2018). In fact, Al is perceived by many as a possible replacement for their work, especially
when applied to solving analytical and communication tasks. In these cases, although Al is a continuous source
of innovation, it could have many effects on human employment and human behaviour (ibid.). According to
Makarius et al., (2020), Al is profoundly changing the world of work. Moreover, due to the recent COVID-19
pandemic, companies have accelerated their Al adoption plans®. As a result, there is a need for more research
investigating the effects of adopting various Al solutions in many fields of business organisation.

Since the introduction of these new technologies, studies on the use of Al have increased significantly,
especially in recent years, fostering new theories and opening up new questions (Makarius et al., 2020).
Although in the business and organisational sphere, technology has been considered one of the fundamental

factors in shaping the forms of organisation and its functions, the number of studies investigating the impact

8 Joe McKendrick (2021), Al Adoption Skyrocketed Over the Last 18 Months, Harvard Business Review. Retrieved
May, 2022: https://hbr.org/2021/09/ai-adoption-skyrocketed-over-the-last-18-months.
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of new technologies on business processes has declined over time, at least until the advent of the Industrial
Revolution 4.0. In fact, starting less than a decade ago, the interest of scholars in such issues has increased,
along with the interest in investigating issues related to new Al-based technologies within organisational
environments (Bailey et al., 2019). For exploring the content of this increasing number of papers in the
literature, traditional methods of exploration could not be very effective in comprehensively grasping the
nuances of broad contexts within this rapidly evolving field. The sheer volume and complexity of Al-related
research now necessitate more advanced approaches to effectively identify patterns inside large corpora of
articles (Antons & Breidbach, 2018).

In light of these assumptions, we believe that it may be of interest to map and evaluate the existing
literature on how the Al discussion has been developed in business and management studies, in order to identify
the most prevalent themes and research gaps that may lead to future studies (Tranfield et al., 2003). More
precisely, our goal is to identify and describe the relevant topics within this domain over time, tracing their
evolutionary trajectory and analysing their progression. Additionally, we also aim to forecast potential future
research directions, particularly focusing on those topics that are currently widespread in academic and

industry discourse. Therefore, our objective is to address the following research questions:

How has the discussion of artificial intelligence evolved within business and managerial studies?

And what are the most significant topics?

What are the emerging topics related to Al in business and managerial studies that could drive future

research directions?

Given the large number of scientific articles related to the topic of interest, among several possible literature
review approaches, we decided to perform a Computational Literature Review (CLR). The decision to adopt
this specific methodological approach was driven by the need to conduct both a quantitative and qualitative
analysis of the literature within a large dataset. Given the large volume of data to be examined, we opted for
an inductive, top-down approach. This strategy was chosen not only to synthesise the literature on the topic
but also to ensure a comprehensive outlook on the subject (J. Xie & Jain, 2024). This method, therefore,

seems to be more appropriate than others, such as bibliometric analysis, which instead uses mainly a
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quantitative approach to describe, evaluate and monitor published research (Lamboglia et al., 2020). Although
our research employed bibliometric techniques to describe our dataset, we decided to perform a topic
modelling analysis rather than alternative bibliometric methods, such as co-word analysis. This decision was
strategically aligned with our primary objective: to discover the latent themes within the literature rather than
mapping the explicit connections among key terms. Topic modelling, with its ability to statistically infer hidden
themes from patterns of word usage, offered a more pertinent approach for delving into the topics concerning
the domain (Blei, 2012). This methodology was also favoured over a systematic review due to our primary
aim of conducting an exploratory analysis encompassing a large dataset. The systematic literature review
approach, while meticulous and comprehensive, is more suited for focused inquiries. Given the extensive
breadth of our topic and the volume of data at hand, employing a systematic review would have presented
significant challenges. Furthermore, even though other literature review methods are supported by software,
CLR goes further by using text mining and Machine Learning (ML) algorithms to examine the content of the
article and allow the machine to automatically perform time-consuming tasks. Finally, each topic is better
described and contextualised by analysing in depth the related most representative papers accordingly.

Our research provides an outlook on the evolution of the discourse surrounding Al within the domain
of business and management. The findings underscore the growing relevance and novelty of societal issues
linked to Al as well as their profound impact on society at large. We have identified several research questions
related to the most emergent topics in this domain. Through our study, we aim to offer insightful guidance to
both scholars and practitioners who are interested in this field or who wish to conduct a similar analysis to
uncover the latent themes within a particular domain. The next section provides further details on the
methodology and research protocol. The presentation of the results with their implications and discussion

closes the contribution.

Theoretical Background: Al literature review

Since the studies concerning Al have increased exponentially in recent years, it is not surprising that systematic
literature review (Borges et al., 2021; Grover et al., 2022; Kitsios & Kamariotou, 2021; Toorajipour et al.,
2021; Trunk et al., 2020; Zuiderwijk et al., 2021) and especially bibliometric analysis (Dhamija & Bag, 2020;

Reis etal., 2019; Verma et al., 2021) are widely used as review methods. Interestingly, the papers cover a broad
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range of topics, indicating that Al, inside the organizational setting, is being applied in different areas for
different purposes.

Dhamija & Bag, (2020), conducted a bibliometric analysis of 1854 articles on Al in operations
management. Through a network analysis they discovered the presence of 6 clusters on the predominant topic
in the Al field. Another bibliometric analysis in conjunction with intellectual network analysis was carried out
on 1580 articles from 1982 to 2020 to review the literature on marketing (Verma et al., 2021). Trunk et al.,
(2020) conducted a systematic literature review on 55 articles and built a conceptual model explaining how Al
can be used for strategic decision-making. Moreover, the authors discover that to successfully use Al
technology, human decision-makers have to become interpreters of the results of the machine and not only
supervisors of predefined processes. Using the same review method, Kitsios & Kamariotou, (2021) provided
a research agenda about Al and ML in organizational strategy and decision-making processes. Grover et al.,
(2022) combined literature review with social media analysis to study the effect of Al on operations
management. Thanks to this hybrid research they were able to find different insights in both fields of analysis.
Another systematic literature review was performed on 41 articles to provide a review of the state-of-the-art
literature on Al in organizational strategy. Particular attention was given to Decision Support System (DSS),
customer and employee engagement, automation and new products and service offering (Borges et al., 2021).
Toorajipour et al., (2021) analysed 64 articles to review the use of Al in Supply Chain Management (SCM).
They found interesting results regarding the most used Al techniques in SCM and also the SCM subfield that
could have the highest potential if enhanced by Al. A further important topic is represented by the public sector.
Two literature reviews explore how Al is impacting government and policymakers by exploring risks,
implications and opportunities (Reis et al., 2019; Zuiderwijk et al., 2021).

Table 1. Literature review comparison

Article Methodology Focus Findings
Dhamija and Bibliometric Literature Review Review Al and Identified six clusters that focus on
Bag (2020) (Network analysis) related domains in predominant themes for present and
1854 articles published between combination with future research
2018 - 2019 operation
management
Verma et al. Bibliometric Literature Review Review of Al inside | Identified most relevant sources and
(2021) (Co-citation and Co-occurrence marketing sector researchers in the field, along with
analysis) relevant topic and future research
1580 articles published between directions
1982 - 2020
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Table 1. (Continued)

Trunk et al.
(2020)

Systematic Literature Review and
Content Analysis

55 articles published between
2016 and 2020

Review of adoption
of Al for decision
making under
uncertainty

Identified a conceptual framework
for Al adoption inside the
organizational processes for
decision making under uncertainty.

Kitsios and
Kamariotou
(2021)

Systematic Literature Review
81 articles published before 2020

Review of the
correlation between
Al and corporate
Strategy

Identified four sources of value
creation concerning the use of Al in
business strategy along with gaps
for future researches

Grover et al.
(2022)

Systematic Literature Review and
Social Network Analytics

181 articles published between
2010 and 2019 combined with
Twitter data

Review of the use
of Al in operation
management

Identified a framework for Al
implementation inside organizations
and best practices of Al tools
adoption inside operation
management

Borges et al.
(2021)

Systematic Literature Review
41 articles published between
2009 - 2020

Review of the
integration of Al to
organizational
strategy

Identified four sources of value
creation concerning Al inside
organizational processes along with
gaps for future researches for each
of the sources

Toorajipour et

Systematic Literature Review

Review of Al inside

Identified Al techniques and
applications that can contribute to

2010 - 2020

Public Governance

64 articles published between Supply Chain .
al. (2021) 2008 - 2018 Management Supply Chain Management
development
- . . Review of Al'in Identified areas of research
. Bibliometric Literature Review government . .
Reis et al. e ces: analvsis of | concerning the use of Al in the
(2019) and C_ontent An_a SIS SCIVICES: analysis o public sector and EU - USA policies
74 articles published before 2018 | countries spending .
comparison
on Al
. Developed a research agenda on the
Lo . Review of the . . .
. .. Systematic Literature Review . L implementation and use strategies of
Zuiderwijk et al. 26 articles published between implication of the Al inside public governance and on
(2021) P use of Al inside P &

the risks of Al use inside public
sector

Table 1 summarises the methodology (bibliometric vs systematic), the focus, and the findings of recent

literature reviews on Al. Specifically, a bibliometric literature review could be considered a quantitative

approach, analysing many articles, while a systematic literature review adopts a mainly qualitative approach

by examining a small set of articles. Indeed, due to the difficulty of qualitatively revising a large number of

contributions, the systematic literature reviews mentioned previously have used a restricted pool of articles

that rarely exceed 100 articles (Grover et al., 2022). With a CLR, we want to go further and try to qualitatively

investigate a large sample of articles to provide a timely and insightful analysis of the current literature on Al

in business organisational settings. Further details on the CLR method are provided in the following subsection.

Computational Literature Review

In recent years, there has been a proliferation of new journals and conferences leading to an exponential

increase in the existing literature (Mortenson & Vidgen, 2016; Wagner et al., 2022). Furthermore, due to this

growth in literature, scholars are relying heavily on literature reviews to inspect a particular research field
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(Badger et al., 2000). The increasing complexity and breadth of the scientific literature, along with the growing
importance of unbiased reviews, has led to the need for systematic and easily replicable literature reviews
(Antons et al., 2021). Systematic Literature Review (SLR) is conducted using a systematic, rigorous and easily
reproducible standard (Okoli & Schabram, 2010), this method is preferred to analyse today’s extensive
literature (Rowe, 2014) and to avoid any bias in article selection that is arbitrary in “Non-Systematic” reviews
(Martin Kunca, 2018). However, the difficulty of conducting this type of research has increased significantly,
with many researchers becoming discouraged by the time and effort required for such analyses and opting to
focus on empirical studies (Mortenson & Vidgen, 2016). These problems have made it necessary to adopt new
methods that allow the best practices of systematic literature review to be combined with computational
methods (Antons et al., 2021) that would, on the one hand, speed up content analysis and, on the other hand,
broaden the scope of reviews by identifying and extracting knowledge that would be precluded by manual
analysis (Boyd-Graber et al., 2017). One method that enables researchers to analyse large volumes of
documents in a rigorous and timely manner is CLR. defined as:

“A structured process intended to augment human researchers’ information processing capabilities
through the use of machine learning algorithms that help analyse the content of a comprehensive text corpus
in a specific knowledge domain (e.g., a research topic, academic journal, or scientific field) in a way that is
scalable and real-time capable.” (Antons et al., 2021)

CLR allows the automatic analysis of a dataset by identifying themes through topic modelling. It is
sometimes referred to as non-linear principal component analysis because it finds latent components (called
topics) that can explain variance in the data (Hindle et al., 2020). Topic models are algorithms capable of
discovering themes within a large number of unstructured documents by analysing the connections between
words contained therein (Blei, 2012). An example of a topic model is Latent Dirichlet Allocation (LDA), a
probabilistic generative model for the collection and analysis of unstructured data. LDA is applied to find
topics within a text on the basis of links between words and then classify texts according to the relevance of
the topics found within them (Blei et al., 2003).

Since the literature review process is composed of both time-consuming mechanical tasks and creative
tasks, the use of computational techniques such as Al algorithms could allow the researcher to concentrate

more on the steps that require human intellect, knowledge and expertise (Wagner et al., 2022). This process
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consists of an Al-human augmentation that helps the user to speed up the time required to perform part of the
analysis and, in parallel, have more resources to dedicate to the salient part of the research to acquire better
insights (ibid).
We perform the CLR following the guidelines provided by Antons et al., (2021), where they describe

a six-step process analysis:

1) Define a conceptual goal that motivates the review.

2) Operationalize the CLR by defining the boundaries that are going to be inspected.

3) Choose a computational technique that best suits the conceptual goal.

4) Perform content analysis by preparing the data and deploying the computational technique.

5) Generate original insights by observing the results provided by the computational analysis

6) Present the findings in a clear and accessible way.
In this research, we use the guidelines as a baseline to develop the Figure 1 framework we adopted to run our

CLR.

Research Method

The main purpose of this contribution, and thus our conceptual goal, is to explore and summarize the discussion
on Al in business and management studies. Hence, it was quite relevant to operationalize our literature review
by identifying the appropriate list of journals on which to perform the query in order to select the papers to
create  our dataset (Piitz & Werner, 2024). The Academic Journal Guide (AJG)
(https://charteredabs.org/academic-journal-guide-2021/) of the Association of Business Schools (ABS)
provides a list of journals classified according to the field of studies to which they belong and their ranking.
With regard to the fields, we considered those belonging to the organizational, management and business
sphere, such as: “Entrepreneurship and Small Business Management” (ENT-SBM), “General Management,
Ethics, Gender and Social Responsibility” (ETHICS-CSR-MAN), “Human Resource Management and
Employment Studies” (HRM&EMP), “Information Management” (INFO MAN), “Innovation” (INNOV),
“Management Development and Education” (MDEV&EDU), “Organizational Studies” (ORG STUD), “Public
Sector and Health Care” (PUB SEC), “Social Sciences” (SOC SCI) and “Strategy” (STRAT). For these fields,

in order to get more relevant results from the research, we considered journals with AJG ratings of 4* (grade
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4 journals that are recognized worldwide as exemplars of excellence), 4 (all journals with rating 4 publish the
most original and best-executed research) and 3 (3-rated journals publish original and well-executed research
papers and are highly regarded). The data were collected within Scopus (https://www.scopus.com/) since all
the journals we decided to incorporate into the search were available in the academic database. Specifically,
we performed a query in which we included all the chosen journals by entering their ISSN code and the
keyword “Artificial Intelligence”. We did not use time or other restrictions. The query returned 1175 articles
published between 1983 and 2022; citation and abstract data were exported in CSV format. We then described
our dataset using the R tool Bibliometrix (https://www.bibliometrix.org/) to extract some preliminary
information (Aria & Cuccurullo, 2017).

Our first task was the choice of the computational technique to be used. We initially performed an
impact analysis using the R programming language through the CLR library available on GitHub
(https://github.com/rvidgen/clr) to get quantitative data on the information contained in our dataset. Through
this analysis, it is possible to estimate the impact of a given paper, author and journal. To measure these
dimensions, the tool uses various metrics such as citation count, the impact factor (total citation count divided
by the total number of papers) and the h-index which is commonly used to assess the impact of researchers
(Hirsch, 2005). The h-index refers to the following ratio: a researcher with an index of 10 has published 10
papers each of which has been cited at least 10 times. The index is not devoid of problems, e.g., potentially
relevant new articles are underestimated due to fewer citations, or authors who have received many citations
for an article are penalized compared to authors who have fewer citations in many articles. However, it is
generally accepted to measure the impact of an author or journal.

We then focused on the content analysis of the papers by performing topic modelling using the Latent
Dirichlet Allocation analysis with the Text-Analytics LDA tool (https:/github.com/tqx94/Text-
Analytics LDA). We adopted LDA because it is the most popular method used for topic modelling (Jelodar
et al., 2019), and also, this method seems to have a higher level of reliability and accuracy compared to the
others (Shadikur Rahman et al., 2020). LDA is an unsupervised generative probabilistic model of a corpus that
allows the identification of a set of topics among multiple documents (Blei et al., 2003). Each document is
considered as a set of words that can be combined to form subsets of latent topics. The model assumes that the

corpus includes k topics and then distributes these topics across each document to see which one fits best. In
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this way, the analysis is more efficient because it avoids cross-checking every word with every document.

LDA algorithm can be summarised as follows:
M K N
PW.2,0,9,0.0 = [P@:0 | [P@sm | [P@s00PWs 0.,
j=1 i=1 t=1

Where a represents the document-topic density (the percentage that a document is associated with a determined
topic, if o < 1 the documents tend to diverge to the single topics) f represents the topic-word density (the
percentage that a word is associated with a determined topic) and 6 with ¢ representing multinomial
distributions of topics over documents and words over topics.

In order to perform the analysis, we had to clean our dataset. First, we deleted all the variables except
for those related to abstracts and document IDs, then we removed punctuation and stop-words and tokenised
the corpus to build the Document Term Matrix (DTM), which is a matrix that contains words and documents
as dimensions. We also removed the search term “Artificial Intelligence”, along with other recurring words
that might yield incorrect results, such as “Elsevier”, “Springer”, “Research”, and “Findings” (Mortenson &
Vidgen, 2016). When creating the DTM, we decided to tokenise the text using one or two words to avoid
ambiguity during topic analysis. In fact, some words have a different meaning when taken individually (e.g.,
Information and System instead of Information System). Since LDA is an unsupervised technique, the number
of topics to be used was chosen a priori. To better evaluate this choice, the tool calculated a coherence score
to find the best number of topics. Topic coherence measures the degree of semantic similarity between high-
scoring words in the topic. We then represented the words of each topic in a word cloud and, according to the
coherence score that the algorithm gave to every document, we used topic modelling results to analyse the
most representative contributions for each topic. Our goal was to discover how Al is implemented and deployed
within different topics and also to detect the most popular fields of research in recent years.

Figure 1 describes the research protocol we adopted to explore the literature using the CLR method.
We started from Antons et al., (2021) six-step model by describing for each one the specific activities
performed. In the analysis, taking into consideration Wagner et al., (2022) framework, we also provide
additional information regarding the process of defining the research objectives, the literature search phase and
the dataset cleaning. Moreover, we highlight the three tasks requiring iterations. More specifically, the first

iterative task regards the definition of the right query for defining the dataset. Since this type of analysis is
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often characterised by a dataset with thousands of articles, it becomes very difficult to perform a consistency

check for all articles. Defining the query is therefore a fundamental step in order to minimise noise within the

dataset that could negatively affect the outcome of the study. Subsequently, another iterative task is represented

by the content analysis phase, to properly set the parameters of the tools used for identifying computationally

the set of topics discussed in our dataset. In particular, the resulting topics are analysed and generated several

times (modifying the parameters) to understand if they are significant or could indicate potential bias in the

dataset. Finally, the third iterative task concerns the interpretation and the in-depth analysis of the most relevant

papers associated with each topic, that was performed by the authors of this study.

The final part of this research protocol involves finding possible patterns in the literature to gain

insights into the selected domain.

Dataset and CLR model creation

CLR deployement and implementation

7
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.
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Figure 1. Research protocol framework
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Results

In the subsequent paragraphs, we present the analyses performed on the dataset. First, we provide a quantitative
descriptive analysis of the bibliometric data along with an impact analysis, examining the influence of the
journals under consideration. Following this, we conduct a content analysis to explore the various topics related

to our study.

Descriptive analysis of bibliometric data

The analysis was conducted in February 2022. The dataset comprises 1175 articles, reduced to 1102 after the
data refining process, published in 86 sources with an average citation per document of 30,9. The oldest article
was published in 1983. According to Figure 2, since the first article, annual publications in the journals under
review have rarely exceeded 25 articles, with the only exception in 1994. In 2012 and 2013, there was an
increase in publications to over 75 articles annually, but the trend settled once again between 25 and 50 articles
in the following year. Finally, in 2021 there was a very significant increase in the number of published
contributions to over 200, corresponding to 17.9% of the total number of articles investigated. The graph shows
that this trend will likely continue in 2022, as the dataset was created in mid-February 2022, and the articles
are only slightly smaller than the total in 2020 and 2019.

By looking at Figure 3, we can assess that Artificial Intelligence in organisation studies is a topic with
worldwide relevance. The graph shows the most productive countries, according to the author’s affiliation, and
distinguishes between papers where the authors are from the same country (Single Country Publication - SCP)
and papers whose authors come from different countries (Multiple Country Publication - MCP). By looking at
the graph, the debate on Artificial Intelligence inside organisation studies is mainly developed in the USA. In
fact, they have a greater number of publications concerning the other countries (323 papers). The United States
is followed by the UK (74 papers) and China (64 papers). All the most productive countries have both single
and multiple collaborations. It is interesting to note that China and Iran are the only countries where MCP are
significantly higher than SCP, and China is also the second most collaborative region (38 papers) after the USA

(42 papers).
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Figure 4 represents the authors’ production over time. The dot size expresses the number of published articles,
while the intensity of the colour indicates the total citations per year. Over time, the two most productive
authors were Chen H. and Delen D., with 8 and 7 articles. Chen H. published from 1994 to 2010, while Delen
D. from 2011 to 2022. Chen H., Benbasat I. and Delen D. are also the authors that have the highest impact
within the dataset, with an h-index of 8, 6 and 5, respectively. Benbasat I and Chen H. are also the authors with
the highest citation count (956 and 941). Chen H. and Delen D. are also the authors that published the articles
with the highest impact (659 and 384 citations). Both papers were published in the journal Decision Support

System in 2004 and 2013. It is also interesting to note that, with the exception of Chen H., the articles that
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have had the most influence on the literature have been published in the last decade. Finally, similar to what is
represented in Figure 2, the results show how the topic interest has grown over time, especially in the previous
two years.

Studies on the application of artificial intelligence-based technologies in organisational settings are
published in various journals. In our search, we selected the best sources within the AJG ranking closely related
to organisation studies. Table 2 highlights the journal with the highest number of publications concerning the
research domain examined, the relative AJG ranking, and the AJG field.

The most prolific journals are Decision Support Systems, with 362 out of the 1102 articles and Journal
of the American Society for Information Science and Technology (JASIST), with 93 papers. The first four
sources account for about 55% of the total number of documents, all belong to the Information Management
branch, and all have a ranking of 3. Looking at the field of study and the journal ranking, we can see that most
papers (770) belong to the Information Management category. The ranking of the ten most impactful journals
also includes the Journal of Business Research, Journal of Environmental Management and Risk Analysis,
which belong to the categories of General Management, Ethics, Gender and Social Responsibility and Social
Sciences.

Of the 770 articles belonging to information management, 60 were published in journals with a rating
of 4* 51 in journals with a rating of 4 and 659 in journals with a rating of 3. It is very interesting to note that
the second most prolific category is social science, with 115 papers, of which two were published in journals
rated 4*, 32 in journals rated 4 and 81 in journals rated 3. Moreover, most of the papers in this field have been
published in the last four years. The results could suggest that academics increasingly inspect AI’s social and
ethical implications inside organisational settings. This trend may be explained by several factors, such as the
change in humans’ perception of Al-related technologies.

Table 2. Most recurring journals

Sources Articles AJ.G AJG Field of Study
Rating

Decision Support Systems 362 3 Info. Man.

J 01.1rna1 of the American Society for Information 93 3 Info. Man.

Science and Technology

Information and Management 84 3 Info. Man.

Information Systems Frontiers 66 3 Info. Man.

Journal of Business Research 57 3 Gen. Man,, Ethics, Gender and
Soc. Resp.
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Table 2. (Continued)

Information Systems Research 39 4% Info. Man.
Journal of Environmental Management 31 3 Social Sciences
Risk Analysis 27 4 Social Sciences
Government Information Quarterly 23 3 Info. Man.
Journal of Management Information Systems 21 4 Info. Man.

They are moving from being seen as mere objects to being perceived as digital beings (Dignum, 2018). This

phenomenon paves the way to new research frontiers in which Al is compared to human beings. Another factor

may be the acceleration of Digital Transformation in response to the COVID-19 pandemic, which increased

positive perceptions about digital work (Nagel, 2020). This last point could explain why the number of

publications has also increased in the fields of General Management, Ethics, Gender and Social Responsibility,

Human Resource Management, and Employment Studies.
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In this section, we explore the most relevant topics in our dataset by analysing the most recurring keywords

used by authors. The analysis could provide insights into the most related topics to our research domain and

their contribution to the literature. We divided the topic analysis into three parts:

1) The trend of the most used keywords.

2) Authors’ keywords co-occurrences.

3) Co-words analysis by using the thematic map to draw clusters of keywords based on the centrality and

density metrics.
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The analysis started with the distribution of the most used author keyword with at least ten occurrences in the
dataset (see Figure 5).

After artificial intelligence, decision support systems are the most used keyword in the dataset, with 217
occurrences, followed by machine learning, with 97 occurrences. Expert systems, big data, decision support,
digital transformation, big data analytics, neural networks and text mining complete the top 10 of the most
used keywords with more than 20 occurrences (39, 26, 26, 23, 21, 20, 20 respectively).

By looking at the frequency of the ten most used keywords, it can be seen that most of them were used
mostly in the last four years. For instance, the use of the keywords artificial intelligence, machine learning,
neural network and text mining increased from 2019. The only keywords that go against the trend are decision
support systems, expert systems and decision support. They were used the most in the period 2007 - 2013,
1985 - 1995 and 2010 - 2017 respectively. Finally, it is no surprise that big data, digital transformation and big

data analytics are the most recent keywords. They have started to be used in the last decade.

Top 38 used keywords

-01- ARTIFICIAL INTELLIGENCE (372)
-02 - DECISION SUPPORT SYSTEMS (217)
-03 - MACHINE LEARNING (91)
-04 - EXPERT SYSTEMS (39)
-05- BIG DATA (26)
-06 - DECISION SUPPORT (26)
-07 - DIGITAL TRANSFORMATION (23)
-08 - BIG DATA ANALYTICS (21)
-09 - NEURAL NETWORKS (20)
- 10 - TEXT MINING (20)
- 11- ROBOTICS (18)
- 12- AUTOMATION (17)
® -13- PUBLIC ADMINISTRATION (17)

15)
- 16 - KNOWLEDGE MANAGEMENT (15)

- 17 - ALGORITHMS (14)

- 18 - BIBLIOMETRIC ANALYSIS (14)

- 19 - DECISION MAKING PROCESS (14)

-20 - GENETIC ALGORITHMS (14)

-21- INNOVATION (14)

-22 - DECISION MAKING (13)

-23 - HUMAN RESOURCE MANAGEMENT (13)
-24 - INTELLIGENT AGENTS (13)

-25 - KNOWLEDGE-BASED SYSTEMS (13)
-26 - NATURAL LANGUAGE PROCESSING (13)
-27 - ORGANIZATION STUDIES (13)

- SIMULATION (13)

E£P LEARNING (12)

-30 - INDUSTRY 4.0 (12)

GEMENT (12)
ICE RESEARCH (11)
-34 - HEALTHCARE (11)

-35 - DECISION-MAKING (10)

-36- OPTIMIZATION (10)

-37 - SOCIAL MEDIA (10)

-38 - TECHNOLOGY (10)

2010°
2011

Number of occurrences @ 50 @ 100

Figure 5. Main keyword used in the dataset over time

For what concern the other 28 keywords, the frequency appears regular and in line with the annual
production, with the majority of occurrences in the last four years. There are some exceptions, for instance,
intelligent agents, model management and knowledge management, that were more used in the mid-1990s and

early 2000s. The most recent keyword among the most used is industry 4.0 first appeared in 2020.
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The co-occurrence network (see Figure 6) was created from the keyword with more than ten occurrences. The
nodes within the graph represent keywords that are connected to each other if they are both used in the same
document (co-occurrence). The thickness of the ties reflects the number of papers in which the keyword pair
appears. By looking at the graph, we can see the presence of three different clusters strictly related between

them:

o The blue cluster focus on artificial intelligence, the settings where Al is adopted and the related
technologies.

e The yellow cluster refers to the decision support systems, where they are used and the systems in
which they are implemented.

e The red cluster contains many technologies related to machine learning and two settings where ML

algorithms are broadly used, such as social media and healthcare sectors.
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Figure 6. Authors’ keyword co-occurrence
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Impact analysis

This study is useful to better identify the impact, in terms of citations, of the articles, authors and journals
analysed. After the data cleaning process, the analysis was carried out on 1148 articles, only 105 of them (88
out of 105 were published between 2021 and 2022) have zero citations. This can be interpreted as a sign of
quality with regard to the examined papers. In the appendix, we show the 20 most cited articles. They were
mainly published in the late 1990s and early 2000s. The most cited article is published in Information Systems
Research and is focused on studying how the alignment between business strategy and information systems
could improve business performance (Sabherwal & Chan, 2001). The exceptions are represented by some
recent contributions, published in the middle of the last decade, dealing with topics that are still relevant today,
such as the use of simulations within the supply chain (Tako & Robinson, 2012), the use of big data analytics
for decision support systems and predictive policing (Demirkan & Delen, 2013; Gerber, 2014). One of the
newest articles that belong to the top 20 of the most cited contributions is an introduction of a special issue of
California Management Review by Haenlein & Kaplan, (2019) in which they give a definition of Al (the same
given at the beginning of the article) and summarise some of the articles of the issue.

AJG fields impact - total production AJG fields impact - total citations

1% 19 1% 2% 0%
= o% | 1%
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Figure 7. Impact of the AJG fields for production and citation (total, normalized, and local normalized)
On the upper side, Figure 7 graphically represents the distribution of the number of articles (left) and the

number of citations (right) between the selected AJG fields. The two graphs express a similar path concerning

29



the field Information Management which accounts for respectively 70% of the articles in the dataset and 80%
of the total citations. The fields Social Sciences and General Management, Ethics, Gender and Social
Responsibility are the second most productive and impactful fields. The first one has more articles, but the
same percentage of citations with respect to the second one. All AJG fields (excluding Information
Management) have the percentage of 'productivity' articles higher than the percentage of 'impact’ citations.
Only the Innovation and Strategy fields reverse this trend, which could represent the presence of impactful
articles within these research areas. The lower side of Figure 7 illustrates the impact of the AJG areas
concerning the total and the local citations of the document normalised. The normalisation was done by
calculating the average citations per year of each document, summing the citations of the document that
belonged to a specific AJG field, and dividing them by the total number of articles in that field (mean of the
average citations per year). Results show a considerable difference with the upper graph. Concerning the total
citations of the documents, after the normalization the three most impactful fields are Strategy, General
Management, Ethics, Gender and Social Responsibility, and Organizational Studies. This graph not only shows
the support and the impact of all the AJG fields under exam in the AI debate but also underlines the importance
of the fields dealing with social, organisational and ethical studies within the domain. Although the three most
impactful fields in the lower right graph have only developed in recent years and have a limited number of
articles, they reached a significant relevance in the Al domain, a sign that there is increased attention to issues
concerning the effect and implications that Al can have on humans and organisations. Moreover, the graph
underlines the impact of the field Strategy, one of the few that has a percentage of productivity lower than the
percentage of citations. In Figure 7, we also analyse the AJG field’s impact concerning the local citations
(documents cited from the articles in the dataset) normalised. Results show the considerable relevance of the
field of General Management, Ethics, Gender and Social Responsibility, followed by Organizational Studies
and Public Sector. These three fields contribute in a significant way to the development of the discussion
concerning Al inside business and management studies, as they are the most cited from the top journals of the
AJG ranking contained in our dataset.

We have also represented the top 20 journals in terms of number of citations and impact (the ratio of a
journal’s total citations to its number of publications within the analysed data). Not surprisingly, most of the

journals with the highest number of citations are specialized in Information Systems (IS). The majority of them
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belong to the information management field of the AJG ranking. Interestingly, the journal with the highest
number of citations (almost four times as many as the second) is Decision Support System (see Table 3). This
highlights the importance of Al when it comes to decision-making support, especially in light of the
technological development in recent years. In fact, we have entered the cognitive generation of decision
support, which implements, within the platforms, all the new technologies that are positioned within the digital
transformation, such as AI (Hugh J. Watson, 2017). Lastly, Information Systems Research, although it has only
39 articles, is the third most cited journal (3468 citations). This trend is in line with the relevance of this
journal within the information systems field. As regards the journals with the highest impact, we noticed a
greater heterogeneity of research domains. They range from the AJG field of social sciences to strategy.
However, the Information Management component remains of paramount importance.

Table 3. Top 20 Journals ranked by citation count and AJG Area

Rank Journal Cited AJG Area
1 Decision Support Systems 14476 | Information Management
2 J. of the American Soc. for Inf. Sc. & Tech. 4434 | Information Management
3 Information Systems Research 3468 | Information Management
4 Information and Management 1600 | Information Management
5 Journal of Management Inf. Systems 854 Information Management
6 Journal of Business Research 716 General Man., Ethics, Soc. Resp.
7 California Management Review 680 General Man., Ethics, Soc. Resp.
8 Government Information Quarterly 577 Information Management
9 Journal of Environmental Management 570 Social Science
10 Information Systems Frontiers 508 Information Management
11 Environmental Science and Technology 500 Social Science
12 Risk Analysis 488 Social Science
13 Industrial and Corporate Change 460 Social Science
14 Research Policy 456 Innovation
15 Strategic Management Journal 454 Strategy
16 Journal of the Ass. for Information Systems 421 Information Management
17 Technovation 383 Innovation
18 Long Range Planning 301 Strategy
19 Information and Organization 198 Information Management

20 Journal of Strategic Information Systems 166 Information Management

Content analysis

The analysis was performed by constructing a topic model of the articles’ abstracts. After the data cleaning
process, we determined the number of topics (K) for our model. In order to select the proper number of topics,
we relied on the computation of the coherence score and on a manual analysis. Figure 8 graphically represents
the coherence score of our topic modelling analysis. Based on the score, we selected 15 topics that were

manually revised to assess whether they were consistent with the words contained in them and whether two or
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more, similar topics could be merged. We then named the topics and carried out some descriptive statistics to

better describe them.
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Figure 8. Topic Coherence Score
For assigning the name to each topic, we considered the 15 most frequent keywords characterizing each topic
and the corresponding most relevant articles. The 15 topics are related to the different research areas in Al
reviews, and they can be summarized as follows: 1) Societal Impact of Artificial Intelligence, 2) Data
Intelligence and Accessibility, 3) Al Implications in Public Services, 4) DSS/Human Relationship, 5) Expert
Systems Design and Development, 6) Project Evaluation, 7) IS Development Models, 8) Machine Learning
Techniques, 9) Environmental Studies, 10) Business Innovation towards Al, 11) Product/Service Improvement,
12) Research Evaluation, 13) Decision Support System Development, 14) Al Influence and Acceptance, 15)
Al Implications in Management.

The clusters related to the topics found are uniformly populated by a similar number of papers (m =
76.53, sd = 17.15). The only outlier is represented by topic 5 (Expert Systems Design and Development),
which has 123 articles. For each topic, we represented the number of publications between 1983 and 2022 to
determine the most recent trends in academic research. At the same time, we inspected the most important
journals inside each topic to see which AJG research field is predominant. Not surprisingly, the topics that
have had the highest number of publications in recent years such as Societal Impact of Artificial Intelligence,
Environmental Studies, Business Innovation towards Al, Al Influence and Acceptance and Al Implications in
Management, reflect many subjects considered of paramount importance by various companies in light of the
digital revolution. Another area that has seen an article increase in recent years is the Al Implications in Public
Services (topic 3), and this research field had another peak in the late 1980s coinciding with performance
management reform in the public sector (West & Blackman, 2015). Finally, the topic Machine Learning
Techniques has several peaks throughout the inspected period, but in the last period more articles have been

published on the subject. As for the journals contained in each topic cluster (m = 18.6, sd = 9.96), it is not
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surprising that for almost every topic the most important AJG research field was Information Management.
Topic 10 - Business Innovation towards Al and Topic 9 — Environmental Studies were the only exceptions, the
former with nearly 50% of the journals related to Human Resource Management and Employment Studies and
General Management, Ethics, Gender and Social Responsibility, and the latter with 86% of the journals related
to Social Sciences. Business Innovation towards Al, Al Implications in Public Services and Al Implications in
Management were also the topics with the highest number of journals, i.e. 32, 35 and 39, respectively. Many
topics focusing on a specific argument were represented by the relevant AJG field with a significant percentage.
For example, in topic 3 — Al Implications in Public Services, 22% of the articles refer to the AJG Public Sector
field, in topic 6 — Project Evaluation, topic 11 — Product/Service Improvement, topic 14 — Al Influence and
Acceptance and topic 15 — Al Implications in Management, a high percentage of the AJG research domains is
represented by General Management, Ethics, Gender and Social Responsibility. Overall, the most represented
topics in the AJG field are Information Management, with 808 articles, Social Sciences with 118 articles and
General Management, Ethics, Gender and Social Responsibility with 96 papers (see Figure 10). It is also very
interesting to note that until 2018 almost all articles published on Al belonged to the AJG Information
Management research area. Since 2019, however, research has also increased considerably in other areas and
especially in journals belonging to the areas of General Management, Ethics, Gender and Social Responsibility

and Social Sciences (see Figure 9).
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Discussion

After performing impact and content analysis, we decided to go one step further by specifically studying the
content of each topic. We believe that a more in-depth manual study of the literature in each cluster helps to
better understand the results of the topic modelling analysis and provides better insights. In our research, we
created a table in which, according to the score assigned by the algorithm to each document, we entered the
most significant papers for each topic, we then downloaded the entire text corpus of the articles and proceeded
to a deeper analysis to better identify the topics covered for each cluster. This further study allowed us to refine
the titles and extend our knowledge of each topic. We therefore give a brief description of each topic in the
following lines, citing the most significant sources for each of them.

Topic 1 — Societal Impact of Artificial Intelligence: It primarily discusses the relationship between our
social structure and new Al-based technologies, as well as the possible consequences of their massive adoption
in our society. The consequences are not always positive; several ethical, social and financial problems may
arise. The risks include the development of digital beings that do not respond to the moral laws of civil society
(Mulgan, 2019), the problems of acceptance of new technologies by users accustomed to using old ones, and
the role that governmental structures will play in this transition (Lundvall, 2017). The topic also discusses the
use of Al to improve the reliability and user experience of various communication tools such as forums and
blogs (Mousavi et al., 2020; Zach, 2012).

Topic 2 — Data Intelligence and Accessibility: Attention is paid to the use of search and clustering tools
to improve user experience (UX). In particular, we mention two case studies on the development of
multilingual search tools able to facilitate access to business intelligence information by non-English speakers
(Chung et al., 2004; Jialun Qin, Yilu Zhou, 2006), and a case concerning the development of new phrase
clustering methods for document classification (Xiaoyan Cai, 2011). Elizabeth Foss et al., (2013), on the other
hand, focus on the Internet search habits of a group of young Americans to make recommendations to
designers, educators and researchers to better educate young people in research.

Topic 3 — Al Implications in Public Services: The focus is on the increasing introduction of Al tools in
public administration and its results. Vogl et al., (2020) state that the adoption of Al tools within United
Kingdom local authorities, on the one hand, automates some processes, but on the other hand, creates a new

form of relationship with administrators called algorithmic bureaucracy in which they learn from each other.
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Wilson, (2022) conducted an analysis of Al implementation strategies in 16 countries, and his results denote a
lack of attention towards public engagement which is important to counterbalance the ethical and social risks
related to Al. Af Malmborg & Trondal, (2021) studied the adoption processes of European Union (EU) Al
policies by the Nordic countries, and their findings describe a high level of reception by the countries under
examination. However, countries with more organisational capacity are found to adopt EU policies on Al in a
more effective manner. Finally, Gao et al., (2021) inspect the Open Government Data (OGD) phenomenon by
identifying four stages of development. In this research, the author identifies a further phase in which Al
analytics and Internet of Things (IoT) will enable more value to be created from open data, therefore it will be
important to study the design of infrastructures for data collection and analysis.

Topic 4 — DSS/Human Relationship: The distribution of papers within this topic has several peaks over
the 40 years examined, indicating that the topic has always been of interest to researchers. The articles focus
on the role of DSS in facilitating people's tasks. The most recent papers investigate the confirmation bias
reducing the effect of DSS along with increased satisfaction in decision-making and the effect of interactive
analytic dashboards on users' cognitive abilities and tasks (H. H. Huang et al., 2012; Nadj et al., 2020).

Topic 5 — Expert Systems Design and Development: The discussion focuses on the development and
integration of expert systems, where Al is the basis of these systems that simulate human intelligence to
perform support tasks and strategic planning activities (Beeri & Spiegler, 1996; Goul, 1987).

Topic 6—Project Evaluation: The most significant articles on this topic focus on using Al to improve
risk management and project evaluation methods. Specifically, unsupervised statistical techniques such as
principal component analysis are applied to improve project control methodologies (Colin et al., 2015). Hu et
al., (2013) propose a framework for intelligent risk planning software that reduces project risks by predicting
project outcomes.

Topic 7 — IS Development models: Different types of information systems and their underlying models
are analysed. Pendharkar, (2007) examines the performance of distributed Al systems for production
scheduling, while Laitila & Virtanen, (2022) provide two new approaches to the use of the ranked nodes
method used in DSS systems.

Topic 8 — Machine Learning Techniques: this topic focuses on the development and use of Machine

Learning Techniques. ML is used for multiple purposes, some examples of which include the use of algorithms
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to develop DSS systems based on imbalanced datasets (Piri et al., 2018), the development of techniques for
bankruptcy prediction (K. C. Lee et al., 1996; Smiti & Soui, 2020) and the study of various approaches to

improve the accuracy of predicting the success of movies (K. Lee et al., 2018).
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Figure 10. AJG areas inside each topic and articles distribution over time

Topic 9—Environmental Studies: This topic discusses the use of Al algorithms in environmental studies. It
particularly discusses measuring the contamination of various chemical agents in water and air (Dashti et al.,
2018; Elzain et al., 2021).

Topic 10 — Business Innovation towards Al: This topic looks at the impact of Al and related

technologies on companies. Various areas are examined although, among the most significant articles, greater
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attention is given to the implementation method of new technologies and the effects they have on workers.
Sjodin et al., (2021) conducted an empirical study on six manufacturing companies engaged in Digital
Servitization and were able to identify the key Al capabilities for the development of a business model. Felten
et al., (2021) theorize and validate a new measure to study the effects of Al on employment and organizations.
These measures can be used to identify the sectors that are most affected by Al or the effect it has on markets
and organizations. Holm & Lorenz, (2021) studied the effect of Al on workers in Denmark and found a
difference in impact depending on job position and Al function.

Topic 11 — Product/Service Improvement: This topic refers to factors that threaten or contribute to the
improvement of a given product or service within a market. Grewal et al., (2021) give a framework to
understand the advantages and disadvantages of Al within the B2B and B2C sectors. Wang et al., (2018) focus
on the mobile app market to study the impact copycats have on original apps, suggesting a machine learning
method to detect them. Lappas et al., (2016) study the effect that fake reviews have on online visibility within
the hospitality industry.

Topic 12—Research Evaluation: This topic address particular research techniques, especially those
regarding measurement method refinement. However, we were unable to find any explicit reference to Al
within this topic. After a deeper analysis of the papers in this topic, we noticed that the articles were included
in the dataset because the keyword "Artificial Intelligence" was listed among the indexed keywords that Scopus
had assigned to each paper (indexed keywords are chosen by Scopus and are standardised to vocabularies
derived from thesaurus).

Topic 13 — Decision Support System Development: These articles focus on the development of
decision support systems to improve the effectiveness and efficiency of various tasks. Suzuki, (2009, 2012)
develops a system that saves the cost of petrol for couriers by altering the route of trucks so that they can fill
up at cheaper petrol stations, while Bandeira et al., (2009) develop a system for the efficient distribution of
containers within facilities.

Topic 14 — Al Influence and Acceptance: The main discussion in this topic refers to the interaction
between humans and Al-based technologies and, consequently, to the user’s reaction. Cheng et al., (2021)
study consumer response and trust in chatbots within e-commerce websites and identify attitudes towards them

in different situations. McLean et al., (2021) focus on the attributes of Al voice assistants that most influence
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consumer brand engagement, such as social presence and perceived intelligence. Upadhyay et al., (2021), on
the other hand, add to the research on digital entrepreneurship by identifying factors that contribute to the
entrepreneur's intention to embrace Al.

Topic 15 — Al Implications in Management: This topic discusses the impact that new technologies
based on Al have within companies and the practices that management should adopt to improve the outcomes
of digitization. Larson & DeChurch, (2020) identify 12 leader implications from digital technologies that affect
teamwork organization. Johnson et al., (2021) discuss the possibility of task automation in management
processes and its implications. Teodorescu et al., (2021) explore the debate regarding Human — ML
augmentation, especially the concept of ML fairness to reduce automated decision bias. They argue that the IS
research on the argument must be partially redesigned and expanded, thus opening new possibilities for IS
researchers. Finally, Pereira et al., (2021) review the literature on the impact of Al in the workplace,
contributing to the study of the effects of new technologies on human resource function.

Another objective of the content analysis was to assess the accuracy of topic modelling by detecting
closely related topics. We constructed a dendrogram using Hellinger’s Distance to determine the topic that
could be merged based on the similarity of the probabilistic distributions. In light of the results derived from
the in-depth examination of each topic, a very interesting result emerged, allowing us to identify two macro
topics within our research. Looking at Figure 11, when cutting the dendrogram at the highest point, we note
the presence of two clusters. The first one is composed of the following topics: 1) Societal Impact of Artificial
Intelligence, 2) Data Intelligence and Accessibility, 3) Al Implications in Public Services, 10) Business
Innovation towards Al, 11) Product/Service Improvement, 12) Research Evaluation, 14) Al Influence and
Acceptance, 15) Al Implications in Management. The second one encompasses: 4) DSS/Human Relationship,
5) Expert Systems Design and Development, 6) Project Evaluation, 7) IS Development Models, 8) Machine
Learning Techniques, 9) Environmental Studies, 13) Decision Support System Development. Looking at the
contents of each topic, one can easily see that the first cluster mainly refers to societal studies. In fact, the
various topics cover recurring themes such as the study of the impact that Al has on companies, public
administration and society. Secondly, they investigate how Al-based technologies can be used to improve work
at different levels of employment and to advance both new and widely used products and services. Finally, it

is crucial to note that a major recurring topic, especially in topic 14, is the personification of Al and the study
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of the human-Al relationship. The articles in the topics of the second cluster are mainly technical in nature.
They focus on the study of algorithms and statistical techniques to improve Al artefacts. The only exception is
Topic 4) DSS/Human Relationship, which is located in the second cluster due to its close similarity with Topic
13) Decision Support System Development. This allocation is due to the semantic similarity of the two topics.
In particular, the recurring presence of common words biases the algorithm into placing the topic within the
second cluster even though the main focus is on social studies. The two topics are, in fact, complementary and
respectively investigate the effect that DSS have on their users and the development of new applications for
the enhancement of operations.

Interestingly, most of the papers within the topics in the first cluster were published in recent years.
This is in line with what is seen in Figure 9. Since 2019, research on Al has increasingly specialised in the
social field, inspecting the impact and relationship between Al technology and humans. This phenomenon may
be explained by several factors, such as the change in humans' perception of Al-related technologies. They are
moving from being seen as mere objects to being perceived as digital beings (Dignum, 2018). This paves the
way to new research frontiers where Al is compared to human beings. Another factor may be the acceleration
of Digital Transformation in response to the Covid-19 pandemic, which increased positive perceptions about
digital work (Nagel, 2020). This could be an explanation of why the publications in the Public Sector and
Human Resource Management areas increased in 2021 (Figure 9).
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Figure 11. Topic affinity
In Figure 11 we highlighted the presence of the two macro clusters and, referring to the trend of publications

over the years (Figure 10), we specified for each topic whether it was declining, stable over time or emerging.
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We then focused on all the topics and for each of them, based on an in-depth analysis, we tried to identify
possible research opportunities (Table 4). In line with what was mentioned previously, we can also note that
the societal study cluster does not include any topics that have a declining publication trend. This seems to
confirm that the societal research branch of Al is currently emerging within the business discussion.

The studies that we have taken into consideration to discover possible research opportunities reflect
the results we have previously observed. We can distinguish inside them two main needs of further research:
the first one concerns the continuous improvement of artificial intelligence algorithms to make them more
accurate, reliable and unbiased, while the second focuses on the effects that this new technology can bring to
the social sphere, with specific reference to the organizational context.

Among the possible research questions, we noticed that in many topics, belonging to both macro-
clusters, the phenomenon of AI human augmentation is frequently observed. In particular, it might be relevant
to focus on the relationship that would be created between a human and a machine when the latter is brought
into the workplace and is assigned to work previously performed by humans (Pereira et al., 2021; Teodorescu
et al., 2021; Upadhyay et al., 2021). In addition, many studies give importance to the consequences that the
use of Al could have on users’ cognitive abilities and knowledge, since too much reliance on this technology
can lead towards a complete automation of decisions, causing users to lose the ability to make decisions (Nadj
et al., 2020; Pereira et al., 2021). Within this strand of research, much attention is also paid to the problems of
transparency and democracy of algorithms (C. D. Johnson et al., 2021; Teodorescu et al., 2021). These aspects,
often caused by bias during the design of applications at various levels, can lead to serious problems of
inequality and discrimination (Lundvall, 2017). Therefore, another possible aspect to be investigated lies in
the need to make artificial intelligence algorithms more explainable and to investigate possible consequences
(Alam & Mueller, 2022; C. D. Johnson et al., 2021; Véssing et al., 2022). Other studies also focus on the use
of Al for the improvement of environmental and social sustainability. As these two topics have been much
discussed within the literature in recent years (Nishant et al., 2020), it may be relevant to study the
consequences of using Al for addressing societal and environmental issues (Elzain et al., 2021; Suzuki, 2012).
Finally, some of the papers refer to the need for regulations together with precise guidelines for the
development of applications based on Al algorithms (Cabitza et al., 2021; Vogl et al., 2020). Since culture

differs depending on which part of the world is involved, it might be interesting to understand the efforts that
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various regulators and policymakers are making in different parts of the globe to address this issue (af

Malmborg & Trondal, 2021). In the following table, we seek to suggest possible future research directions

for each identified topic.

Table 4. Topic description and possible guiding question for future research

Topic Description Future Research Questions
Impact that AI What are the effects of new technologies on the world economic system and
Topic 1 — has in our society | social inequality?
Societal Impact | and possible What role does Al play in the development (or restriction) of human
of Artificial future societal knowledge and cognitive capabilities?
Intelligence and individual What are the ethical implications of using Al to moderate blogs and social

Implications in
Public Services

adoption in the
public sector

consequences networks? What are the effects on human behaviour and human cognition?
Can Al give a degree of empowerment in designing digital artifacts
Topic 2 —Data | Use of Al tools compared to the past? What are the most affected factors?
Intelligence and | for UX What is the impact that Al has in the development of software for content
Accessibility improvement protection and education? What are the factors contributing to its successful
implementation in this field?
Topic 3 — Al Results on Al What are the organizational and regulatory implications of adopting Al-based

technologies in the public sector?
Do national government strategies influence and foster Al adoption by
companies?

issues

Topic 4 — What is the impact and what are consequences that DSS based on artificial
Debate on user — | . . - .
DSS/Human . . intelligence algorithms capable of autonomously developing reports have on

. . DSS interaction \ > Sy
Relationship workers' cognitive abilities and knowledge?

Development and | During the digital era, an aspect of utmost importance concerned the correct
Tobic 5 — integration of implementation of an information system within an organization in order to
p expert system have a competitive advantage. Nowadays, since many companies are
Expert Systems L L. . . L.
. applications to adopting information systems based on Al algorithms, it is of paramount
Design and . : . . .
support tasks and | importance to compare the different case studies in the literature in order to
Development . .
planning understand: what are the factors that most contribute to the correct
activities implementation and use of an Al application within an organization?
What are the performances and reliability of an application based on deep
Topic 6 — The use of Al in learning algorithms designed for project evaluation under data overload and
Project project evaluation | high-risk conditions?
Evaluation processes Which are the main issues concerning the role of project manager in dealing
with Al project evaluation tools?
Today, Al is used as a support for the development of many software, what
. Al model o .
Topic 7—1IS are the most relevant aspects and/or criticalities resulting from human-
performance . .
Development machine collaboration?
measurement and . T .
models Is the impact of Al-human collaboration limited only to the technical level or
development . . .
does it have an effect on behavioural or psychological spheres?
Topic 8 — Development and Isit posmb!e to define guldelm.es fgr adopting/developing ML algorithms in
. . new and still unexplored organizational contexts?
Machine testing of ML - . . o .

. : Since Al tools are becoming pervasive in organizations and society, how can
Learning techniques and “ 0 . . o
Techniques applications we shape the concept of “Al ecosystem”? What are its main characteristics?

Which aspects should we investigate and with which perspective?
Topic 9 — Develop ment of How can Al be applied to measure and prevent environmental phenomena?
. Al applications . . - .
Environmental . How can Al be used to improve simulation models of environmental
. for environmental . . o .
Studies phenomena, and what could its social and political impacts be?
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Table 4. (Continued)

Since Al represents a breakthrough technology for organizations, how does
. . . Al affect IT values? How should we rethink theories and concepts related to
Topic 10 — Al impact inside IT values?
Busmegs companies and How and to what extent do Al capabilities change depending on the industry
Innovation results of Al tools | . . . . . .
. in which companies operate? Does it always represent a disruptive
Towards Al adoption . . . . .
technology, or could it sometimes be just a supportive or sustaining
technology?
Al used in What are the consequences of using Al to detect and counteract opportunistic
oreanizational behaviour among competitors?
Topic 11 — & What are the most important factors that enable organizations to use Al to
. contexts to . .
Product/Service enhance products. | €N&age with various stakeholders?
Improvement mnee p > | What are the consequences related to the use of a more explainable Al for
services and e . .
ractices corporate communication to the outside world? Does it apply to every type
P of company?
Topic 13 Al used to Whgt role does Al play in improv.ing decision-making processes to make
.. . business development more sustainable?
Decision improve DSS L . .
. Beyond the economic implications, which other aspects require further
Support System | effectiveness and | . . . .
. investigation, such as the social and the environmental ones? How could be
Development efficiency. . L
possible to find a balance among the three sustainability pillars?
What are the effects of the increasing use of Al applications on individuals
Debate on from an organizational, societal, and psychological perspective?
Topic 14 — Al AlHuman How is the Human/Al difference perceived in different work environments?
Influence and . . What are the main variables affecting the perception of Human/Al
Interaction .
Acceptance ocess differences?
p What could be the variables that influence (either positively or negatively)
the adoption of Al applications by individuals?
Implications that | What are the psychological and operational implications of hybrid human/Al
Topic 15 — Al Al teamwork?
Implications in | implementation What aspects can make the adoption of Al more transparent, fair and
Management brings to democratic?
management What are the effects of Al human augmentation in organizational settings?
Conclusion

In this research, we performed a CLR to explore the Al discussion inside business and management studies. In
parallel, thanks to the impact and content analysis, we also recognized in which journals and research areas
the discussion has developed over the years. Adopting an algorithm for topic modelling, we identified 15 topics
concerning the debate on Al in the corpus. We then confirmed our findings with an in-depth analysis of the
most significant literature within each topic. The results show a trend in recent years where research is much
more focused on the impact of Al on business, organizations and its societal and individual implications on
different stakeholders. Based on topic similarity, it is also possible to distribute the 15 topics into two macro
groups respectively representing the sociological and technical strands of research.

The contributions of the research are manifold. From a theoretical point of view, we provided an
outlook of the discussion undertaken inside the most impactful journals of the AJG ranking, by describing
descriptively and qualitatively the evolution of the underlying topic, their content and what are the main strands

of research. These aspects could provide a resource, particularly for early-career academics, by highlighting
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the most prominent theoretical frameworks applied in this field. This information is important also in
understanding the variations of each topic and how they are evolving to address the unique challenges
presented by Al in various contexts.

From a theoretical point of view, our study offers an overview of the discourse as reflected in the most
influential journals listed in the AJG ranking. We have meticulously described both descriptively and
qualitatively the evolution of the central themes, their content, and the main research strands within this
domain. This detailed analysis serves as a resource, especially for early-career academics, by elucidating the
predominant topic in the field. Such insights could be relevant not only to discerning the aspects of each topic
but also for understanding their dynamic evolution in response to the unique challenges posed by Al across
diverse contexts. Moreover, the CLR allows us to qualitatively analyse a large amount of data, providing
several advantages compared with other approaches. First of all, a very large number of articles can be
examined in terms of both content and impact. CLR also allows scholars to conduct research in a time-saving
manner, as it is quite difficult to analyse thousands of documents manually in a limited amount of time. This
method also enables a more efficient approach to the investigation of a specific research domain. The CLR
method also allows multi-domain literature to be analysed in a rigorous and replicable manner. Finally, we
hope that this article will help other researchers who intend to conduct a similar analysis by adopting the CLR
method. Consequently, we believe it is important to describe each step in detail to make the research as
replicable as possible. To this aim, we described in detail our proposed framework integrating the contribution
provided by Antons et al., (2021) and Wagner et al., (2022), adding some phases that could improve the clarity
of the research and the accuracy of the results. Additionally, following an iterative approach, we have
developed a series of potential future research questions aimed at delineating the key challenges in the domain,
especially focusing on socio-technical dimensions. These questions are intended to provide guidance for future
studies, offering perspectives and insights for academics delving into this swiftly changing area.

From a managerial perspective, this research contributes to the identification of two distinct research
strands and their publication trend. The study can offer insights to managers facing decisions on the adoption
of Al-based technologies by guiding them through the most impactful research studies published in leading
international journals so that they can be aware of its potentialities as well as some related criticalities. In

addition, many societal studies (first macro-cluster), along with possible research opportunities, focus on the
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ethical and psychological implications of Al adoption in organizations. These aspects are part of the
Responsible Al phenomenon, which aims, among other things, at making the principles of Al adoption more
transparent, fair and democratic. It is therefore of paramount importance that managers focus on the needs of
internal and external stakeholders in their AI adoption agenda’. In addition, it must be considered that due to
the dramatic increase in available data and the growth in computational power of technological devices, Al
algorithms can perform more challenging tasks, being able to represent a phenomenon in an increasingly
complex manner (Collins et al., 2021). However, as power and functionality grow, the potential problems
represented by bias and discriminatory and violent sentences grow as well, representing a risk that should not
be underestimated (Ntoutsi et al., 2020). A Time investigation recently reported that the company Open Al
developer of Chat GPT, one of the most popular Al tools of the moment, outsourced the task of defining and
labelling hate, violent and racist sentences to feed to the Al system in order to build a filter against this kind of
contents. Like other companies in the field, such as Meta, Google, and Microsoft, Open Al approached Sama,
a company that employs people from Uganda, Kenya, and India, with the aim to define inappropriate content
and make digital tools safe for the end users'’. As many public and private organisations are beginning to use
Al applications, the decisions of such systems could influence many people, increasing the scope of potential
problems related to social bias and ethical issues and the necessity to address them (Zuiderwijk et al., 2021).
Nevertheless, many questions remain unanswered: “How do the customs and culture of people predisposed to
labelling inappropriate content affect the outcome of Al applications?”, “Is there a proper way to train an Al-
based application with values that can be shared across different populations?”, “It is possible to reach an
understanding about a set of rules and policies that could regulate the design and the development of Al
applications?”. Since Al reflects the values of its developers, it will be significant to address these potential
issues in the future. Our hope is that this article will provide insight into the growing importance of social
studies within the Al debate and raise awareness among managers and policymakers. Finally, we provide some

insight about many critical aspects of Al implementation that could be addressed in future research.

° David Kiron, Elizabeth Renieris, and Steven Mills (2022), Why Top Management Should Focus on Responsible Al,
MIT Sloan Management Review. Retrieved October 2023: https://sloanreview.mit.edu/article/why-top-management-
should-focus-on-responsible-ai/.
"0 Billy Perrigo (2023), Exclusive: OpenAl Used Kenyan Workers on Less Than $2 Per Hour to Make ChatGPT Less
Toxic, Time. Retrieved October 2023: https://time.com/6247678/openai-chatgpt-kenya-workers/.
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Despite some similarities with bibliometric analysis, such as impact analysis and dataset description,
CLR goes further and provides the ability to qualitatively analyse articles by giving information about their
contents. However, this research has some limitations. First of all, the analysis is only based on abstracts and
not on the entire content of each paper. Even though the purpose of the abstract is “to facilitate quick and
accurate identification of the topic of published papers” (Peter Luhn, 1958), we argue that a more in-depth
analysis of the contents of the text corpus can improve the final results by providing further insights. Another
limitation concerns the breadth of the research, as we only examined a small portion of the publications on this
topic. A further step could be to extend the search beyond the AJG ranking and the Scopus database and cross-
reference other research databases such as Web of Science or Business Source Ultimate. Future studies might
also focus on the use of different analysis techniques and tools that could lead to further insights and reduce
algorithm biases. Nowadays, the proliferation of scientific literature increases the need for systematic,
replicable and rigorous literature reviews, as well as the resources needed to conduct them (Badger et al.,
2000). This study was the starting point of a research project, providing a first attempt to combine the
rigorousness of literature reviews and the advantages of computational techniques. Finally, we used the CLR
method as we needed to analyse a large number of articles in a semi-automatic way, trying to obtain, as a

preliminary result, a qualitative evaluation of their content.
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CHAPTER 11

Artificial Intelligence Bias, Fairness and Ethics: A Computational Literature
Review

Abstract. Due to the increasing adoption of Al technology in our society, this research aims to develop a
complete overview of the current debate on artificial intelligence bias, fairness and ethics in organisational and
business studies. To this end, we adopted the Computational Literature Review (CLR) method to conduct an
impact and a topic modelling analysis of the relevant literature, using the Latent Dirichlet Allocation (LDA)
technique. As a result, we identified and analysed 18 topics related to the selected domain. We further classified
those topics into 5 categories creating a clear distinction between the social and the technical nature of a bias
and its origins. Finally, focusing on the emerging topics, we proposed a set of guiding questions that might
foster future research directions. This study provides insights to scholars and managers interested in Al bias
and ethical issues and could be used also as a guide to perform CLR.

Keywords: Algorithmic Bias, Al Fairness, Computational Literature Review, Al Bias, Artificial Intelligence.

Introduction

In the organisational and business context, the implementation of Al technologies, along with their adoption,
often leads to some form of resistance, frequently related to a lack of trust from employees and managers
(Glikson & Woolley, 2020; M. H. Huang & Rust, 2018). Langer and Konig (2021) state that although trust in
Al could be mainly related to its effectiveness and efficiency, it could not be confirmed when considering
ethical issues. Such issues require careful attention to bias and fairness, and to this end, Al-based systems are
being accordingly reconsidered in favour of new approaches (Ntoutsi et al., 2020). In this scenario, firms that
design and implement these technologies must play an important part in addressing these issues in order to
make Al more explainable and transparent (D’Cruz et al., 2022; Martin et al., 2019).

Due to the increasing adoption of Al technology in our society, the interest of academics has also
increased, leading to new research, theories and questions (Makarius et al., 2020; Smith, 2020). Over the last
four years, studies on the societal impact of Al have increased exponentially, with a specific focus on ethical
implications and fairness (Smacchia & Za, 2022). Trust, transparency and explainability of Al are becoming

more and more relevant to many stakeholders, and expertise in phenomena such as responsible Al will become
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essential to everyone working in this field (Meghan Rimol, 2021). In addition, ethical aspects are not always
applied during the development of Al applications, revealing a disparity between technological and ethical
advancement. As a result, further research is needed on methods and tools to implement ethics into Al solutions
design and development as the field still seems to be emerging (Haenlein et al., 2022; Stahl et al., 2016; Vakkuri
etal., 2019).

In light of this, we aim to map and evaluate the organizational and business literature discussing Al
bias, fairness and ethical implications (Tranfield et al., 2003). More specifically, the objective of the present
document is to explore and describe the evolutionary trajectory of topics, as well as identify the journals and
articles that are distinguished for their contributions and relevance. Furthermore, our objective extends to
uncovering patterns within the literature that might be challenging to identify through the examination of a
restricted subset of articles. For this reason, we conduct a comprehensive review of a broad selection of
literature, in order to gain a holistic understanding of the phenomena, seeking to answer the following research

questions:

RQ1: What are the most relevant themes that emerge from the current body of literature within the

domain of Al bias, ethics and fairness? And what are the relationships between them?

RQ2: What are the topics related to Al bias, ethics and fairness that could foster future research

directions?

To achieve this research objective, we decided to perform a computational literature review (CLR). This
method allows us to conduct both quantitative and qualitative analysis across a large dataset by adopting an
inductive (top-down) approach, to provide a comprehensive overview of the domain (J. Xie & Jain, 2024).
CLR utilizes topic modelling to uncover latent themes by statistically analysing word usage patterns, thus
aligning with our aim (Blei, 2012). We preferred this approach to other literature review approaches, such as
bibliometric analysis, which predominantly employs quantitative methods to explore and investigate published
research (Lamboglia et al., 2020). In this context, the CLR approach proved also to be more appropriate than
a systematic review or a meta-synthesis, which, despite their rigour, are better suited for narrower inquiries

and wouldn’t be efficient for our analysis due to their intensive nature. Furthermore, CLR, with respect to other
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methodologies implements text mining and machine learning algorithms, automating time-consuming tasks in
the analysis and detection of significant patterns. This integration enhances the efficiency and effectiveness of
extracting insights from voluminous data sets. (Antons et al., 2021). The following theoretical background
section provides 1) further details on Al bias, fairness and ethics, ii) a summary of previous literature reviews
and 1iii) a description of the adopted research method. The presentation of the results, as well as their

implications and discussion, closes the contribution.

Theoretical Background

The significance of concepts such as Al bias and unfairness has grown significantly in recent years due to the
widespread adoption of this technology (Smacchia & Za, 2022). While Al offers numerous societal benefits,
it is important to adopt an ethical approach in Al design and development and use it to mitigate potential
negative outcomes due to different kinds of biases. Such an approach not only helps firms identify socially
acceptable opportunities but also prevents serious mistakes (Floridi et al., 2018). Al bias, akin to the broader
concept of bias, can be defined as a divergence in the outcomes generated by a particular system from the
established ground truth, leading to disproportionate advantages or disadvantages for certain groups or
individuals (Akter et al., 2021; Mehrabi et al., 2021). Although this definition is widely accepted in academic
literature, the conceptualisation of Al bias presents challenges, particularly in certain fields. These challenges
originate from different factors, such as historical, geographical, and ideological considerations, that
complicate the establishment of a universally accepted ground truth (Brickell, 2006). Addressing the presence
of biases in Al is a complex and challenging task. Bias can be present in various stages of the Al lifecycle and
could derive from various sources, such as the training data, the algorithms used in the Al solutions, or even
through the misuse of Al artefacts''. Furthermore, some kinds of biases are deeply embedded inside society
and can be particularly difficult to identify and mitigate (Schwartz et al., 2022). These biases, regardless of
their source, can lead to significant and sometimes critical issues. Instances of Al biases are extensively
documented in both the press and academic literature. For example, algorithmic biases in recruitment software

can lead to a preference for male candidates in traditionally men-dominated roles. Similarly, Al algorithms

! Michael Chui, James Manyika, and Mehdi Miremadi: What AI can and can’t do (yet) for your business. Retrieved
April, 2024 from: https://www.mckinsey.com/capabilities/quantumblack/our-insights/what-ai-can-and-cant-do-yet-for-
your-business.
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used for mortgage evaluations often result in higher interest rates for race minority applicants'?. In parallel,
biases embedded in historical data can cause serious issues in healthcare, where Al systems may deliver better
services to white patients simply because they represent the majority of the data (J. Huang et al., 2022). In the
judicial system as well, predictive policing algorithms can unfairly target specific races or genders based on
historical crime data, leading to disproportionate enforcement against these groups (Richardson et al., 2019).
While significant steps have been taken to mitigate bias and ensure algorithmic fairness, the rapid evolution of
Al technology demands a proactive and continuous effort to develop and refine strategies for bias mitigation.
It is important to enhance the accuracy and fairness of Al systems and ensure they deliver equitable benefits

across diverse societal groups (Gichoya et al., 2023; Richardson et al., 2019).

Previous Literature Reviews

We examined the existing literature reviews on this research topic, summarised in Table 1. We performed a
query on Scopus, Web of Science, and Google Scholar and selected all the literature reviews that were in line
with Al ethics, bias, and fairness in organisational and business studies. Analysing previous literature reviews,
we found out that they are systematic literature reviews based on a limited set of papers. Our aim is to give a
broader overview of the domain, considering a larger dataset composed of more than a thousand articles, trying
to investigate the topic using both a quantitative and a qualitative perspective. This approach could benefit
both researchers and practitioners who are willing to have a broader overview of the most discussed topics,
relevant sources, and most cited articles in the most impactful journals in business studies. Moreover, it could
be useful to have a comprehensive overview of the patterns between topics and fields of study emerging from
the literature that are difficult to find within a narrow dataset.

Table 1. Literature review comparison

Authors Methodology Focus Findings
Identify the central The authors prov1de a t1mehn§ of thq mqst
L important milestones concerning Artificial
. . . ethical issues related to . o
Literature review of Al ethics . Intelligence and a description of several
Meek et . . Al and then isolate L oe. .
contextualised into four ethical issues related to Al. In conclusion,
al., (2017) management

categories using PEST tools. they also make some recommendations to
address Al ethical issues along with gaps

for future studies.

recommendations by
analysing those issues.

12 Mitra Best, Al bias is personal for me. It should be for you, too. Retrieved April, 2024:
https://www.pwc.com/us/en/tech-effect/ai-analytics/artificial-intelligence-bias.html.
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Table 1. (Continued)

Systematic lit. Review
& case study 56 articles

Fairness and

The authors identified methods to measure
and mitigate discrimination in learning

Riazy etal, gathered from different | explainability in analytics. In th.e secqnd part Of t he paper,
(2021) . . . they apply their findings to mitigate

databases published learning analytics. LY .

before 2021 dlscrlmmatl.on p.robl‘ems in an open dataset

) (students with disability).

Systematic literature The authors provide a framework to

Akter ot al review and thematic Sources of algorithmic | describe three major algorithmic biases in
” analysis on 40 papers biases in data-driven DDI phases together with guidelines to

(2021)

published between 2016 | information (DDI). address these biases focusing on data,

and 2020. method and managerial capabilities.

Systematic lit. review of | Al ethics principles and . .
Khan et al., 27 primary studies factors that could Tﬂi;uiggrjnﬁi%ggﬁﬁi 1212irelthlf(;?:iors
(2022) published before negatively impact the P Pe icial i “g. &

February 2021. adoption of AL concerning artificial intelligence.

Systematic lit. review The authors discovered eight theoretical

aI}ll d thematic émal sis of concepts concerning algorithmic biases
Kordzadeh and 56 papers publishz d and studied their relationships. They also
Ghasemaghaei, between 2010 and 2019 | Algorithmic bias. g?sl(rzlliz(sie(()iutthtehziﬁ (;Slt fégiie;nfioggseipg trlllally
(2022) (scholarly journal and i

conference
proceedings).

implications of algorithmic bias, whereas
only a limited number of studies
empirically examined them.

van Giffen et al.,
(2022)

Systematic problem-
centred literature review
of 68 articles.

Machine learning biases
in business, IS and
marketing studies

The authors identified eight distinct ML
biases and mapped them. They also
proposed twenty-four bias mitigation
methods and a conceptual model to
illustrate the application of ML algorithms
in marketing that helped them to analyse
the biases in a case study.

Systematic lit. review
and qualitative synthesis

The authors found fourteen digital ethics
implications associated with digital

ésohzozl; ctal, of 59 papers published dElthllt(; Ttlelzfn(l)(flﬁliler; technologies archetypes. Then they
in 43 journals between & & mapped every archetype based on the
2018 and 2021 presence of the ethical implications found.

Computational Literature Review

In this study, we use these guidelines as a baseline, adapting the framework proposed by Smacchia and Za
(2022) to run our CLR (figure 1). For each of the six steps we provide additional information regarding the
activities to carry out the analysis. Moreover, we highlight three tasks that require iterations to minimise
possible bias. First, the definition of the query is a critical part of the study because the creation of the dataset
to be analysed depends on it. Since this type of analysis is often conducted on a large number of articles, it
becomes quite difficult to examine the consistency of each paper. It is, therefore, essential that the query is
repeated several times, paying attention to the inclusion and exclusion parameters of the articles to avoid
generating unnecessary noise within the dataset. Similar to the query definition part, the content analysis step
also requires some testing before the parameters for analysis can be set correctly. In particular, the topics

resulting from the analysis are generated and analysed several times to assess their relevance in the reference
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domain. Finally, the interpretation of the results, which is conducted by the authors, is reiterated many times.
The analysis is performed following a bottom-up approach, first studying individual topics and then repeating

the analysis for other possible clusters of topics at a higher level.
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Figure 1. Research protocol adapted from Smacchia and Za, (2022)

Material and methods

The main purpose of this contribution, and thus our conceptual goal, is to explore and summarise the debate
on Al bias, fairness and ethics in organisational and business studies. Hence, it was quite relevant to
operationalise our literature review by identifying the appropriate list of journals to query in order to select
papers to create our dataset. The Academic Journal Guide (AJG) of the Association of Business Schools (ABS)
provides a list of journals classified according to the field of studies they belong to and their ranking. We

included all the journals in the ranking. The data were collected within Scopus since all the journals we decided
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to incorporate into the search were available in this academic database. Specifically, we performed a query in

which we included all the chosen journals by entering their ISSN code and the following query:

TITLE-ABS ("deep learning” OR "artificial intelligence" OR "machine learning” OR "neural networks")
OR AUTHKEY (“deep learning” OR "artificial intelligence” OR "machine learning" OR "neural
networks")) AND (TITLE-ABS ("bias" OR "injustice” OR "ethics" OR "fairness" OR "trust") OR

AUTHKEY ("bias" OR "injustice” OR "ethics" OR "fairness" OR "trust")) AND ISSN...

We chose not to include Scopus index keywords because they are often inaccurate and generate a lot of noise
in the dataset. We did not use time or other restrictions. The query returned 1217 articles published between
1981 and 2022; citations and abstracts data were exported in CSV format. The downloaded dataset was also
revised and cleaned. In particular, the occurrences lacking author information (errata articles as well) were
deleted and, where possible, the papers with missing abstract were integrated. In the end, the analysis was
conducted on 1198 articles. We then analysed our dataset using the R tool Bibliometrix for a preliminary
description.

Our first task was to choose the computational technique to be used. We initially performed an impact
analysis using the R programming language through the Bibliometrix package (Aria & Cuccurullo, 2017) to
get quantitative data on the information contained in our dataset. Through this analysis, it is possible to estimate
the impact of a given paper, author and journal. To measure these dimensions, the tool uses various metrics
such as citation count, the impact factor (total citation count divided by the total number of papers) and the h-
index which is commonly used to assess the impact of researchers (Hirsch, 2005). We then focused on the
content analysis of the papers by performing topic modelling using the Latent Dirichlet Allocation analysis
with the lda package. We adopted LDA because it is the most popular method used for topic modelling (Jelodar
et al., 2019). Also, this method seems to have a higher level of reliability and accuracy compared to others
(Shadikur Rahmane, 2020). LDA is an unsupervised generative probabilistic model of a corpus (Blei et al.,
2003) that allows the identification of a set of topics among multiple documents. Each document is considered
as a set of words that can be combined to form subsets of latent topics. The model assumes that the corpus

includes k topics, and then distributes these topics across each document to see which one fits best. In this way,
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the analysis is more efficient because it avoids cross-checking every word with every document. LDA

algorithm can be summarised as follows:
M K N
PW.2,0,9,0.0 = [P@:0 | [P@sm | [P@s00PWs 0.,
j=1 i=1 t=1

Where a represents the document-topic density (the percentage that a document is associated with a
determined topic, if a < 1 the documents tend to diverge from the single topics)  represents the topic-word
density (the percentage that a word is associated with a determined topic) and 6 with ¢ representing
multinomial distributions of topics over documents and words over topics.

In order to perform the analysis, we had to clean our dataset. First, we deleted all the variables except
for those related to abstracts and document IDs, then we removed punctuation and stop-words and tokenized
the corpus to build the Document Term Matrix (DTM), which is a matrix that contains words and documents
as dimensions. In the DTM rows correspond to the documents, and columns correspond to the terms, therefore
it is essential to inspect the frequency of terms inside a document collection. We also removed all the terms in
our query, along with other recurring words that might yield incorrect results, such as “Elsevier”, “Springer”,
“Research” and “Findings” (Mortenson & Vidgen, 2016). When creating the DTM, we decided to tokenise the
text using one or two words to avoid ambiguity during topic analysis. In fact, some words have a different
meaning when taken individually (i.e. Information and System instead of Information System). Since LDA is
an unsupervised technique that discovers patterns from untagged data, the number of topics to be used was
chosen a priori. To assess the value of K we used the cross-validation procedure based on the perplexity that
measures how well a probabilistic method can predict a sample (lower levels of perplexity can better predict a
sample). To this end, we used the R package ldatuning, setting the algorithm for values from 1 to 100. To
discover the value we used four metrics, CaoJuan2009 (Cao et al., 2009), Arun2010 (Arun et al., 2010),
Griftiths2004 (Griffiths et al., 2004) and Deveaud2014 (Deveaud et al., 2014), where the first two has to be
minimised, while the others has to be maximised. After the cross-validation procedure, we further analysed the
results to assess the correctness and the significance of each topic and, hence, to validate the number “K”
selected. According to the theta parameter (distribution of topics over documents) that the algorithm assigned
to every document, we used topic modelling results to analyse the most representative contributions for each

topic (the complete list is available at: https:/bit.ly/3K1EbML). More specifically, the theta parameter
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represents the probability that a document is contained in a certain topic. Hence, the documents selected were
the most representative of each topic. Our goal was to discover how Al is implemented and deployed within
different topics and also to detect the most popular fields of research in recent years. Figure 1 describes the
research protocol we adopted to explore the literature using the CLR method. The part dealing with output
interpretation and article in-depth analysis within the framework should follow an iterative cycle to have more
precise and significant results. In fact, it is necessary to repeat the analysis several times to reach an output that
is as relevant and reliable as possible. To find hidden patterns in the analysed literature we used the R package
LDAuvis (Sievert & Shirley, 2015). This interactive interface allows the visualisation of topics estimated by the
LDA algorithm and it could be used to see the most associated keywords within each topic as well as a global

distribution of these topics, including their similarities and differences.

Results

In this section are presented the results obtained from the impact analysis and the content analysis described

in the methodology section.

Impact Analysis

The impact analysis was conducted to have information about the impact of the areas in which papers related
to the selected domain are published. Moreover, thanks to the citation count and H-Index we assessed the
impact of individual articles and the journals, gaining insight into the trend of publications and which field has
acquired a relevant position in the debate. As regards article citations, only 230 (less than 20%) of them have
zero citations (only 13 articles published before 2021) underlining the relevance of the papers in our dataset.
The 20 most cited papers (the complete list is available at: https://bit.ly/3K1EbML) are distributed between
1998 and 2020 (10 articles published before 2016 and 10 articles published after). It can be noted that the
oldest articles are represented mainly by technical studies with the aim of developing or enhancing Al
algorithms. The majority of the newest studies adopt a social or organisational perspective investigating issues
concerning the evolution of Al or the effect and/or the impact of Al adoption, suggesting a widening of the Al
research stream integrating the technical issues with societal perspectives. We have also represented the top 20
journals in terms of number of citations with the H-Index, AJG Area and ranking (Table 2). Looking at the

relevant AJG fields of the most cited journals we can observe a great variety of research domains, which is a
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sign of a wide breadth of topics discussed concerning Al-related ethical issues, fairness and biases. Specifically,
the most representative field in the ranking is Information Management followed by Operations Research and
Management Science, Economics, Econometrics and Statistics and General Management, Ethics, Gender and
Social Responsibility. Looking at both the AJG field and the source name, a distinction can be made between
the journals that are focused on societal and organisational studies and those that focus more on technical and
mathematical research. This confirms the same distinction recognised for the most representative articles.

Table 2. Top 20 Journals ranked by citation count and AJG Area

Journal H-Index Citations AJG Area AJG Rank
Annals Of Statistics 5 3326 Econ. and Statistics 4*
Expert Sys. with Applications 25 2719 Information Management 1
Computers in Hum. Behavior 18 1125 Information Management 2
Int. Journal of Inf. Man. 12 1119 Information Management 2
Ethics and Inf. Technology 16 944 Information Management 1
Journal of Cleaner Production 12 687 Tourism and Sector Studies 2
Journal of Service Man. 4 567 Tourism and Sector Studies 2
Euro. J. of Operational Res. 7 478 Op. Res. and Manag. Sci. 4
Journal Of Business Research 11 471 Man., Ethics and Soc. Resp. 3
Decision Support Systems 11 427 Information Management 3
Business Horizons 7 422 Man., Ethics and Soc. Resp 2
Reliability Eng. & Sys. Safety 4 410 Op. Res. and Manag. Sci. 3
Evolutionary Computation 5 407 Op. Res. and Manag. Sci. 3
Management Science 4 397 Op. Res. and Manag. Sci. 4*
J. of the Acad. of Market. Sci. 1 366 Marketing 4*
Econometrics Journal 2 360 Econ. and Statistics 3
Int. J. of Human Comp. Stud. 6 343 Information Management 2
IEEE Trans. on Evo. Comp. 7 342 Op. Res. and Manag. Sci. 4
Info. Processing and Manag. 9 270 Information Management 2
Psychological Review 3 261 Psychology (General) 4

In the impact analysis we also inspect the most prolific journals in order to assess their interest on the analysed
topic (Table 3). Although there is an overlapping with the previous table, there are some differences that
deserves attention. Concerning the number of contributions, the field Information Management is prominent
with eleven journals contained within the top 20, followed by the fields Operations Research and Management
Science and General Management, Ethics, Gender and Social Responsibility. With regard to the Information
Management field, the majority of journals are ranked 2 and 1, while the only journals ranked 4 belong to
Operations Research and Management Science. Overall, there is a wide variety of journals and fields interested
in the topic, given the 417 sources that have published at least one paper concerning Al bias, ethics and fairness.
The top 20 journals in Table 3 account for about 35% of the total publications with the Information

Management field that is the most interested in the topic and also inspects it from both a technical and a societal
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point of view. Similar to what was observed in the most cited journals, also in Table 3 other fields that are
mainly involved in social, psychological and ethical studies are starting to investigate this phenomenon as well.

Table 3. Top 20 Journals ranked by production and AJG Area

Journal Contributions Citations AJG Area AJG Rank
Expert Sys. with Applications 91 2719 Information Management 1
Ethics and Inf. Technology 52 944 Information Management 1
Computers in Hum. Behavior 39 1125 Information Management 2
Info. Processing and Manag. 22 270 Information Management 2
Information Systems Frontiers 21 187 Information Management 3
Journal of Business Research 20 471 Man., Ethics and Soc. Resp. 3
Int. Journal of Inf. Man. 18 1119 Information Management 2
Journal of Business Ethics 16 219 Man., Ethics and Soc. Resp. 3
Decision Support Systems 15 427 Information Management 3
IEEE Trans. on Cybernetics 15 130 Op. Res. and Manag. Sci. 3
Journal of Cleaner Production 15 687 Tourism and Sector Studies 2
Euro. J. of Operational Res. 13 478 Op. Res. and Manag. Sci. 4
IEEE Trans. on Evo. Comp. 12 342 Op. Res. and Manag. Sci. 4
E. Commerce Res. and App. 11 163 Information Management 2
Expert Systems 11 53 Information Management 2
British J. of Edu. Technology 10 122 Information Management 2
Business Horizons 9 422 Man., Ethics and Soc. Resp. 2
Human Factors 9 23 Psychology (General) 3
Int. J. of Human Comp. Stud. 9 343 Information Management 2
Int. J. of Production Research 9 152 Ops. and Tech. Management 3

Focus on the Senior Scholars List of Premier Journals of ALS

In our analysis, we have also decided to focus on the most impactful articles of the Senior Scholars list of
premier journals of the Association for Information Systems (AIS). We gathered all the documents belonging
to the list and calculated the average citations per year (the total number of citations divided by years of
publication). Since the journals on this list are considered the most relevant within the IS field, our aim is to
give an overview of their contribution to the debate on Al ethics, bias and fairness. Table 4 contains the ten
articles ordered by average citations per year. The most impactful one was published by the Journal of
Management Information Systems in 2018. Moreover, half of the articles belong to the journal Decision
Support Systems which is also the most prolific and cited venue along the AIS senior scholar list. Inside the
table, there are also two contributions published by Information Systems Research, one belonging to MIS

Quarterly and one to European Journal of Information Systems.
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Table 4. Top 10 impactful articles of the Senior Scholars list of premier journals

Avg.
Mes.o Authors Title Year | Journal cit.
Topic per
year
Detecting Review Manipulation on Online Journal of
N. Kumar et . . . . Management
3 Platforms with Hierarchical Supervised 2018 . 15
al. (2018) . Information
Learning
Systems
3 Eslami et al. Which online reviews do consumers find most 2018 Decision Support 14
(2018) helpful? A multi-method investigation Systems
Zhang et al. A computational fran}ework. for understanding Decision Support
3 (2018) antecedents of guests’ perceived trust towards 2018 Systems 12
hosts on Airbnb ¥
Transparency and accountability in Al
4 B. Kim et al. decision support: Explaining and visualizing 2020 Decision Support 1
2020) convolutional neural networks for text Systems
information
A text analytics framework for understanding
1 Zhang et al. the relationships among host self-description, 2020 Decision Support 10
(2020) trust perception and purchase behaviour on Systems
Airbnb
Failures of fairness in automation require a MIS Quarterly:
Teodorescu et . Management
2 deeper understanding of human—ml 2021 . 9
al. (2021) . Information
augmentation
Systems
X Geva and Em;;(mcal evalueglo.n of an autqmated 1ntr.aday Jot4 Decision Support .
Zahavi (2014) stock recommendation system incorporating Systems
both market data and textual news
4 Ransbotham et | Special section introduction: Ubiquitous IT 2016 Information 3
al. (2016) and digital vulnerabilities Systems Research
3 Schanke et al. | Estimating the impact of “humanizing” 2021 Information 7
(2021) customer service chatbots Systems Research
4 Mikalef et al. | Thinking responsibly about responsible Al and 2022 ﬁﬁgﬁ;&ojﬁumal of 5
(2022) ‘the dark side’ of Al
Systems

Inside the contributions taken into exam, a distinct duality can be detected. From one side, many articles
discuss and investigate the dark side of Al, underlying how in recent times it is necessary to pay attention to
unintended and dangerous consequences resulting from the implementation and use of an Al artefact. On the
other side, Al techniques are used to address ethical and trust issues that could undermine people in various
settings.

As Al's importance and use are increasing, so is the number of potential issues that could cause serious
damage to individuals, organizations, and society. Aspects such as increasing decision-making autonomy,
ubiquitous presence, lack of transparency, and increase of available data worsen the scenario if an Al artefact
produces biased outcomes, because, for instance, it could affect an increasing people and could take into

account sensitive data (Ransbotham et al., 2016). Moreover, it could be difficult to assess the presence of bias
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and define mitigation strategies in many cases (e.g., there is no error in the data, but the identified issue is
related to underlying societal behaviour or beliefs) (ibid). Due to the increasing attention to such issues,
concepts such as responsible and explainable Al have become highly relevant in the IS field. It is considered
of paramount importance to investigate from a socio-technical standpoint ways to make Al outcomes more
transparent, fair, secure and accountable, trying to address possible issues (Mikalef et al., 2022). In this
scenario, there are papers that focus more on how to reduce and mitigate bias from a technical point of view,
proposing novel methods and algorithms that allow an increasing performance or understandability of the
outcome (Geva & Zahavi, 2014; B. Kim et al., 2020). Other studies focus on inspecting the effect that Al has
on people and organizations and proposing guidelines and suggestions to managers and regulators to address
possible issues. Teodorescu et al. (2021) explore and explain how human-Al augmentation could contribute to
enhancing fairness. To this end, they provide an explanation of criteria that are used to improve fairness in ML
models. Afterwards, they build a matrix in which they recognise four different kinds of Al augmentation
settings and for each of them provide the relevance for the IS field and suggestions to managers on how to
address every situation. Schanke et al. (2021) focus on assessing the impact of anthropomorphism on Al
chatbots. The authors conduct a field experiment with a clothing retailer company to see how people react
when a chatbot is humanized. They also give recommendations on when it is appropriate to anthropomorphise
a chatbot.

In Table 4 there are also some papers that use Al to mitigate ethical issues and inspect people’s
perceptions concerning different settings in online platforms. N. Kumar et al. (2018) The article is focused on
developing a robust method for detecting online review manipulation. They use supervised learning techniques
and combine univariate and multivariate distributions derived from the reviews metadata to build a model that
could detect more effectively the presence of manipulation. The paper addresses an important topic for both
consumers and firms, since fake reviews could represent a serious harm. Other contributions are focused on
the use of Al to inspect people's attributes concerning different online platforms, such as the perceived trust of
guests towards hosts on Airbnb (Zhang et al., 2018, 2020) and which characteristics of the online review have
more impact on the perceived usefulness of the reviews (Eslami et al., 2018). In the discussion section we
provide further explanation about these articles in light of our findings and give avenues for future research

direction.
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Content Analysis

After the data cleaning process, we performed a topic model analysis on the articles’ abstracts. Since the LDA
technique is an unsupervised learning algorithm, we had to determine the number of topics (K) a priori. Figure
2 graphically represents the distribution of topics (the y-axis indicates the level of perplexity, and the x-axis

represents the number of topics).
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Figure 2. Selection of the number of topics (K)
To assess the correct number of topics to select, we selected the range at which the four distributions were
closest. Based on the results represented in Figure 2, our range went from 15 to 30 topics. To decide how many

of them to consider, we did an iterative analysis inspecting the results of the LDA distribution for each number
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of topics in our range. Looking at the results, we noticed that for a higher number of topics selected, there was
a strong similarity between. Looking at the results, we noticed that the higher the number of topics (K) selected,
the more similar individual topics were. After several iterations, we concluded that the correct number to select
was 18 topics. As a further step, we manually inspected the single topics to determine the consistency and
accuracy with respect to the documents contained inside them and also to see if two or more topics could be
merged together.

The 18 topics are related to different aspects of Al bias, fairness and ethics inside organisational and
business settings. They can be summarised as follows: 1) Al to predict customer intentions and the implications
on privacy, 2) Al to predict system performances, 3) Trends, performances and biases of artificial neural
networks (ANN), 4) Content analysis on Al tools, 5) Machine learning for prediction and classification, 6)
Using digital technologies to overcome barriers inside enterprises, 7) Al to control network performances, 8)
Learning analytics in education, 9) Reducing bias in ML algorithms, 10) Machine anthropomorphism, 11)
Natural language processing (NLP) and image recognition training to reduce error, 12) Bright and dark side of
Al in the public sector, 13) Al tools for monitoring social media, 14) AI & big data in finance, 15) ML to
predict quality of service in healthcare, 16) Al fairness in decision-making, 17) Al becomes human, 18)
Explainable Al to build trust between human and machine (see Table 5 for further details).

The number of documents contained in each topic varies between 40 and 80 (m = 66.56, sd = 15.91).
The only two outliers are represented by topics 1 - Al to predict customer intentions and the implications on
privacy and 2 - Al to predict system performances, which include 115 and 86 articles, respectively. For each
topic, we represented the number of publications between 1981 and 2022 to determine the most recent trends
in academic research. At the same time, we inspected the most important journals inside each topic to see
which AJG research field is predominant. Every topic found had a relevant number of publications in the years
2021 and 2022, with the number of articles increasing by up to ten times. For instance, topic 17 - Al Becomes
Human and topic 6 - Using Digital Technologies to Overcome Barriers Inside Enterprises went from an average
of 1.1 and 2.4 articles, respectively, in 2019 to 14 and 34 articles in 2022. With particular regard to topic 17 -
Al becomes human, the interest of academics dealing with organisational and social studies has significantly
increased in recent years due to technological advances in the field of machine learning and the growing

concern over the invention of a sentient Al (Korteling et al., 2021; Tiku, 2022).
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Figure 3. Number of publications per year since 1983 divided by AJG fields (see research method
paragraph). Full legend available at: https://bit.ly/3K1EbML

Within each topic there are several journals (m = 42.78, sd = 8.61), and as expected the most represented AJG
field inside them is Information Management, confirming that it is the AJG field in which Al issues are mostly
debated. Exceptions are: topic 15 - ML to predict the quality of service in healthcare in which the most
representative fields (37%) are Social Sciences and Economics, Econometrics and Statistics; topic 3 - Trends,
performances and biases of artificial neural networks (ANN) with nearly 40% of the articles contained inside
the research field of Operations Research and Management Science; topic 14 - Al & big data in finance; and
topic 9 - Reducing bias in ML algorithms have respectively 31% and 56% of the articles belonging to the field
Finance and Economics, Econometrics and Statistics. It can also be noted a convergence between the content
of the topic and the most representative AJG fields. Overall, the three most important fields inside the dataset
are Information Management, Operations Research and Management Science, Economics, Econometrics and
Statistics and General Management, Ethics, Gender and Social Responsibility with 434, 137, 105 and 67
articles, respectively. The situation in the AJG ranking areas (Figure 3) is similar to what was observed for the
topics. The number of publications in these fields has increased significantly in recent years, a sign that Al is
becoming an increasingly relevant phenomenon in all business and organisational fields, as well as the ethics
and the issues of the prejudice related to that technology. Some areas such as Business and Economic History,
Human Resource Management and Employment Studies, Organisational Studies, Public Sector and Health

Care had no publications until 5 years ago. This aspect could be an indicator of the increasing interest in
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addressing ethical problems related to Al in both private and public organisations with attention to human

resource management.

Discussion

After performing the impact and content analysis, we manually analysed the most relevant articles in each
topic. A more in-depth analysis of the literature in each cluster helps to better understand the results of the
topic modelling analysis and provides better insight. According to the theta value (distribution of topics over
documents), we selected and analysed the most relevant papers inside every topic. As a result, we defined a
more appropriate title and description for each topic, not only based on the list of keywords provided by the
algorithm (Table 5).

Table 5. Topics title and description

Topic

Topic description

T1 - Al to predict customer
intentions and implications on
privacy

The topic focuses on the use of Al tools to analyse what factors are most
impactful in predicting customer intentions and preferences, with a focus on
privacy issues.

T2 - Al to predict system
performances

The topic focuses on the use of ML and Artificial Neural Network (ANN) models
to predict the performance of a specific system, especially those connected to
renewable energy.

T3 - Trends, performances, and
biases of ANN

The topic focuses on the study of the performances of neural network algorithms
and on the description of the latest trends in the field.

T4 - Content analysis on Al
tools

The theme of this topic is related to studies that use primary and secondary data
with the aim of describing the performances of Al and ML tools.

T5 - Machine learning for
prediction and classification

The topic focuses on the development and study of new ML models for
prediction and classification.

T6 - Using digital technologies
to overcome barriers inside
enterprises

The theme concerns the use of digital technology to overcome institutional bias,
operational issues and communication difficulties inside companies. A few
studies focus on the barriers such as security, performances and standardisations
emerging during a digital transformation process.

T7 - Al to control network
performances

The theme is related to the use of Al tools such as ML algorithms to detect and
mitigate faults within a network.

T8 - Learning analytics in
education

This topic is mainly focused on the role of Al tools in the educational sector.
More specifically, high emphasis is given to learning analytics tools and the role
they play in supporting teachers in doing their job.

T9 - Reducing bias in ML

This topic is related to ML algorithms, trying to refine these algorithms by

algorithms reducing biases with the introduction of different computational techniques.
T10 - Machine This topic is related to the concept of automation anthropomorphism and its
anthropomorphism impact on humans.

T11 - NLP and image
recognition training to reduce
error

The topic focuses on the development and training of NLP and image recognition
algorithms to avoid bias and improve accuracy. The main aim is to use those
algorithms to find reliable patterns that reflect human judgement.

T12 - Bright and dark side of Al
in the public sector

The main theme is the impact of Al applications in the public sector, empirically
analysing the pros and cons of Al adoption and implications.

T13 - Al tools for monitoring
social media

The papers in the topic apply Al techniques to explore the behaviour and
intentions of companies and users on social media.

T14 — Al & big data in finance

The topic examines the application of Al and ML tools in the financial sector.
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Table 5. (Continued)

This topic focuses on the use of ML algorithms to predict the quality of services
in the healthcare sector and to monitor parameters related to the improvement of
human welfare.

T16 - Al fairness in decision- The topic is related to a delicate theme, the fairness of algorithmic decision-
making making and its impact on minorities.

Papers in this topic investigate whether Al could be seen, perceived and treated
like a human being. Some relevant papers propose tests to evaluate AGI.

T15 - ML to predict quality of
service in healthcare

T17 - Al becomes human

T18 - Explainable Al to build The human lack of trust in Al applications is the main theme of this topic.
trust between human and Particular attention is paid to the financial and healthcare sector in which the
machine decisions made by an Al application could have serious implications.

Having clarified the content of the papers assigned to each topic, we tried to study their similarity to find
hidden patterns inside the literature analysed. We used the R package LDAvis to explore the similarities
between topics and have a complete overview of them. The intertopic distance map (Figure 1) refers to the
degree of difference or similarity between topics in a given text corpus, while the marginal topic distribution
represents the overall prevalence of each topic in the corpus of documents being analysed. Moreover, we built
a dendrogram using Hellinger’s Distance, a metric used to quantify the difference between two probability
distributions. The dendrogram was useful to determine the similarity of the topics. Based on the results shown
in Figure 4 and on the previous in-depth topic analysis, we were able to group the topics into two main
categories of discussion: one where the bias emerges directly from the output of the algorithm (technical nature
of the bias), and the other one where biases could be ascribed to socio-cultural components (socio-cultural
nature of the bias).

Macro-topic 1 — Technical nature of the bias. This cluster is composed of topics 2) Al to predict system
performances, 3) Trends, performances and biases of artificial neural networks (ANN), 5) Machine learning
for prediction and classification, 7) Al to control network performances, 9) Reducing bias in ML algorithms,
11) Natural language processing (NLP) and image recognition training to reduce error. This set of topics
focuses on technical and mathematical studies concerning Al algorithms. It concentrates on the enhancement
of the mathematical and statistical techniques on which these algorithms are based. Thus, an attempt is made
to reduce and address errors during the development and testing phase that may have adverse effects on the
outcome of the systems in which they are used.

Macro-topic 2 — Socio-cultural nature of the bias. This cluster is composed of topics 1) Al to predict
customer intentions and the implications on privacy, 4) Content analysis on Al tools, 6) Using digital

technologies to overcome barriers inside enterprises, 8) Learning analytics in education, 10) Machine
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anthropomorphism, 12) Bright and dark side of Al in the public sector, 13) Al tools for monitoring social
media, 14) Al & big data in finance, 15) ML to predict quality of service in healthcare, 16) Al fairness in
decision-making, 17) Al becomes human, 18) Explainable Al to build trust between human and machine. In
contrast to the first macro cluster, studies here are mainly managerial and sociological in nature, specialising
in the research on the implications of artificial intelligence algorithms when applied in different contexts. The
focus of this cluster is on empirical studies in different sectors in which various Al-based applications are
implemented and adopted. The majority of these contributions consider different forms of organisational
settings.

Intertopic Distance Map (via multidimensional scaling)

Critical Perspective

O
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Technical Aspects e

Socio-cultural Aspects

(]
O O
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Marginal topic distribution
Meso-topic 1 === Meso-topic 3 :
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Figure 4. Intertopic distance representation: macro-topics (left) and meso-topics (right)

In Figure 4 and Figure 5, another distinction emerges concerning the selected topics. Although it is less
noticeable than the distinction just described (technical vs. socio-cultural nature), a difference can be seen
between topics that are located above the horizontal axis (PC1) and those located below. More specifically, the

lower topics focus on the application of Al to predict and empirically describe various aspects, such as the
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performance of systems and processes or to analyse various factors impacting people in different contexts. The
topics above the horizontal axis, on the other hand, are aimed at correcting different types of bias within Al
artefacts. Some articles address the problem from a technical standpoint by developing or adjusting algorithms
and manipulating training data to reduce errors in the Al outcome and increase overall performance. Others
focus on describing the impact of Al biases on societies and organisations and how they are addressed at a
societal level. Overall, two different strands can be identified, we named the first one “efficacy perspective”
as it is dedicated to the use and improvement of Al for predictive purposes to enhance the performances and,
consequently, to reduce possible issues in the outcome of Al artefacts. The second, named “critical
perspective”, is more focused on the exploration, description and mitigation of bias. Although the papers in
the dataset belong to the topic of Al bias, fairness and ethics, the topics above the horizontal axis focus more
on increasing the effectiveness of a determined process using Al. The topics below the axis are more focused
on mitigating Al bias and on discussing the consequences that the dark side of Al is bringing and could bring.
Naturally, the closer the topic is to the horizontal axis, the more they are borderline between the two groups.
By analysing the individual topics, we were able to achieve a better overview of their content and assign them
to a specific strand. This is the case of topic 9, which, despite being located below the horizontal axis, is more
closely associated with the critical perspectives group. Both strands have studies that explore the phenomenon
from both a primarily technical and social perspective. which will be discussed in more detail in the description

of meso-topics (Figure 4).
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Figure 5. Hellinger’s Distance (topic similarity)

Comparing the evidence produced by the cluster analysis with the results of the in-depth analysis performed
manually, we were able to identify a further list of sub-categories, providing an intermediate classification of
the papers, in between the two macro-topics and the 18 single topics, called meso-topics. We then identified
two meso-topics belonging to Macro-topic 1 (Technical nature of the bias) and three meso-topics for Macro-
topic 2 (Socio-cultural nature of the bias). Figure 6 provides a graphical representation of the distribution of
the meso-topics. They are divided according to the nature of the studies (macro-topics) and the focus of the
contributions to the topics. More specifically, we identify three different levels of focus in the studies (Al
performance, Al affecting human behaviour, and Humanizing Al behaviour). The first one, which contains the
majority of meso-topics, is related to the assessment and the further enhancement of Al performances. The
research in this area investigates from both a technical and socio-cultural point of view the development of
new Al tools and the results of Al implementation in various settings, describing benefits and issues and
making recommendations for further improvement. The remaining areas are more related to socio-cultural
studies, which are focused on inspecting how Al affect human behaviour, reactions and emotions. While one
area considers Al in general, the other one is strictly focused on Al tools that resemble human aspects and

behaviour. We provide a detailed description of the meso-topics in the following paragraphs. Finally, looking
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at the meso-topics classification and description, we had the chance to draft a list of possible future research
directions, summarised in Table 6. More details about each meso-topic are provided below.

Meso-topic 1 Algorithmic bias reduction. This cluster contains the topics 3) Trends, performances and
biases of artificial neural networks (ANN), 7) Al to control network performances, 9) Reducing bias in ML
algorithms, 11) Natural language processing (NLP) and image recognition training to reduce error. This set of
topics belongs to the first macro-topic, it is mainly focused on Al algorithms improvement for bias reduction.
More specifically, the inspected literature inside the meso-topic focuses on the development, training and
implementation of various Al models to enhance objectivity, reliability and performance. The boundaries of
the subjects explored are very broad and concern many Al subsystems, such as neural networks, natural
language processing and machine learning. Since Al is used in complex and rapidly changing environments
such as finance and robotics (G. Kumar et al., 2021; Zhou et al., 2022), it is essential to continuously improve
the underlying algorithms with the application of techniques that enhance the robustness and performance of
the models (Liu et al., 2022). Similar attention is also given to the process of reducing bias in inference
techniques on which many machine-learning tools are based (Chernozhukov et al., 2022; Semenova &
Chernozhukov, 2021). In the topic, there are also many studies focusing on the development of Al algorithms
capable of monitoring and enhancing the performance and reliability of sensors to avoid faults that could cause
serious damage to systems (Saeed et al., 2021; J. C. Da Silva et al., 2012). Relevance is also given to the
development and training of NLP and image recognition algorithms to avoid bias and improve accuracy. The
main goal is to use these algorithms to find reliable patterns that reflect human judgement. The literature about
NLP tools aims to develop and train ML algorithms to analyse the text and generate reliable, trustworthy and
precise results avoiding biases (Hagen, 2018; F. Wang et al., 2022). Other studies concerning image recognition
algorithms are related to the development of tools to detect misinformation and improve facial recognition
(Ghai et al., 2021; W. Xie et al., 2021).

Meso-topic 2 Predictive algorithms. This group includes topic 2) Al to predict system performances,
and topic 5) Machine learning for prediction and classification. This meso-topic is dedicated to the study,
development and enhancement of predictive algorithms. The focus is on the use of ML and ANN models to
predict the performances of a certain system and to find new ways to improve accuracy. The considered

research gives considerable importance to environmental sustainability by studying assets such as renewable
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energy systems and sustainable processes. Studies try to predict the performance of energy systems using
various parameters to reduce error and better predict performances (Abujazar et al., 2018; Khatib et al., 2011),
while others focus on data forecast required to assess the feasibility of an energy system construction (Al-
Shamisi et al., 2013; Ghimire et al., 2019). Attention is also given to project performance. Lind and Sulek,
(2000), in fact, propose a neural network model to predict software project duration and compare it using a
regression model. Results show that the neural network model outperforms the regression model in accuracy,
bias forecasting and model fit. Concerning sustainable processes and practices, some research inspects the use
of neural networks and logistic regression models to predict waste disposal rates and customer choices (van
Wezel & Potharst, 2007; Vu et al., 2022). Another important aspect is related to the study of new methods to
address the issues created by imbalanced datasets. A dataset is imbalanced when there is a high disparity of
classes in the variables. These differences between the available data are problematic for Al algorithms,
especially in large datasets. For this reason, many studies seek to find new methods to reduce bias when

working with this kind of dataset (Bhowan et al., 2013; Y. Huang et al., 2022).
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Figure 6. Meso-topics distributions according to the nature and focus of the study

Meso-topic 3 Al for Individual Behaviour. The topics in this cluster are 1) Al to predict customer intentions
and the implications on privacy, 13) Al tools for monitoring social media, 14) Al & big data in finance, 15)
ML to predict quality of service in healthcare. The contributions in this meso-topic focus on exploring the
factors (e.g., emotions, knowledge) affecting the adoption, the use and the relationship with Al technology.

The fields and the aspects investigated are manifold. A popular strand of research is related to the use of Al
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tools to analyse the factors that are most impactful in predicting customer intentions and preferences, with a
focus on the privacy issues that arise when using new technologies to perform this kind of research. Some of
the most relevant papers on the topic study the consequences of the implementation of Al in the shopping
experience and its effects on personalisation, with a focus on trust and privacy issues (Ameen et al., 2021,
2022). Other studies use neural network models to determine the most impactful factors that contribute to the
use of mobile commerce (m-commerce) (Chong, 2013; Hew et al., 2016). Relevance is also given to voice
based digital assistants (VBDA) such as Alexa and Google Assistant, trying to determine the factors that have
an impact on consumers’ privacy concerns (Vimalkumar et al., 2021). Al techniques are also used to explore
the behaviour and intentions of companies and users on social media, investigating various settings. Pelau et
al., (2021) and Hassan, Hudaefi and Caraka, (2022) conducted research on user opinion on cryptocurrencies
and acceptance of Al technology from different consumer clusters, respectively. David et al., (2016) developed
a classifier algorithm, trained with political parties’ posts, to predict the political orientation of users. While
Gunarathne, Rui and Seidmann, (2022) proved a case of racial bias by inspecting the behaviour of US airline
employees interacting on social media. They found that employees were less likely to respond to African
American customers when a complaint was presented. Another field inspected by the studies populating the
meso-topic is the financial sector. More specifically, many contributions use Al to analyse people’s behaviour
and emotions and explore the effect that the application of financial Al tools has on investors. Eachempati and
Srivastava, (2022) used NLP tools to analyse the role of investor sentiment in impacting asset prices by
developing two different sentiment indices based on news and corporate disclosure. Other empirical studies
explore the most important factors and bias of robot-advisory services in finance on a sample of Indian
investors (Bhatia et al., 2021) and the use of ML algorithms to predict and prevent financial risk of enterprises
conducted on a sample of 21 companies (B. Gao, 2022). In the meso-topic, Al and ML algorithms are also
used to predict the quality of service in the healthcare sector, as well as to monitor parameters related to the
improvement of human welfare. The majority of the papers examined construct ML algorithms to discover and
assess the impact of the factors that contribute most to the quality of service inside hospitals and clinics by
inspecting different cases (e.g., strokes, tuberculosis) (Ali et al., 2018; Cunnama et al., 2020). While Suleiman,
Tight and Quinn, (2016) focus on the prediction of the levels of particulate matter in cities using ML

algorithms.
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Meso-topic 4 Trusting, understanding and exploiting Al. This group comprises the topics 4) Content
analysis on Al tools, 6) Using digital technologies to overcome barriers inside enterprises, 8) Learning
analytics in education, 12) Bright and dark side of Al in the public sector, 16) Al fairness in decision-making,
18) Explainable Al to build trust between human and machine. The aim of the meso-topic is to describe how
Al is changing the sectors in which it is implemented and how to identify and address the issues that arise after
its adoption. These studies use primary and secondary data with the aim of describing the performances of Al
and ML tools. There are empirical studies that focus on the importance for hospitality firms of social media
analytics to examine tourist experience and make marketing decisions (Lin et al., 2021) and on the evaluation
of Al tools, such as artificial intelligence video interviews for employee recruitment by examining the opinion
of the applicants (J. Y. Kim & Heo, 2022). There are also literature reviews focusing on artificial intelligence
application and scope in different markets and industries (Simon, 2019), on the evolution and enhancement of
sentiment analysis techniques (Qazi et al., 2017) and on the use and application of technology related to Al
and digital transformation, such as RFID sensors (Raza, 2022). Many contributions are also involved in studies
on the use of digital technologies to overcome institutional bias, operational issues and communication
difficulties inside companies, while other research focuses on barriers such as security, performance and
standardisations that appear when converting to a digital company (S. Li et al., 2022; Rathore et al., 2022). Wu
and Kane, (2021) focus on the introduction of modern digital collaboration tools in a workplace and find that
these tools ensure greater access to knowledge and expertise inside the firm, but, on the other hand, they favour
people with determined characteristics more than others. Liming Xu, Mak and Brintrup, (2021) study the
evolution of agent-based systems over the years by describing the current state of the art and the impact of
such systems on companies. This topic also includes studies investigating the role of Al tools in the public and
education sectors. High emphasis is given to learning analytics tools and the role they play in supporting
teachers in their work. Some of the most relevant studies conduct empirical research with the aim of inspecting
the results that higher explainability and an improved knowledge base have on teachers. All the studies
conclude that these factors are of paramount importance to implementing the tools and enhancing trust in their
users (Celik, 2023; Kitto & Knight, 2019; Marshall et al., 2022; Nazaretsky et al., 2022). Other contributions
try to investigate the issues of Al applications in the public sector. More specifically, they try to describe, with

practical examples, the pros and cons of Al adoption together with future implications. Langer and Cornelius
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J. Konig, (2021) provide a description of opacity in Human Resource Management (HRM) algorithms. They
explain the benefits and the issues derived from algorithm opacity and try to address the problem by giving
recommendations to improve transparency in Al algorithms. On the same subject, Anastasiadou, Santos and
Montargil, (2021) and Bracci, (2022) underline the need for transparency in Al algorithms in public sector
operations and in accountability governance in order to provide a better service to the public. Importance is
also given to the education sector and on how digital inequalities could represent a paramount issue in the
future of labour market (Ozkazanc-Pan, 2021). The meso-topic also addresses a delicate theme, the fairness of
algorithmic decision-making and the impact that it has on minorities. Feuerriegel, Dolata and Schwabe, (2020)
investigate the challenges and opportunities of fair Al with respect to people, technology and organisations,
underlining the unprecedented opportunities that it brings to society. Bolander, (2019) draws attention on the
potential of Al in decision-making also highlighting the many potential weaknesses inside the field, as a
warning for thoughtful implementation from companies. Other research focuses on empirical studies about Al
fairness in different scenarios, also inspecting the issues that appear when efforts are made to enhance fairness
in algorithms (Fu et al., 2022; Grote & Keeling, 2022; Kochling et al., 2021). Considerable importance is also
given to how to address human lack of trust in Al applications in many sectors, such as financial and healthcare
areas, where the decisions made by an Al application might have serious repercussions on people. More
specifically, the discussion concerns how algorithms’ explainability and domain knowledge can augment users’
awareness of Al decisions and help them not to over-trust them (Dikmen & Burns, 2022). Furthermore,
insights are given on the design and reporting of Al programs to enhance the efficacy of human-machine
collaboration and build trust with end users (Alam & Mueller, 2022; Vssing et al., 2022). Finally, Friedrich
etal., (2022) underline the importance of the study of human-Al relationships and how it contributes to shaping
the relations between human beings and the surrounding world. They focus on the impact that black box Al
has on physicians inside clinics.

Meso-topic 5 Anthropomorphism of Al In this cluster, we find the topics 10) Machine
anthropomorphism, 17) Al becomes human. The meso-topic focuses on the anthropomorphisation of
machines. In particular, two themes are explored. The first, more practical and topical, concerns the effects
that a machine mimicking human behaviour has on people. While the second refers to the possible

consequences of the development of an AI with human-like capabilities. As for the first theme, studies explore
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the concept of automation anthropomorphism and its impact on people. The most relevant research empirically
studies the changes in trust and preference in users when they have to interact with a highly anthropomorphised
agent. Results show that the more the machine reflects human behaviour and empathy, the more it inspires
trust and preference in the users (de Visser et al., 2016; Peng et al., 2022; Schelble et al., 2022). The importance
of training and communication in human-autonomy teams and how this leads to higher performance is also
emphasised (C. J. Johnson et al., 2021). The second theme raises a relevant question, can Al be seen, perceived
and treated like a human being? The most relevant papers in this cluster study this aspect. Swanepoel, (2021)
investigates the possibility of giving moral agency status to Al. The author states that deliberate norm
adherence (the capacity to act in accordance with a rule for reasons unrelated to those inherent in the rule) is
fundamental to gaining such status. Li, (2021) discusses the importance that a “friendly AI” will have in
Artificial General Intelligence (AGI) applications and identifies four issues related to its implementation in
terms of human needs and moral development. Greene, (2017) studies moral intuitions and the case in which
they are acquired by computational techniques such as ML methods. Finally, Sparrow, (2004) proposes a test
to assess whether an Al can replace a human being in a moral dilemma. Interestingly, all the answers to the
questions are negative, the Al cannot be compared to a human being yet, but these studies are of paramount
importance to address possible issues in the future.

AIS List of Premier Journals articles inside the meso-topics. In Table 4, we have associated each article
with its meso-topic. We selected a total of ten articles belonging to the list, three of them are associated with
the meso-topic of technical nature (1 — 2) and the others with the socio-cultural ones (3 — 4). Similar to the
other contributions used to describe the first two meso-topics, the articles of the list are focused on introducing
analytical frameworks that use Al algorithms to investigate and predict various aspects in a more efficient way,
by reducing bias and improving accuracy. Specifically, the articles associated with the meso-topic propose a
text analytics framework used for inspecting the correlation between the host description and the trust
perception and purchase behaviour of the guest on the platform Airbnb (Zhang et al., 2020). The other paper
is focused instead on combining textual and numerical data to improve forecasts concerning stock returns
(Geva & Zahavi, 2014). The last article of the list (Teodorescu et al., 2021) belonging to the second meso-topic
seems to be an outlier . After an analysis, we concluded that the article could be a better fit for the fourth meso-

topic. The reason behind its position could be attributed to the fact that inside the paper, there are sections
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focused on describing the fairness criteria used in machine learning prediction algorithms. Such an aspect
could easily mislead the LDA algorithm that is based on the statistical distribution of the keywords inside the
documents. Moreover, the article is one of the less related to the topic according to the theta distribution. The
contributions contained in Table 4, related to the third meso-topic, are instead focused on inspecting the impact
of Al on people or in using Al to investigate the relationship between digital phenomena and people’s attributes
and perceptions. The topics within these papers are related to the use and improvement of Al algorithms for
the study of online platforms. More specifically, some of the studies deal with discovering manipulations
within online reviews (N. Kumar et al., 2018) or investigating which online review attributes people find most
useful (Eslami et al., 2018), while others on measuring the impact a humanised chatbot has on people (Schanke
et al., 2021). Finally, the articles embedded in the fourth meso-topic, discuss the topics of responsible Al and
the dark side of Al. B. Kim et al. (2020) propose a framework that enhances the transparency and explicability
of Al algorithms inside decision-making processes. The other papers describe the phenomena of ubiquitous IT
and responsible Al. They focus on the issues that could arise from the use of Al, how the research community
is trying to address these problems and underline the impact (positive and negative) that this technology is
having in the IS field (Mikalef et al., 2022; Ransbotham et al., 2016). Both give avenues for future research,
focusing on relevant areas related to the dark side of Al (e.g., fairness, accountability, transparency, bias,
privacy).

Table 6. Meso-topics titles and possible future research opportunities

Topics Tentative future research questions
Although bias reduction from a technical point of view could make Al techniques more
Meso-topic 1 reliable, what are the implications of their use? For example, the case of NLP and image
Algorithmic bias recognition tools used to make delicate decisions, such as diagnosis in healthcare.
reduction Could increasing the complexity of the Al system for making more accurate decisions, affect

bias reduction?

Some studies investigate the comparison between the predictive outcomes conducted only
by humans and other results achieved by Al-human augmentation. In these cases, which
Meso-topic 2 aspects should be evaluated besides the technical perspective?

Predictive algorithms | What are the possible implications for individuals and organisations of regulators’ and policy
makers’ interventions concerning the development of ML models used for prediction and

classification?
M . What are the main factors that impact user privacy and trust concerns when using Al
eso-topic 3 hnology?
AI for Individual technology” , .
behaviour What are the main issues related to the adoption of a technology based on Al algorithms

from the perspective of a customer (individual or organisation)?
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Table 6. (Continued)

What are the consequences that algorithmic bias inside ML tools brings to the results of a

Meso-topic 4 firm's decision-making process?

Trusting, Is there a difference in the reaction towards and reception of new Al-based technology
understanding, and between employees having different roles? What will the implications be for employees to
exploiting Al work side by side with AI? Are there any factors that might cause a disparity between

employees within an organisation?
What are the main attributes that influence the relationship between humans and machines

Meso-topic 5 when working together? In which cases can the machine be perceived as a colleague and not
Anthropomorphism a tool, and what are the long-term implications of human-machine interaction?
of Al What are the legal implications of an Al that is comparable to a human being? How could

policy makers address the regulatory challenges that arise from the development of AGI?
What are the processes for bias assessment in Al artefacts? How do they change according to
the different kinds of bias?

How the difficulty to define an ideal unbiased scenario in the reality could affect the

AIS List of Premier identification, definition and mitigation of Al biases?

Journals articles What are the techniques or processes that, the organizations which develop Al artefacts,
could follow to reduce the presence of different kinds of bias?

What is the impact of an increased transparency of Al artefact in organizational settings? Is
there a difference between decisional levels?

Conclusion

In this study, we performed a CLR to explore the evolution of the debate concerning Al bias, ethics and fairness
in organisational and business studies. First, we performed an impact analysis evaluating the impact of journals
and articles, then we conducted a content analysis using a topic modelling algorithm identifying 18 topics that
are relevant and enough for clustering the papers of our dataset. We then manually analysed the most relevant
papers within each topic in order to refine its title and description. Finally, combining the outcome of the
automatic content analysis and the review performed by the authors, we identified the possibility of classifying
the 18 topics into two main categories called macro-topics (e.g. technical and socio-cultural nature of the bias).
Afterwards, looking in detail at the content of the papers belonging to each topic, we recognized five middle
categories, called meso-topics. The results show coherence between impact and content analysis concerning
the distinction between studies adopting a technical or a socio-cultural perspective in their discussion. Within
the research, we have devoted specific sections to exploring the debate within the journals belonging to the
AIS premier list. Their analysis has revealed the growing emphasis on the potential problems arising from the
adoption and use of Al. Beyond that, some papers focus on the use of Al to analyse and mitigate ethical and
trust issues.

From a theoretical perspective, we provided a rigorous and easy replicable method to conduct a
computational literature review study. More specifically, we used the framework given by Antons et al. (2021)
adding a further step concerning the in-depth analysis and description of each topic, thus making the
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interpretation of results an iterative process to improve the inspection of the topic model output. CLR allows
us to qualitatively analyse a large amount of data. As mentioned, the benefits are numerous. First of all, a very
large number of articles can be examined, in terms of both content and impact. CLR also allows scholars to
conduct research in a time-saving manner, as it is quite difficult to analyse thousands of documents manually
in a limited amount of time. Moreover, thanks to CLR, it is easier to simultaneously analyse multi-domain
literature to discover hidden patterns that would otherwise be difficult to find. In this contribution, we also
provided a classification of literature concerning Al bias, ethics and fairness with a focus on organisational and
business studies that could help other researchers have a better understanding of the domain and have an
outlook of the different research strands. While previous studies focus on a limited set of papers by exploring
the phenomenon in a specific field, we explored a broader set of articles, investigating different aspects
concerning the same phenomenon debated in different fields of study. Furthermore, we presented a tentative
set of research questions based on the content of each meso-topic that could provide opportunities for future
research. Finally, we tried to describe in detail all the steps that allowed us to perform the CLR hoping that this
article might be of support to scholars willing to carry out similar research.

The outcome of Al artefacts such as predictive algorithms and large language models are increasingly
impressive and reliable thanks to the data produced by humankind. Al is capable of synthesising the data into
useful information and accelerating cognitive processes (Brynjolfsson et al., 2023). Nowadays, this technology
is highly supportive in many areas, but is it possible that we will reach a point where humans will stop
producing data and be replaced by Al in this task, especially in contexts more suitable for automation? What
will be the consequences for our cognitive capabilities? Although this scenario is very dystopian and remote,
the oversimplification of many tasks due to the introduction of Al has profound consequences on our cognitive
development (Saetra, 2023). It is, therefore, significant to develop Al tools in a way that their outcome is as
interpretable and transparent as possible (Dignum, 2023; B. Kim et al., 2020). Consequently, it is crucial that
organisations and policymakers act in the development and support of digital awareness campaigns to sensitise
people on the importance of new technologies, such as Al. Differences in awareness could provide fertile
ground for the emergence of different kinds of bias that could lead, for example, to social inequality problems
(data is gathered and represents mostly age groups that are most likely to engage with new technologies or

most developed countries where the majority of the people have access to the internet) (Madhavan et al., 2022;
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Su Yiran et al., 2023). A similar discourse could be made with specific reference to the interaction between
employees and Al It is relevant for people to increase their awareness about the way Al solutions work (e.g.,
why an Al artefact produces a determined outcome in a particular context), aiming at using it as an
augmentation powerful tool rather than a substitute (C. J. Johnson et al., 2021; Teodorescu et al., 2021).

Since Al is becoming an increasingly powerful and pervasive tool, concerns about its ethical and fair
use are growing (Zuiderwijk et al., 2021). Governments are working together with academics and firms to
address issues related to the development, testing and distribution of Al tools by seeking regulations that could
be shared globally. Although progress has been made in identifying the ethical principles of Al and regulations
for its development, they lack a common interpretation, delaying the creation of a set of rules to be observed
by those developing this type of technology (Jobin et al., 2019; Martin et al., 2019). Moreover, the firms, need
to better address and rethink their strategies concerning ethical and sociotechnical issues due to Al (D’Cruz et
al., 2022). The article provides a clear distinction of the research strands related to Al bias, fairness and ethics
that might be helpful to managers during the development, testing and adoption/distribution phases of an Al
system. The different classifications help to identify the studies that address a particular issue: from the choice
of a system used to predict the outcome of a specific project to the decision of implementing an Al application
that closely resembles human beings or that is used by consumers. Moreover, focusing on Al ethical issues,
this research provides some insights and references useful in promoting the responsible use of Al

The contribution has some limitations. First of all, it could be interesting to explore more in-depth the
theta distribution of the topic modelling output to study papers that are relevant to more than one topic. This
analysis could allow a more precise description of hidden connections between topics and avoid biases related
to the inspection of the most relevant articles only. Further studies could also concentrate on different kinds of
sources, such as conference proceedings, thus providing the latest research trends in the domain. Furthermore,
new NLP techniques could be used to explore the same datasets and compare the results. Nowadays, the
proliferation of scientific literature increases the need for systematic, replicable and rigorous literature reviews,
as well as the resources needed to conduct them (Badger et al., 2000). In parallel, digital technologies are
becoming more and more pervasive in our lives. Therefore, it should be fundamental to understand these tools

and the implications connected to their use from different perspectives.
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CHAPTER 3

Exploring AI bias and mitigation challenges using a socio-technical perspective

Abstract. In an era where Artificial Intelligence (Al) increasingly permeates the global landscape, its potential
to impact many people necessitates heightened vigilance against biases in Al-driven outputs. This research
employs a grounded methodology, gathering insights through semi-structured interviews with Al professionals
engaged in various stages of the Al lifecycle. Our objective is to develop a socio-technical framework that
systematically identifies and mitigates Al bias, including various aspects of stakeholder participation. Initial
findings from this study have helped us refine our interview protocols and expanded our understanding of
overlooked Al biases. These insights offer a deeper understanding of the influence exerted by non-end-user
stakeholders on the Al development lifecycle, providing a multi-dimensional perspective on the nuances of Al
bias and its emergence and mitigation.

Keywords: Artificial intelligence, Al bias, Grounded theory, Bias identification and mitigation, Al lifecycle.

Introduction

The importance and relevance of artificial intelligence in the global landscape increases year by year (Makarius
et al., 2020; Smacchia and Za, 2022). On an economic level, the market value is expected to grow to $2,000
million by 2030"*. This technology is extremely multidisciplinary and is used to perform and support different
processes within public and private organisations (D’Cruz et al., 2022). Attention towards Al is not only
increasing from an academic point of view but is also finding the strongest response at a practitioner level
(Stanford, 2023). Especially in recent years, Al-based artefacts are beginning to be adopted on a large scale,
implying not only the utmost importance of this technology but also its ability to influence an ever-increasing
number of people (Stanford, 2023). Due to this trend, there is a growing awareness of the need for regulation
and shared practices in the Al lifecycle phases, ensuring compliance with ethical and social principles, avoiding
discrimination, privacy reduction, and unfairness (Haenlein et al., 2022; Smacchia and Za, 2023). These

aspects led numerous governments and institutions to develop comprehensive guidelines and frameworks,

13 Next Move Strategy Consulting. (March 26, 2023). Artificial intelligence (AI) market size worldwide in 2021 with a
forecast until 2030 (in million U.S. dollars) [Graph]. In Statista. Retrieved November the 2" 2023, from
https://www.statista.com/statistics/1365145/artificial-intelligence-market-size/.
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resulting in a significant rise in regulations aimed at enhancing Al design, development, and deployment
processes, with a particular focus on risk management and fairness compliance (Golpayegani et al., 2022;
Smuha, 2021).

Al is increasingly becoming an indispensable technology inside organisational settings, and many
organisations are using Al software not only to automate tasks but also as support for decision-making (Mikalef
et al., 2022). Moreover, the outcomes of this technology have the power to influence an increasingly large
number of people. Consequently, possible biases contained in Al artefacts can create or reinforce issues such
as discrimination, social inequality, or lack of privacy, creating serious problems (Zuiderwijk et al., 2021). The
presence of bias is not always negative, for instance, a biased dataset could be needed in developing a tool to
diagnose breast cancer, a disease that is much more common in women than men'*. However, in many cases,
Al bias could lead to prejudice or preference toward a specific group or institution because of its characteristics
(Mehrabi et al., 2021). For instance, it is reported that many voice recognition software are more accurate for
male voices instead for female ones, raising concerns about the use of these applications in official contexts
such as examinations (Bajorek, 2019). While this is only an example, there are numerous cases of fairness and
ethical cases related to Al. These problems require increasing attention to the reduction of possible biases
within Al artefacts and constantly seeking solutions that can improve their performance and accuracy (Ntoutsi
et al., 2020).

While studies with a technical approach to mitigate and address Al bias have always been an important
part of academic research, in the last few years, there has been increasing attention to social and ethical aspects
related to this phenomenon (Smacchia & Za, 2023). To date, researchers have overlooked behavioural,
organisational, and social implications, concentrating mostly on computational solutions to bias (Someh et al.,
2019). While it cannot be denied that a technical approach is necessary to address Al bias, artefacts based on
this technology are created in very complex contexts driven by various social dynamics (Dignum, 2023).
Therefore, when studying this domain, it is necessary to adopt a socio-technical perspective that relates not
only to the mathematical and computational constructs but also to the values and behaviours of those who

design and develop the application, the environmental context, the organisational processes, and the

4 Gerlinde Weger (October, 2023), Using Bias Intentionally in Artificial Intelligence. Retreived March 20" 2024 from:
https://www.thefastmode.com/expert-opinion/33425-using-bias-intentionally-in-artificial-intelligence.
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interconnections with the end users (Akter et al., 2021; Dignum, 2018; Schwartz et al., 2022; Someh et al.,
2019). Organisational, individual, and environmental characteristics vary depending on the context in which
an organisation operates. Different ideals, beliefs, and practices may lead actors involved in the design and
development of an Al artefact can result in the inadvertent neglect or overconsideration of critical elements,
potentially impacting the accuracy and fairness of its outcome. Similarly, the different tasks in which Al is
applied have an impact on the definition and identification of bias (Kordzadeh & Ghasemaghaei, 2022). Hence,
when inspecting how the biases emerge during the design, development, and deployment phases of Al
artefacts, there is the need to consider multiple aspects that techno-solutionism alone cannot address (Schwartz
et al., 2022). Furthermore, although numerous studies delve into this domain from a conceptual standpoint,
there is a growing necessity for empirical research to grasp the ramifications of Al bias and to identify effective
strategies for its mitigation (Kordzadeh & Ghasemaghaei, 2022; Mikalef et al., 2022).

This research aims to investigate the processes of identification and mitigation of Al bias inside
companies that design, develop, and deploy Al artifacts using a grounded approach. More specifically, our
objective is to develop a theoretical framework that delineates the process for identifying bias and,
subsequently, mitigating it throughout the Al lifecycle, thereby helping practitioners and policymakers address
this phenomenon. Since the nature and the contexts of Al bias are extremely varied, we have decided to adopt
a grounded approach that allows the generation of a theory rooted in empirical evidence to increase relevance

and applicability (Jaton, 2021). Through this study, we aim to answer the following questions:

How are biases identified by individuals engaged in Al projects during various phases of their lifecycle,
including design, development, and deployment? What processes are employed to mitigate these biases?

Who are the key actors responsible for identifying and mitigating Al bias throughout the three critical phases
of the Al lifecycle: design, development, and deployment?

What are the main challenges and opportunities concerning Al bias as perceived by those involved in Al
projects?

What is the role that recent regulations and guidelines have inside the Al lifecycle phases?

The present research is organized as follows: First, the concept of Al bias is briefly introduced, followed by a

concise literature review that provides context and motivation for our study and informs our sample selection.
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Subsequently, the research protocol is outlined. The final sections present the results obtained from the

preliminary data analysis and discuss the future directions of our research.

Theoretical Background

Investigation into Al bias is well-established; however, until recently, most inquiries have predominantly
approached the issue from a technical standpoint. Recently, due to the increasing deployment of Al
applications, practitioners and scholars began to underline the complexity of the phenomenon and the necessity
to include behavioural, social, and ethical aspects in its examination (Mehrabi et al., 2021; Smacchia & Za,
2023; Someh et al., 2019). Similar to the bias definition, Al bias may be defined as a deviation in the results
produced by a specific artefact from the ground truth, which disproportionately benefits or disadvantages
certain groups or individuals over others (Mehrabi et al., 2021; Akter et al., 2021; Van Giffen et al., 2022).
While this definition is commonly accepted in the literature, conceptualising Al bias is problematic, at least in
some fields, due to the complexities (e.g., historical, geographical, ideological) involved in establishing a
shared ground truth (Brickell, 2006). Many studies provide a definition along with a division of different kinds
of bias and possible mitigation strategies. Kordzadeh and Ghasemaghaei, (2022) developed a framework based
on eight theoretical concepts. They argue that algorithmic bias affects perceived fairness and, hence, the
behavioural response of the users. This relation is influenced by contextual dimensions that concur with the
emergence of bias. For example, individual and organisational factors could contribute to the possible under-
representation of a determined characteristic in the training data. Van Giffen et al., (2022) conducted a literature
review that identified eight groups of bias in machine learning. Based on this distinction, they provide several
mitigation strategies by contextualising them inside real cases. Similarly, Mehrabi et al., (2021) differentiated
among various forms of bias, outlining corresponding strategies for mitigation. These biases are categorised
based on context, data, algorithm, and user interaction, which are interconnected in a continuous loop,
perpetually exerting influence on one another. Another categorisation is provided in the realm of digital-driven
innovation processes, in which (Akter et al., 2021) recognise three groups of bias, those deriving from the data
(e.g., under-representation of the sample, inadequate data cleaning), those due to the used method (e.g.,
spurious correlations, flawed choice of the algorithm) and those coming from the society related to historical

and institutional behaviour. The US National Institute of Standards and Technology (NIST) also offers
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significant input by supplying a document aimed at offering recommendations for mitigating Al biases using
a socio-technical perspective, in which multiple aspects are taken into consideration. Furthermore, they
emphasise the necessity of a human-centric approach and the crucial role of involving domain experts in the
design and development phases of Al artefacts (Schwartz et al., 2022). In their contribution, they provide an
interesting division of Al bias into three different categories:
e Systemic bias: customs and beliefs surrounding a particular institution that may influence how
Al is designed and developed (e.g., social/historical/institutional bias).
e Computational bias: issues in the underlying data/methods that affect the performance of the
outcomes of an IA artefact (e.g., measurement/representation/label/feedback bias).
e Human bias: Human perceptions and heuristics impacting the use of an Al artefact (e.g.,
deployment/anchoring/availability/confirmation bias).
The three kinds of bias are deeply interconnected. While heuristics serve to expedite decision-making and thus
reduce complexity, they can also lead to biased outcomes (Tversky & Kahneman, 1974). Phenomena like
anchoring, availability, and confirmation bias stem from human ignorance, previous experiences, or
convictions and are entwined with institutional, societal, and historical biases. Indeed, the influence is
bidirectional: individuals shape society, which, in turn, affects individual behaviours (Yela, 2004; Banaji et al.,
2021). Bias coming from individuals and society inevitably influences the way data, algorithms, and
development procedures are carried out, creating possible computational or statistical issues (Kordzadeh &

Ghasemaghaei, 2022; Schwartz et al., 2022).

Al regulations and guidelines

The discourse surrounding Al bias and the necessity for Al artefacts to adhere to ethical and fairness standards
has gained significant relevance in governmental and institutional domains (Golpayegani et al., 2022; Smuha,
2021). Numerous governments and institutions are actively developing or have already established guidelines,
frameworks, and regulations aimed at enhancing the design, development, and deployment processes of Al,
with a strong emphasis on risk management and fairness compliance (Golpayegani et al., 2022; Novelli et al.,
2023). From a governmental perspective, there has been a marked increase in the number of states adopting

comprehensive or use-case-specific Al regulations and guidelines, rising from 25 in 2022 to 127 in 2023. For
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example, the United States has introduced significant documents and frameworks to address issues such as
discrimination, safety measures, and human rights in AI'>. For instance, the National Institute of Standards
and Technology (NIST) proposed the Al Risk Management Framework, which provides a four-step guideline
for managing information security and privacy risks. This framework is relevant also for its adherence to the
most recent U.S. laws and directives'®. Additionally, the U.S. government has proposed the Blueprint for an
AI Bill of Rights, which outlines five key principles focused on safety, privacy, rights, and awareness to address
Al-related issues!’. In December 2023, the European Parliament approved the Al Act, establishing the first
comprehensive directive on Al within the European Union. This foundational legislation addresses potential
issues arising from the rapid growth in Al use. The Al Act implements stringent restrictions and, in some cases,
prohibitions on specific applications of Al, such as biometric identification, social scoring, and law
enforcement activities. It categorizes Al applications based on varying levels of risk and delineates the
responsibilities and obligations of Al providers (Novelli et al., 2023). Additionally, the Act specifies the
documentation requirements for general-purpose Al systems, which can be utilized across multiple
applications!®.

These regulations and frameworks are supported and complemented by international guidelines and
recommendations that offer comprehensive direction on the execution of processes throughout the Al lifecycle.
UNESCO’s “Recommendation on the Ethics of Artificial Intelligence” outlines a comprehensive framework
centred on four core principles: human rights and dignity, peace, diversity and inclusiveness, and
environmental sustainability. This document emphasizes fundamental ethical principles essential for the
responsible development of Al. Additionally, it offers policymakers guidance for Al regulation and provides

implementation strategies for companies to ensure ethical AI practices'®. The International Standards

Organization (ISO) has intensified its focus on Al and the mitigation of Al bias. In 2022, ISO published a

15 Buropean Parlament, United States approach to artificial intelligence, retrieved June 3™ 2024 from:
https://www.europarl.europa.eu/RegData/etudes/ ATAG/2024/757605/EPRS ATA(2024)757605 EN.pdf

16 NIST, AI RMF Playbook, retrieved June 3™ 2024 from: https://airc.nist.gov/AI RMF_Knowledge Base/Playbook
17 The White House Office of Science, Blueprint for an Al Bill of Rights, retrieved June 3" 2024 from:
https://www.whitehouse.gov/ostp/ai-bill-of-rights/

8 EU Artificial Intelligence Act, High level summary of the Al Act, retrieved June 4" 2024 from:
https://artificialintelligenceact.eu/high-level-summary/

19 UNESCO, Ethics of artificial intelligence, retrieved June 3™ 2024 from: https://www.unesco.org/en/artificial-
intelligence/recommendation-ethics
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comprehensive overview of Al ethical and social concerns (ISO/IEC 24368:2022), encapsulating the key
concepts underlying these issues. Subsequently, in 2023, ISO proposed the first certification for Al
management systems. This certification focuses on each step of the Al lifecycle, providing detailed guidelines
for the proper management of processes to ensure the responsible development and deployment of Al

systemszo.

Methodology

To explore the processes concerning how Al bias is identified and mitigated across the Al lifecycle, and to
craft a theory that describes and explains these methods, we employ a case-based approach, utilising grounded
theory as the foundation of our research (Corbin & Strauss, 1990). The Al lifecycle represents the progression
of an Al artefact through three different phases: design, development, and deployment, and it could be
applicable to all Al solutions (D. De Silva & Alahakoon, 2022). In performing our research using a grounded
approach, we adopt the research protocol described by Pozzebon et al., (2011), consisting of a five-stage
analysis.

The first phase concerns the design of the research. According to the guidelines of Corbin and Strauss,
(1990), we performed a literature review not with the objective of identifying a theoretical framework but to
provide orientation concerning the phenomenon. This review served a dual purpose: it highlighted the
significance and motivation behind our study, and it helped in our selection of cases to examine. The literature
emphasised the value of a socio-technical viewpoint when investigating Al bias, noting the significance of
individual, organisational, and environmental attributes in Al development. Consequently, rather than focusing
on determined companies, our sample is composed of a diverse group of Al experts who have been involved
in the phases of the Al lifecycle, including the design, development, and deployment phases (D. De Silva &
Alahakoon, 2022). Our methodology prioritised diversity in participant selection, recognising the value of
encompassing a range of backgrounds and organisational roles to capture a broad spectrum of perspectives and
insights on the phenomenon under study. To capture a variety of professional viewpoints, we interviewed
individuals from different roles within their organisations. This study serves as an initial investigation, in which

we conducted preliminary interviews with Al experts actively engaged in both industrial and academic spheres.

20 IS0, ISO/IEC 42001:2023, retrieved June 3 2024 from: https://www.iso.org/standard/81230.html
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These initial discussions were necessary for refining and validating our interview questions, as well as
providing an early exploration of the field, laying the groundwork for more comprehensive research. In the
second phase of our study, we developed a research protocol concerning data collection and initial analysis.
Opting for semi-structured interviews, we aimed to steer conversations with participants while allowing for
flexibility in their responses. In particular, we performed five interviews that lasted, on average, 53 minutes.
Table 1, provides an additional explanation about our preliminary sample.

Table 1. Information about the selected sample for the preliminary interviews.

Role Interview length Al product
Founder/Chief research officer 40 min Machine translation tool based on ML
Founder/Designer 55 min Tool for detecting dyslexia (B-LSTMs)
Founder/External role 65 min Computer vision for damage detection
Founder/Chief Executive Officer 55 min Computer vision tool for cashier-less shops
Employee/Cloud architecture 45 min Unstructured to structured data converter

Our interview framework was divided into five distinct segments: the first part consisted of general inquiries
about the respondents’ projects and Al product details. The subsequent three segments were dedicated to
exploring each phase of the Al product lifecycle—design, development, and deployment. The final segment
delved into future challenges, the significance of various types of Al bias, and the importance of addressing
them. Even though some participants were more focused on a specific phase of the Al lifecycle, we still asked
everyone the same questions to avoid biases and to gather as many insights as possible. After the first interview
iteration, we modified the interview script by refining some existing questions and adding a sixth segment
concerning the impact of Al regulation and guidelines. During the third and fourth phases, we organised our
data, categorising the interviews according to the interviewee’s backgrounds and their years of experience in
the Al field. Selecting Al experts from varied disciplines and with differing experience levels could improve
the interviews’ outcomes by providing diverse viewpoints, ensuring a balance between theoretical and practical
insights, and facilitating the investigation of a complex and multifaced field such as Al This will be followed
by the data analysis process, conducted in three stages of coding: open, axial, and selective. In the open coding
stage, we will analyse the text, coding segments based on emergent concepts directly derived from the data,
avoiding any preconceived notions. These labels will then be grouped into broader categories through an
iterative process involving frequent discussions among the authors. The axial coding phase will be centred on
delineating the relationships between these broader categories and the more detailed labels. At this stage, we

will try to develop a theoretical framework based on the collected data. Finally, in the selective coding stage,
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we will iterate on another round of coding. This time, it will be conducted through the lens of the concepts and
models developed in the preceding phases, allowing for a more nuanced and theoretically informed analysis.
In the last phase, we will compare the obtained results with the literature. This comparison is aimed at
identifying commonalities that would enable us to refine our theoretical model. By aligning our results with
established scholarly work, we seek to ensure that our model is both grounded in empirical data and resonant
with the broader academic discourse. Up to this point, we have started the open coding process based on the
interviews we conducted. In the next section, we will present and examine the preliminary results that have
emerged from this data. Furthermore, we will outline our strategy for continuing and completing our research.

In Figure 1 we provide a graphical representation of the five-step methodology we have followed.
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Figure 1. Graphical representation of the five-step methodology adopted

Results and discussion

The interview data provided valuable insights into the various stages of the Al lifecycle, particularly
highlighting challenges in bias emergence and mitigation. In Figure 2, starting from the framework developed
by NIST, we also represented the interconnection between the different kinds of Al bias that we encountered
in the interviews. For each of them, we also provided some examples useful to better understand their nature.
A critical issue identified during the design phase relates to data exploration and collection. Challenges here
are multifaceted, often stemming from the need to review state-of-the-art literature and select appropriate
datasets and models for artefact development. A significant concern arises when developers lack control over

underlying data, potentially leading to biases. For example, using pre-trained Al models can unintentionally
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embed bias, as they're often built on broad datasets lacking in diversity. In such cases, communicating these
issues to data owners is important, alongside disclaiming potential biases in training datasets within the
artefact's documentation. Another notable challenge is the limited availability of data. This issue is particularly
acute for smaller firms, where the lack of partnerships or understanding with data proprietors can hinder access
to comprehensive and representative datasets. While collecting additional, but not perfectly representative,
data can aid in refining the training of artefacts, there is a risk of misalignment with the software's intended
purpose, thereby introducing biased results. This aspect underscores the need for a more nuanced approach to
data collection and usage in Al development, ensuring alignment with the intended application and mitigating
bias risks. Another pivotal challenge in design lies in the imperative for a comprehensive grasp of
environmental factors, extending beyond the identification of needs. Often, cognitive heuristics like
availability bias may constrain the knowledge base of developers, leading to the oversight of critical elements
in the design of Al artefacts. This oversight can lead to project failures. Consequently, the diversity in team
backgrounds and cultures becomes crucial, not just beneficial, for the effective and accurate design of Al
products, ensuring a more holistic and informed approach that accounts for a wider range of influencing
factors. “But the way to get into machine learning product, if you don't have the data, you need to be creative
and get it from somewhere”.

In the development phase, the significance of ongoing feedback iterations, both within the internal
team and between the team and the customer (typical of agile methodology) became evident. Challenges
encountered in this phase are predominantly technical, encompassing tasks such as data correction to balance
datasets and the application of advanced techniques to enhance model precision and efficiency or to verify the
model's accuracy. A critical aspect of this phase is the continuous testing of the model in collaboration with the
customer. This involves proactive consideration of potential biases, researching and applying cutting-edge
metrics to detect any bias, and utilising diverse benchmarks for consistent comparison of outcomes. Such
rigorous and collaborative testing is of paramount importance for ensuring the model's robustness and
alignment with user needs and expectations. During this phase, we identified an additional type of bias that we
did not take into account previously. This bias can originate from the hardware used to operate the artefact.
For example, a bias may stem from the graphics card drivers employed in accelerating deep learning models.

If one brand dominates the graphics card market, there's a risk that many models will be optimised exclusively
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for that hardware, resulting in suboptimal performance or leading to possible errors when the hardware of
another manufacturer is used. Further complications may arise when an Al tool is deployed across different
platforms (e.g. tablet, PC, smartphone), each with its unique interaction modalities. A bias is likely to manifest
if interacting with a particular platform proves more challenging, thereby disadvantaging the end user. A fitting
example could be represented by an Al application designed for keyboard interaction rather than touchscreens.
In scenarios where tablets or smartphones are utilized, the user experience and accessibility of the application
will undoubtedly be diminished. This highlights the importance of considering hardware diversity and cross-
platform compatibility in Al development to mitigate such biases. Another significant risk to consider in the
development phase is the potential pitfalls of training Al models with data generated by other Al systems. This
approach can lead to a perilous feedback loop where existing biases are not only perpetuated but potentially
amplified. Such a loop can cause the model to reinforce and escalate any biases present in the initial Al-
generated data, creating a cycle that continuously feeds and exacerbates these biases. “You need to up very
good metrics, set yourself up for some benchmarks or where you want to achieve. And those metrics should be

compatible to what the customer is expecting”.

In red the insights on bias emerged only from the interview data. In green
the insights on bias emerged both from literature and interview data.

- L
Issues in the underlying 7 ~
data/methods that affectthe | / AN
performance of the outcome of \
an IA artefact. —__ HarDWARE ) _
- BIAS [
Measurement bias \
Representation/selection bias / 1
Labelbias| COMPUTATIONAL \\ / !
Algorithmic bias [ l —_— I i .
BIAS pom i | [ Gt ans et e,
Feedback bias . ar insti
Semantic bias / P e i ~ how Al is designed and developed.
N/
/ /7 \ Firms and government bias on
N P / / \ deciding investment and funding
~N—__ - / \ opportunities
BIASED OUTCOMES ’ SYSTEM IC I

BIAS

/
/

/ Historical bias
/-] Institutional bias
Social bias

\ Resultin ————
Deployment Bias / . L
Anchoring bias}-.... \ | Human perceptions and heuristics Generate — — — —»
Availability bias| i / ........ -~ impacting the use of an Al artefact. Influence -..evvveenet >
Confirmation bias ~ Ve
Stability bias ~ e
— —

Figure 2. Al bias categories intersection and typologies
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In the deployment phase, interviewees unanimously underscored the criticality of field testing the artefact in
real-world scenarios, as it is in these contexts that hidden biases are most likely to surface. It is relevant for
customers to actively report any issues with the artefact, although this isn't guaranteed, particularly with free
solutions where users may tolerate certain flaws. Beyond engaging with end-users, initiating dialogues with
other stakeholders involved in the project is crucial to understanding and addressing the root causes of
problems in the Al artefacts. Many biases identified during this phase often align with cognitive biases
impacting the training data. For instance, anchoring or availability bias might lead developers to neglect
relevant data in model training, resulting in subpar performance in specific situations. Additionally, engaging
in conversations with stakeholders other than the end-users is significant, as their influence can significantly
impact decision-making processes. If these stakeholders are not adequately convinced of the Al solution's
efficacy, it could be prone to failure due to resistance, highlighting the importance of broad stakeholder
engagement in ensuring the successful deployment and adoption of Al solutions. Finally, the preliminary
results highlighted issues concerning transparency in Al. Despite being a major concern among researchers
and practitioners in the Al field, achieving full explainability of algorithms and completely eradicating bias
remains a challenging endeavour. Consequently, a key responsibility of developers extends beyond technical
development; it involves educating the public about the inherent risks of bias in Al systems and enhancing
their understanding of what Al truly entails. This educational role is crucial in fostering a more informed and
critical perspective among users, helping them to navigate and interact with Al technologies more effectively
and responsibly. “So, the most difficult thing to answer your question was basically to create a product that
added value to each of these stakeholders. I mean, basically, to put all these people thinking in the same way
or to make all these people agree was more difficult than doing the research itself, really”. In Table 2, we
describe our interview script, highlighting the macro themes and the ratio behind them.

Table 2. Description of the interview protocol

General Theme Description

In this section, we first outline our research objectives and describe the methodology used for
conducting the interview. Following this, we detail the interview structure, beginning with “ice-
breaking” questions designed to gather general information about the interviewee’s position,
their years of experience with Al and their tenure at the current company. Subsequently, we
delve into specific questions regarding a particular Al solution the interviewee is involved with,
which will serve as the primary focus of the interview.

This section of the interview is dedicated to the design process in the Al lifecycle. If it applies,
Design we ask questions about the main processes, the actors involved, the management of the
communication, the main challenges how they are addressed.

Introduction &
focus on the
context
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Table 2. (Continued)

After shifting to the next section, we proceed, if applicable, to ask questions similar to those in the
Development design section. This section also includes inquiries about the metrics used to test and monitor the
Al solution, ensuring a thorough understanding of its performance and reliability.

This section delves into the post-deployment phase of the Al solution, examining what emerges
once it is operational outside the company. In addition to exploring the main challenges and
Deployment strategies for managing potential biases, this segment places a strong emphasis on the relationship
with customers and their critical role in addressing and resolving issues that may arise (if
applicable with the background and role of the respondent).

After conducting the preliminary interviews, it became evident that regulations and guidelines,
particularly the Al Act in the EU, are becoming increasingly important in the Al landscape.
Regulation & Consequently, we developed a new section to focus on the impact that both compulsory and
Guidelines voluntary laws and frameworks have on the processes throughout the Al lifecycle. This section
examines how these regulations influence the design, development, deployment of Al solutions,
seeking to gather insights from experts on the subject.

The final section concerned mostly general questions about Al bias and the future challenges that
Future outlook | will arise in the AT domain. Before ending the interview, we usually ask if the respondent has
some additional point to highlight.

Future work and expected results

In line with the approach detailed in our methodology section, we are presently involved in the data-gathering
stage of our research. Up until now, we have successfully conducted five preliminary interviews. These initial
discussions have been instrumental in refining our inquiry questions, gathering initial feedback on our
representation of Al bias (Figure 2), and acquiring some preliminary insights. This ongoing expansion of our
interview pool is a crucial step in enriching our understanding and ensuring a robust and diverse collection of
perspectives on the subject. Upon completing the collection and systematic organisation of our data, we will
embark on a detailed and iterative analysis through a threefold coding approach. Currently, we have initiated
this process with open coding, which has yielded preliminary insights. Moreover, after the preliminary data
analysis, we discovered interesting insights that allowed us to refine our interview protocol. More specifically,
we adjusted some questions concerning the role of Al and the possible implications of the hardware used during
the development of Al artefacts. Additionally, we expanded the discourse concerning Al regulations and
guidelines to discover the impact that recent policies have on the Al lifecycle processes. We plan to collect
data concerning these aspects in future interviews.

Our research objectives are multifaceted and aimed at advancing the field of Al bias. Firstly, we seek
to gain a more exhaustive understanding of the Al bias domain. This involves refining the existing
classification proposed by NIST, and that was further adapted (Figure 2), to better capture the nuances and
complexities inherent in this area of study. Secondly, we are committed to identifying and suggesting potential

directions for future research within this domain. This aspect of our work is crucial in guiding subsequent
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academic inquiries and practical applications in addressing Al bias. Lastly, our goal is to develop a
comprehensive framework that not only outlines the processes for identifying and mitigating Al bias but also
incorporates the key stakeholders involved across various stages of the Al lifecycle. This framework shall
encompass a wide array of viewpoints from individuals possessing varied experiences and backgrounds,
especially those engaged in the development and implementation of diverse Al-based products and services.
We posit that this inclusive methodology is imperative for acquiring a comprehensive and multifaceted
comprehension of the phenomena associated with Al bias.

This research could have relevance in both theoretical and practical realms. Theoretically, the study is
aimed at enhancing the existing body of literature by offering an in-depth and expansive analysis of Al bias,
particularly focusing on its identification and mitigation processes. This analysis is grounded in empirical data,
thereby enriching the theoretical understanding of the subject. Furthermore, the research is designed to propose
new directions for future scholarly exploration in this area, potentially guiding subsequent academic
endeavours. From a practical standpoint, the study is poised to benefit a range of professionals involved in the
Al lifecycle. It aims to provide these practitioners with possible insights into the emergence and mitigation of
bias within various stages of Al development, insights that are rooted in empirical findings gathered from field
experts. Additionally, the adoption of a socio-technical perspective in our research is expected to raise
awareness among practitioners and policymakers about the significance of addressing societal biases, which

are often neglected in technical discussions (Schwartz et al., 2022; Someh et al., 2019).
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CHAPTER IV

Does Al reflect Human Behaviour? Exploring the Presence of Gender Bias in AI
Translation tools

Abstract. Natural language processing tools are becoming more and more important in our daily lives,
enabling us to perform many tasks in a timely and efficient manner. However, as the utilisation of these tools
grows, so does the risk of unexpected consequences due to the presence of bias. This study investigates the
presence of gender bias within the most popular neural machine translation and large language model tools.
We defined a set of Italian sentences concerning ten specific jobs where the gender of the subjects is not
explicitly mentioned. Employing those Al tools, we translated the sentences from Italian to English, requiring
the gender to be explicitly mentioned. Afterwards, we developed a survey to obtain human translations for the
same sentences, allowing us to compare the differences between the responses generated by the tools and those
from individuals. Results show a high presence of gender bias, especially for the jobs associated with a male
gender, and demonstrate a consistency between the outcome obtained by the tools and the results of the survey.
These findings serve as a starting point for exploring the origins of gender bias within natural language
processing tools and how they reflect gender distributions in our society and human behaviour regarding job
occupations.

Keywords: Natural Language Processing, Neural Machine Translation, Large Language Models, Gender Bias,

Artificial Intelligence Bias.

Introduction

In the last few years, artificial intelligence (Al) has gained much attention from both scholars and practitioners,
with a particular focus on societal aspects (Smacchia & Za, 2022). Within this context, natural language
processing (NLP) tools, such as chatbots, translators and speech recognition, have witnessed a surge in
popularity because they allow users to interact without using machine language (Khurana et al., 2023). NLP, a
subfield of AI, encompasses the development of machine algorithms capable of understanding human
language, consisting of two main branches: natural language understanding and natural language generation
(Khurana et al., 2023; Young et al., 2017). The first branch is related to the study of linguistics and to the

understanding of human language, while the second is focused on the process of producing such language
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(Khurana et al., 2023). NLP finds application in various tasks, such as automatic summarization, discourse
analysis, speech recognition, machine translations, and many others (ibid). In the last few years, this
technology gained popularity due to the introduction of neural networks and large language models (LLM)
that are able to solve many NLP tasks without having specific training data for a given job (zero-shot tasks)
(Chowdhery et al., 2022; C. Qin et al., 2023; Stahlberg, 2020). Machine translation (MT) is one of the NLP
fields significantly impacted by this transition (Stahlberg, 2020).

MT allows a machine to translate natural language sentences, providing an instant translation of words,
sentences, documents and even speeches (Tan et al., 2020; Vieira et al., 2021). In the past, MT primarily relied
on a set of predetermined translation rules and linguistic knowledge. However, nowadays, state-of-the-art MT
systems implement neural networks that use a training dataset of parallel texts to translate an input sentence to
a target output by using the information acquired during its training (Castilho et al., 2017). MT serve as a useful
tool that simplifies the way we communicate with people who speak other languages by providing large
volumes of translated text or speech in a few seconds (Doherty, 2016). As the industry value continues to grow,
so does the number of tools available in the market that are used worldwide by companies and individuals for
many tasks?! 22, Since this technology is broadly used, unexpected results such as mistranslations or biases
could have severe implications. Vieira et al., (2021) conducted a review in which they explored MT bias across
legal and medical fields. They reported interesting examples, such as the low accuracy of Google Translate for
translating medical instructions to patients suffering from diabetes. Additionally, they discuss an incident in
which Google Translate was used by a police officer to obtain consent during inspections, which later faced
challenges during the court audience due to concerns about overcoming language barriers. In both cases, the
translation tools outcomes can cause serious damage to the individuals involved, underscoring the paramount
importance of addressing these kinds of issues.

In this study, we focus on examining the presence of gender bias within Al translation tools.

Specifically, we selected five jobs mostly done by women and five jobs mostly done by men (on the basis of

2! Global Market Insights. (April 6, 2017). Machine translation market size worldwide, from 2016 to 2024 (in million
U.S. dollars) [Graph]. In Statista. Retrieved May 14", 2023, from:
https://www.statista.com/statistics/748358/worldwide-machine-translation-market-size/.

22 Stanford University. (April 15, 2023). Number of commercial machine translation (MT) programs available globally
from 2017 to 2022 [Graph]. In Statista. Retrieved May 14™", 2023, from: https://www.statista.com/statistics/1378793/mt-
translation-programs-number/.
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relevant reports). We then constructed sentences involving these jobs and translated them from Italian to
English using the API of five different Al translation tools (Google Translate, Deepl, Microsoft Azure, GPT
3.5 and Text DaVinci). All the original sentences in Italian did not include a subject (the gender was not made
explicit). Since in Italian, it is possible to omit the subject in a sentence, our experiment aims at measuring the
gender bias in English translations where, on the other hand, the subject must always be made explicit. To
compare the results obtained from an Al with those of human beings, we also developed a questionnaire that
we submitted to a sample of Italian individuals.

The purpose of this study is to address the limitations identified in the literature by investigating the
presence of gender bias in the outcome of five different Al tools when sentences without subject are presented.
More specifically, we aim to answer the following questions:

To what extent does gender bias occur inside the most common Al translation tools?

Related to gender bias, is there a difference in the output of a translation depending on how the query

is formulated?

Concerning the translation output, which jobs are most likely to be biased?

What are the results of a comparison between the results obtained from an Al with those obtained by

Human beings?
The contribution of this study is structured as follows: In the next section, we provide a theoretical background
about the gender bias inside MT, discuss the limitations detected, and outline the methodology we used to
perform our research. Subsequently, we present the results obtained and discuss them. Finally, in the
conclusion, we state the theoretical and practical contribution, along with the limitations and avenues for future

research.

Theoretical Background

Inside the AI debate, research focusing on identifying, investigating, and addressing biases has become
increasingly relevant (Smacchia & Za, 2023). Although Al and its subfields bring enormous potentialities and
advantages in many domains, the presence of biases could bring dangerous and unpleasant consequences (Van
Giffen et al., 2022). Since Al is used worldwide by private, public and governmental organisations to support

the decision-making process of many activities, its outcome influences many people simultaneously
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(Zuiderwijk et al., 2021b). Bias inside data and resources used to train the AI model or inside the algorithm
could cause and amplify issues such as discrimination, inequality, and lack of privacy and trust (Cathy O’Neil,
2016; Hoffmann, 2019; Mehrabi et al., 2021; Sun et al., 2020; Van Giffen et al., 2022).

Among the possible biased outcomes concerning Al technology, the presence of gender bias inside
neural MT tools has a significant relevance (Bernagozzi et al., 2021; Stanovsky et al., 2019; Tomalin et al.,
2021). Gender bias occurs when one gender is preferred or prejudiced with respect to the others. NLP
algorithms or training datasets on which machine translation tools are based could reinforce or amplify
damaging gender stereotypes (Sun et al., 2020). There are many real-world cases related to this issue, from
resume filtering giving preference to male candidates to credit applications refused to women even if they have
a higher score than a male applicant (Kelley et al., 2022; Sun et al., 2020).

Gender bias in MT tools based on Al could be attributed to different factors. For example, behaviours
or habits embedded in society described by the training data could affect the outcome of a translator. Technical
issues in the data or the algorithm used to develop the artefact could lead to some forms of gender bias. Finally,
since Al tools are capable of learning, different use in various contexts could influence the behaviour of the
MT (Savoldi et al., 2021).

The presence of gender bias inside neural MT tools is not a new topic. There are many press articles
that underline sexist behaviour in online translators>> 2. In addition, several articles also tried to inspect and
address this issue. (Stanovsky et al., 2019) propose an evaluation method for gender bias inside MT tools based
on morphological analysis. They analysed six MT tools, both industrial and academic, and detected the
presence of translation errors related to gender. Another study focuses on reducing gender bias by training a
neural MT tool and applying several automated techniques to address the issue. Results indicate that when
these techniques are used to reduce the gender bias in a neural MT tool, the performances are worse with
respect to the baseline system. Among the methods used, only domain adaptation provides better results after

a model is trained (Tomalin et al., 2021). (Bernagozzi et al., 2021), used a method proposed by (Srivastava &

23 Parmy Olson, The Algorithm That Helped Google Translate Become Sexist, Forbes. Retrieved May 14", 2023 from:
at: https://www.forbes.com/sites/parmyolson/2018/02/15/the-algorithm-that-helped-google-translate-become-sexist/.

24 Shivali Best, Is Google Translate SEXIST? Users report biased results when translating gender-neutral languages into
English, Daily Mail. Retrieved May 14%, 2023 from: https://www.dailymail.co.uk/sciencetech/article-5136607/Is-
Google-Translate-SEXIST.html
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Rossi, 2018) to evaluate the presence of gender bias in MT tools that could be used by third parties. Moreover,
through a questionnaire, they inspect the impact that such biases have on people and how this issue is perceived.
(Schiebinger, 2014) underlines the necessity to analyse gender bias inside MT tools as she notes their trend to
translate with a default masculine form.

Although this phenomenon has been studied several times, there are some aspects that still need to be
addressed. The language source of multiple datasets used to perform the research is English (Bernagozzi et al.,
2021; Stanovsky et al., 2019). Many studies have not considered the fact that in some languages sentences
without a subject are valid while, in other languages, the subject must be outlined (Srivastava & Rossi, 2018).
Moreover, some contributions use a limited number of tools to make comparisons and simple sentences
(Bernagozzi et al., 2021; Srivastava & Rossi, 2018). To carry out the research, we adapted the framework of
(Srivastava & Rossi, 2018) to assess the presence of gender bias inside MT tools without having access to their
source code or training data.

In the next section, we describe the process adopted to conduct our research. Starting from studies on
gendered language concerning the reinforcement of gender stereotypes in job titles (Bigler & Leaper, 2015;
Liben et al., 2002) and from statistics about the occupations mostly performed by a specific gender, we
developed a set of sentences to translate. Every phrase is related to a specific job that could be used to identify
both men and women (gendered-language free). We avoided referring to occupations that could be related

specifically to masculine or feminine forms to avoid possible bias due to gendered language.

Methodology

This contribution adopts an exploratory design as the main aim is to seek new insights into the evaluation of
gender bias inside Al translation tools (Makri & Neely, 2021). Our primary goal was to assess the presence of
bias in translators when a sentence with no subject (a common practice in some languages) is translated into a
sentence in which the subject must be mandatorily made explicit. To this end, we have developed a set of
sentences in Italian in which the subject has not been made explicit and which can be attributed to either a

male or a female, and then we translated them into English. Each sentence focuses on ten particular jobs, which
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we chose by searching within Eurostat databases® 2°, in World Bank Group?’ and U.S. Bureau of Labor
Statistics?® reports. More specifically, we selected the five jobs mostly done by women and just as many held
mostly by men. In order to be selected, the name of the job had to be impersonal in Italian (not attributable to
a male or female audience). We developed three sentences for each job; the first one was quite simple, while
the other two were more elaborate. Since all sentences have been translated into English, we arranged for the
first sentence to contain only personal pronouns, while the other two contained both personal pronouns and
possessive adjectives. As an example, the following three sentences are those already translated in English and
referring to carer (in bold the words concerning the gender):

e She said she works as a carer in the home of an elderly person.

o She started her job as a carer after an elderly person requested assistance.

e After losing her job as a carer, she thought of changing life.
In the next step, we selected the tools used to perform our study. We chose them according to two parameters:
the popularity of the translator and the availability of the APIs. After a screening, we chose three of the most
used neural MT tools in the market: Google Translate, DeepL, and Microsoft Azure. Since LLM models are
becoming more and more relevant inside the debate and are also trained on much bigger datasets than
translators, we decided to add to the current list, the models GPT 3.5 turbo and Text-DaVinci 003 on which
Chat GPT is based (King, 2023; C. Qin et al., 2023). We referred to the API documentation of these MT tools
to write a Python script in which we translated the 30 sentences in three different ways, first, we translated the
entire text corpus (all sentences at once), then we translated all the corpus from an external document and
finally, we translated the sentences one by one. The results, consisting of 90 translations per tool, were listed
in an Excel sheet and labelled according to the gender that was made explicit in the English translation (M for

male, F for female and N for neutral) and job. Depending on the output of the translation we classified the

2 European Jobs Monitor 2021: Gender gaps and the employment structure. Retrieved May 16, 2023:
https://www.aranagenzia.it/attachments/article/12440/European%20Jobs%20Monitor%202021-
Gender%20gaps%?20and%20the%20employment%20structure.pdf

26 Jobs still split along gender lines. Retrieved May 16", 2023: https://ec.europa.eu/eurostat/web/products-eurostat-
news/-/EDN-20180307-1

27 Gender-based Employment Segregation: Understanding Causes and Policy Interventions. Retrieved May 16™, 2023:
https://documents1.worldbank.org/curated/en/483621554129720460/pdf/Gender-Based-Employment-Segregation-
Understanding-Causes-and-Policy-Interventions.pdf

28 Labor Force Statistics from the Current Population Survey. Retrieved May 16, 2023:
https://www.bls.gov/cps/cpsaat39.htm.
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results as biased when the output reflects the underlying data used to develop the sentences, converging biased
when the output is influenced by the previous translations (underlying data) and converges towards the same
result and unbiased when the output is translated using in a neutral way or the translation path doesn’t reflect
a biased behaviour.

We then analysed the results measuring the presence of bias in the translation, considering each tool
individually and in aggregated form. Then, we compared the results with those obtained from the questionnaire
for each job. Lastly, we considered the translation trend between the different responses to the last question
concerning the aim of the study.

To better explain the processes on which the research is based, we graphically represented our research
protocol (Figure 1) that we adapted from the model of (Srivastava & Rossi, 2018) to assess the presence of
bias inside MT tools by third parties. Moreover, to assess the presence of bias, we take into account the statistics

concerning the gender gap inside the selected jobs. To make the model clearer and more reproducible, we used

Find error cause

Errors in the script

the business process modelling notation (BPMN).

Errors in the data

update data revise script
- ; -Biased output
[Slansucsl available [Converging biased output

dalasel§ l l -Unbiased output

Iterative -
Research the Prepare the data translation in X
the system
A :

D E’y\hon script

Documents ready
for translation

Figure 1. Research protocol
In this study, we also developed a questionnaire to compare the results obtained by Al tools with those obtained
by humans. More specifically, our aim is to understand whether gender bias is still present in the way people
think in our society.

The questionnaire reported the 30 sentences in Italian translated into English, to which all references
regarding gender (pronouns and adjectives) were appropriately removed. The respondents were asked to

complete the sentences and give them a proper meaning (fill-in-the-blank questions). All the sentences were
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presented in the same order they were submitted to the Al tools. At the beginning and at the end of the form,
respondents were also asked demographic questions. The first question was related to the English level to
assess the familiarity of the respondents with the language. After completing the 30 questions related to the
translated sentences, respondents were asked the gender they identify with, their Italian region of origin, their
age, and their educational qualification. All the demographic questions, although mandatory, had the option “I
prefer not to answer” or “other”. Finally, we added a further question asking the respondent to explain in a few
words what was, in her/his opinion, the main aim of this study. After the questionnaire was completed, we
provided information about the objective of the research.

We decided to use the fill-in-the-blank structure for various reasons. First, letting people translate all
the sentences would have gone beyond our purposes, leading to possible errors and a difficult analysis of the
outcomes, caused by an excessive amount of noise within the dataset. Second, we wanted to make the
questionnaire available to people who are not proficient in the English language, reducing the possibility of
mistakes due to their lack of expertise.

We submitted the questionnaire to a random sample of 100 Italian speakers. The respondents were 53.
Of these responses, 11 were discarded because they were inconsistent with what was required within the
questionnaire. The data concerning the 42 questionnaires, was collected from late April to early June 2023. To

develop the survey, we used the tool Jotform. Further information about the sample is discussed in paragraph

4.2.

Results

In this section we present the results obtained by the analysis conducted on the translation tools first and then

the outcome of the questionnaire.

Analysis of Al translation tools

We analyse the results given by the MT tools considering first the outcome of every single tool, concerning
the presence of bias, taking into account the statistics that we used to select the jobs to develop the sentences
(Figure 2). For each Al tool, we provide the percentage of female, male and neutral translations both in
aggregate (statistics for the five jobs done mostly by men and by women) and individual form (statistics for

every single job selected). Afterwards, we summarise those results in a combined diagram.
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Microsoft Azure. The tool is consistent between the three methods of translation. We obtained the
same results by translating the 30 sentences from an external document, the whole text at once and one sentence
at a time. Concerning the distinction between groups' jobs (male vs female according to the statistics), results
point out a balance regarding the translations of the sentences related to the occupations held mostly by women
(53% female translations vs 47% male translations). While the tool obtains good results regarding the previous
group, when it comes to the one populated by jobs done mostly by men the outcome becomes highly biased.
In this group, all the translations are in the masculine form (0% female translations vs 100% male translations).
By looking at single jobs, almost all of them are always translated using the masculine or the feminine form.
The only exception is represented by kindergarten teacher (67% female translations vs 33% male translations).
Finally, the only two occupations translated with the feminine form are carer (translated by the tool as
caregiver) and secretarial assistant. All the other jobs are translated, always using male adjectives and
pronouns.

DeepL. This tool presents a few differences between the methods of translation. Taking into account
the outcome obtained by translating all the text from an external document, there is a perfect distinction
between the female group job (100% female translations vs 0% male translations) and the male group job (0%
female translations vs 100% male translations). Considering the methods of translating the whole text at once
and one sentence at a time, the results are consistent for the occupations held mostly by men (0% female
translations vs 100% male translations). For the female group job, there is a small component translated with
the masculine form (80% female translations vs 20% male translations). Concerning the single occupations,
we have a clear distinction for the jobs done mostly by women (carer, kindergarten teacher, secretarial assistant
and cleaner, 100% female translations vs 0% male translations) and the jobs done mostly by men (truck driver,
bricklayer, electrician, engineer and IT technician, (0% female translations vs 100% male translations). The
only exception is represented by customer service (33% female translations vs 67% male translations).

Google Translate. This translator has substantial differences between the outcome obtained by
translating all the text from an external document and the other two methods. By looking at the results of the
first method, all the sentences are translated using the masculine form for both female group job (6% female
translations vs 100% male translations) and male group job (0% female translations vs 100% male

translations), the only exception is represented only by the first sentence (a simple phrase with the job carer).
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Concerning the other two methodologies, results indicate a degree of variation in translations related to works
carried out by a female majority (66% female translations vs 33% male translations) and almost no variation
regarding the male group job (6% female translations vs 94% male translations). Looking at the overall results
of the three translation methods, there is almost an equality between masculine and feminine forms in the
women's group of jobs (47% female translations vs 53% male translations), while in the male group, there is
almost a total trend in translations using the masculine form (4% female translations vs 96% male translations).
By analysing the single jobs, it can be noted a variation for all the occupations contained in the female group.
Kindergarten teacher, secretarial assistant and cleaner are equal with 44% of translations using feminine forms
and 56% using a masculine form. Also, carer (78% female translations vs 22% male translations) and customer
service (22% female translations vs 78% male translations) are translated using different forms. Regarding the
men group, the only job that has outcome translated with the feminine form is IT technician (22% female
translations vs 78% male translations).

Text DaVinci-003. In the tool analysis, we have found consistency between the translation from an
external document and the whole text at once. In particular, through these two methods, we obtained a one-
way outcome, consisting of all sentences translated with the masculine form for both groups (0% female
translations vs 100% male translations). Things change by translating the statements one by one only regarding
the female group job (87% female translations vs 13% male translations). Overall, there is an overwhelming
majority of the male form of translation, with the female counterpart only present in the third method of
translation (14% female translations vs 86% male translations). Concerning the single jobs there is a variation
only regarding the female group. Carer, kindergarten teacher and cleaner are translated 33% of the time with
a female form and 67% with a male form. While customer service and secretarial assistant sentences are
translated using a feminine form (22%) and using a masculine form (78%).

GPT 3.5 Turbo. The last tool is different from the others as it is an LLM tool whose primary function
is the generation of textual content and not only translation. Since it doesn’t support the translation from an
external document, we have opted instead for a continuous interaction (hit and run talk) where we submitted
the sentences one by one without resetting the chat. Starting from the method just described results indicate
the prevalence of feminine form for the translation of the sentences in both groups of jobs. Only the last

sentences in the men group have been translated with a male form and the last one with a neutral form (73%
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female translations, 20% male translations, 7% neutral translations). Taking into consideration the method
regarding the whole text translated at once, all the translations have been made using the male pronouns and
adjectives (0% female translations vs 100% male translations). Finally, when the chat was reset for each
sentence, we had, as a result, a small variation between male and female forms in the women group job (67%
female translations vs 33% male translations) and a univocal translation concerning men group (0% female
translations vs 100% male translations). By looking at the jobs, it could be noted that all the occupations present
a variation (carer and secretarial assistant 67% female, 33% male, cleaner and kindergarten teacher 56%
female, 44% male, customer service and truck driver 33% female, 67% male, bricklayer, electrician and
engineer 22% female, 78% male and IT technician 22% female, 67% male and 11% neutral).
Jobs distribution across genders (ool data)
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Figure 2. Jobs distribution across genders (tools taken separately)

Overall results. After inspecting each tool, we decided to take into consideration the results in aggregated
form. Results highlight a substantial difference between the female group job (54% female translations vs 46%
male translations) and the male group job (6% female translations, 94% male translations, 0.4% neutral
translations). Concerning the jobs (Figure 3), all occupations related to the men's group are translated almost
exclusively using male adjectives and pronouns (truck driver 7% female, 93% male, bricklayer, electrician and
engineer 4% female, 96% male and IT technician 9% female, 89% male and 2% neutral). As regards jobs done
mainly by women, there is much more variation (carer 76% female, 24% male, kindergarten teacher 60%
female, 40% male, secretarial assistant 67% female, 33% male, cleaner 47% female, 53% male and customer

service 22% female, 78% male).

104



Gender distribution across jobs (tool data)
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Figure 3. Gender distribution across jobs taken singularly (tool aggregate data)

Analysis of the survey

On the basis of the demographic information gathered from the survey, 57% (24) of the respondents identify
themselves as woman while 43% (18) as men. The majority of the respondents are between 26-35 years old
(55%); the other group is represented by people whose age is between 18 and 25 (40%) and 55-65 (5%).
Regarding the Italian region of origin, most of the people who answered the questionnaire came from Lazio
(26%) and Abruzzo (43%) (the central part of the country). As for the educational background, almost all the
respondents have a bachelor’s or a master’s degree (74%), other participants have a PhD (12%) and a high
school diploma (12%), and only one preferred not to say his background. Finally, 12% of the participants have
a C2 knowledge of the English language, while 31%, 29%, 23% and 5% have respectively C1, B2, Bl and A2
knowledge. Considering the data in aggregate form, it can be distinguished a similar pattern to that observed
for data collected from the tools (female group job: 55% female translations, 37% male translations, 8% neutral
translations, male group job: 14% female translations, 79% male translations, 7% neutral translations).
Concerning the single jobs, there is also consistency between tool data and questionnaire data with slight
differences regarding cleaner and engineer. Figure 4 displays the results concerning the differences in
translation between the selected jobs. We have more variation concerning the occupations held mostly by
women (carer 62% female, 32% male, 6% neutral, kindergarten teacher 56% female, 36% male, 8% neutral,

secretarial assistant 55% female, 38% male, 7% neutral, cleaner 65% female, 29% male, 6% neutral and
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customer service 39% female, 49% male, 12% neutral) than the men’s group of jobs (truck driver 4% female,
90% male, 6% neutral, bricklayer 8% female, 87% male, 6% neutral, electrician 11% female, 83% male, 6%
neutral, engineer 24% female, 67% male, 9% neutral and IT technician 25% female, 66% male and 10%

neutral).

Gender distribution across jobs (questionnaire responses)
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Figure 4. Gender distribution across jobs taken singularly (questionnaire data)

As the sample is still too small, we decided to compare only the answers of male and female respondents.
There is no noticeable difference between the answers, although male individuals (female group job: 46%
female translations, 47% male translations, 8% neutral translations and male group job: 18% female
translations, 74% male translations, 8% neutral translations) are less biased than female ones (female group
job: 63% female translations, 29% male translations, 8% neutral translations and male group job: 12% female
translations, 82% male translations, 6% neutral translations). Afterwards, taking into consideration the further
question concerning the perceived object of this research, it was possible to see how much awareness of the

nature of the analysis had an impact on the responses.
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Figure 5. Gender distribution across jobs, based on the respondent awareness of the research aim
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We divided the answers to the question by categorising them with “unaware” (16 participants) if there is no
awareness from the respondent concerning the aim of the research, “almost aware” (7 participants) if there is
partial awareness and “aware” (19 participants) if there is total awareness. Looking at the data (Figure 5), the
answers appear very similar regardless of the level of awareness the survey participant has. Respondents
belonging to the category “unaware” (female group job: 44% female translations, 48% male translations, 8%
neutral translations and male group job: 10% female translations, 83% male translations, 7% neutral
translations) appear to be less biased on the female job group than respondents belonging to category “almost
aware” (female group job: 57% female translations, 40% male translations, 3% neutral translations and male
group job: 19% female translations, 78% male translations, 3% neutral translations) and “aware” (female group
job: 62% female translations, 28% male translations, 10% neutral translations and male group job: 17% female

translations, 74% male translations, 9% neutral translations), but more biased regarding the men’s job group.

Discussion

Based on the gathered data, our objective was to extract the necessary information to address our research
questions. In examining the individual translation generated by the MT tools, we identified two primary biases.
The first bias occurs mostly when the data is translated from an external document (DeepL, Google, DaVinci)
or when the sentences are submitted all at once (DaVinci, GPT). We called this behaviour converging bias
because the tool is influenced by the first translation output and remains consistent from the beginning until
the end of the task. The second bias pertains to the inclination towards a specific gender when it becomes
necessary to explicitly state the subject of a sentence during translation. In instances where the occupation is
predominantly associated with women, there exists some diversity in the form (masculine or feminine) used
for translation. However, concerning occupations predominantly associated with men, the outputs reveal a
presence of significant gender bias, as depicted in Figure 6.

Data used in Al, as it is the case of MT tools, is sourced from user-generated content or collected
through other systems developed by humans. Consequently, any bias present in human behaviour becomes
embedded in these systems, and their algorithms may reproduce or even increase existing biases (Karimi et
al., 2018). Institutional bias refers to the tendency for the procedures and practices within institutions to operate
in ways that favour certain social groups while disadvantaging others (Henry, 2010). This bias does not

necessarily stem from deliberate discrimination, but rather from the majority adhering to existing norms, with
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institutional sexism and gender discrimination being common examples of institutional bias. Therefore, a
plausible explanation of the observed converging bias lies in institutional bias, where some discriminatory
practices may have become ingrained in the data used by the MT tools.

In the context of LLM tools, GPT 3.5 gave more interesting results than classical MT tools, especially
during the continuous interaction where we submitted the sentences one by one without resetting the chat. At
first, the tool was hung up on the translation using only the feminine gender (converging bias), towards the last
sentences to be translated it specified the fact that it had changed to the masculine pronoun as the gender of
the worker was not specified in Italian. This behaviour represents a form of gender bias in the underlying data
as the tool began to translate with male pronouns and adjectives coinciding with work mainly performed by
males. During the last sentence, however, he used both the masculine and feminine forms for the translation.
Intrigued by his behaviour, we continued to iterate sentences, and although the gender bias continued to be
experienced, the tool started to use the neutral form more often. This can be interpreted as a sign of the
superiority of LLM's ability to learn from a restricted data set.

Taking into consideration the single jobs, the most biased ones are related to the occupations mostly
held by men. All of them have a masculine form translation rate of over 89%, determining the presence of a
gender bias within the MT tools. This trend is not explainable by the converging bias, as the translation always
began with the female job group. Regarding the occupations mostly detained by women, the most biased job
seems to be the carer, followed by the secretarial assistant and the kindergarten teacher. The cleaner is the job
that has almost gender equality among the translations, while customer service is biased more on the male side.
Finally, IT technician is the only job that was translated using a neutral form (Figure 3).

When comparing the results of the translation and the results of the questionnaire, no major differences
emerge. Looking at Figure 6, it is interesting to note that the ratio is similar between the two outcomes, although
the results of the survey appear to be less biased, especially by looking at the fact that there are more neutral
translations in which both male and female pronouns and adjectives are used. The same trend is noted by taking
into account the single jobs. With the exception of cleaner, all the jobs appear to be less biased presenting a
more equal distribution between genders. Truck driver, bricklayer and electrician, however, are still heavily

biased.
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Social constructionist theory posits that gender is a socially constructed concept shaped by cultural,
societal, and historical factors (Brickell, 2006), and may serve as a theoretical explanation for the similar results
provided by the MT tools and the questionnaire. As mentioned before, bias in Al can arise when the training
data used to develop Al systems reflects and perpetuates societal biases and stereotypes. Hence, if the training
data contains gender imbalances or reinforces gender stereotypes, the Al system may learn and perpetuate
those biases in its outputs.

Gender distribution across job statistics (tool Gender distribution across job statistics

data) (questionnaire responses)
100% &
6%

9%

Male Job

aF oM &N 8F oM sN

Figure 6. Gender distribution across male and female group jobs (tools vs questionnaire)

After an aggregate analysis, we further inspected the data gathered from the survey. More specifically, we
divided the responses according to gender and according to awareness about the research scope. From this
analysis, substantial differences didn’t emerge, both in terms of gender difference and awareness of the purpose
of the research (Figure 5). However, the male respondents seem to be less biased with respect to the female
respondents, while the participants who had no awareness about the aim of the study were less biased for what
concerns the female job group.

Previous research has identified three approaches for bias mitigation (Ntoutsi et al., 2020). Firstly, pre-
processing methods concentrate on the data, with the aim of generating a "balanced" dataset that can be utilised
by any learning algorithm. The underlying concept behind these approaches is that by ensuring fairness in the
training data, the resulting model will exhibit reduced discrimination. Secondly, in-processing methods centre
around the ML algorithm itself, where the classification problem is reformulated by explicitly incorporating
the model's discriminatory behaviour into the objective function through regularization or constraints. Thirdly,
post-processing methods focus on the ML model by either modifying its internal mechanisms (white-box

approaches) or adjusting its predictions (black-box approaches).
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Conclusion

This study aims to investigate gender bias within some of the most widely used neural machine translation and
large language model tools. To conduct this research, we carefully selected a set of thirty Italian sentences
related to ten specific gender-neutral occupations that can be expressed in both masculine and feminine forms.
In our translations, we intentionally omitted the explicit mention of gender. These sentences were then
translated from Italian to English using various Al tools. Additionally, we designed a survey to gather
translations of the same sentences from human participants. The purpose of this survey was to compare the
responses obtained from the Al tools with those provided by human translators.

The results reveal the existence of two distinct biases. The first one called converging bias, describes
the tendency of the translation tool to utilise the same form of translation for all occurrences in the dataset
based on the initial translation. The second bias, known as gender bias, signifies a preference for a specific
translation form (either male or female) over the other. In our dataset, gender bias is highly associated with
occupations held mostly by men, while jobs which are statistically done by a female majority have more
variation. We also determined the more biased jobs according to the group selected and investigated the
discrepancies arising from different input modalities (full text, external document, one sentence at a time).
Lastly, the results of the survey are consistent with the outcomes obtained from the translations of the tools.
Notably, there is no significant difference in the outcomes based on the gender of the respondents or their
awareness of the research objectives. This research serves as an initial exploration into the presence of gender-
related biases within Al translation tools.

The research shows that the observed gender bias could have different implications for society. For
example, bias could reinforce the behaviour already embedded in people by perpetuating stercotypes about
jobs and societal roles. Moreover, such issues could underrepresent a determined gender, leading to translation
and non-recognition problems (women or men are not taken into consideration in determined translation
concerning a specific job, for example). Underrepresentation issues in a specific tool could also affect gender
representation across different cultures (Savoldi et al., 2021).

This study has both theoretical and practical contributions. From a theoretical point of view, we
contributed to the literature concerning Al bias derived from the data used to train the models by inspecting

the occurrence of bias inside translations made by Al tools. Specifically, we described and implemented a
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method to assess the presence of gender bias inside MT and LLM tools and compare their performances with
human behaviour and tendencies. We focused on translating sentences from a language that allows the
omission of the subject in sentences to a language that requires the subject to be made explicit. To this end, we
adapted the framework given by (Srivastava & Rossi, 2018) to better represent the process of developing and
translating the dataset occurrences and assessing the presence of bias. We discovered the presence of a
converging bias in which the outcome is influenced by previous translations. Overall, our research
methodology could be used to obtain preliminary insights into the phenomena under investigation.

From a practical point of view, this article can assist developers and designers to better identify the
presence of gender bias inside translation tools. While the presence of gender bias within these tools has been
discussed both in scientific literature and press articles (Stanovsky et al., 2019), there is still considerable work
to be done to address this issue and enhance the fairness of these Al tools. There is also the need to establish
standardised and unbiased ways to measure and identify such biases inside MT tools to rigorously evaluate
their outcome and give suggestions on which issues should be addressed. Moreover, as highlighted by Tomalin
et al. (Tomalin et al., 2021), it is not always necessary to address the bias in the underlying data before the
training of the algorithm, as this may lead to a worse outcome in certain cases. Our results indicate that these
kinds of biases are embedded inside society and are subsequently transferred to Al tools. For this reason, it is
crucial to address societal behaviour by raising awareness among individuals regarding these issues. In this
scenario, governments, firms, and policymakers should play a central role in nudging people to give more
attention to these aspects and, hence, in changing their behaviour. Additionally, it would be interesting to
further explore how to evaluate biased behaviour further, particularly in the context of determining the right
translation for each sentence.

The study also presents some limitations. First, the dataset used in this research comprises only ten
jobs and thirty sentences. Future studies could increase the dataset in order to explore gender bias across a
broader range of occupations and also assess the presence of gender bias in more complex sentence structures.
Moreover, concerning the usage of Al online tools, it would be interesting to investigate if the geographical
location from which the translation request is performed (e.g., using a VPN connection) could affect the final
outcome. Cultural traits characterising a specific geographical zone could influence the results as well as the

iterative nature of translation requests. Additionally, the current study focused solely on Italian to English
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translations. Future studies could use more languages that allow subject omission in the construction, such as
Spanish or Persian. Finally, concerning the survey, the sample used could be improved by increasing the
number and demographic variety of the respondents in order to have more meaningful insights from the

collected data.
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CONCLUSIVE REMARKS: A SOCIO-TECHNICAL PERSPECTIVE ON
FUTURE CHALLENGES

This thesis examines the issue of bias in Al through a socio-technical lens, emphasising that biases in
Al systems are not merely technical flaws but are deeply intertwined with social and organisational dynamics.
While much of the existing research focuses on algorithmic improvements, this work highlights that bias is
not only embedded in data and algorithms but also shaped by the institutional and societal contexts in which
Al is developed. By integrating computational literature reviews, qualitative investigations, and empirical case
studies, the thesis explores both the mechanisms through which bias emerges and the strategies organisations
adopt to mitigate it.

The interdependence of technical and social aspects is underlined throughout the various chapters.
However, a broader reflection on the main findings reveals that technical shortcomings in Al are not isolated
but inherently shaped by underlying social structures (Table 1). These social influences, in turn, could be
reinforced and reshaped by the technical limitations they contribute to. Each phase of the Al lifecycle presents
distinct challenges, all of which are rooted in social dynamics that become embedded in data, ultimately
influencing algorithmic decisions.

During the design phase, Al projects often face the challenge of using limited or unrepresentative data,
a problem that arises particularly in smaller organisations that lack the partnerships, financial resources, or
time necessary to acquire diverse and comprehensive datasets. Additionally, an overreliance on pre-trained
models can introduce and reinforce existing biases, especially when these models are trained on widely
available datasets that lack proper and customised data management. These challenges are further compounded
by the influence of historical biases embedded in data, as well as cognitive heuristics that shape how
development teams perceive potential end-users and define the contexts in which Al solutions will operate. If
design teams are homogeneous in terms of background or culture, they risk overlooking aspects that could
influence Al behaviour in real-world applications. Establishing a participatory environment that integrates
domain experts, community representatives, and ethically driven protocols is highly relevant to ensuring that
technical feasibility and fairness considerations reinforce, rather than contradict, each other. However, while
this principle is widely acknowledged in academic and industry discourse, practical constraints related to time,

financial limitations, and human resources often prevent organisations from having diverse teams or
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maintaining continuous engagement with experts and users. These constraints necessitate the adoption of
strategic compromises and tailored approaches, which, through continuous iterations, can still yield Al
solutions that balance ethical and technical requirements. Nevertheless, further research is required to identify
and map the strategies companies employ when faced with such constraints, providing insights on how
organizations cope with these trade-offs while developing fair and transparent Al systems.

During the development phase, efforts to refine datasets and enhance technical performance can
inadvertently introduce new biases if they are not counterbalanced by a strong awareness of how social
conditions shape user needs and experiences. Hardware-driven disparities present a significant challenge.
Consequently, technical decisions aimed at improving model performance or tailoring Al applications to
specific hardware ecosystems may unintentionally introduce inequalities among different user groups,
restricting accessibility and fairness. Another concern refers to the use of Al-generated data in model training,
which introduces the risk of feedback loops, where socially or culturally embedded assumptions become
reinforced with each iteration. This issue is particularly pressing in the context of model collapse, a
phenomenon that arises when Al-generated content saturates digital ecosystems, leading subsequent AI models
trained on such data to degrade progressively. Without proper oversight, this recursive process can influence
model outputs, reinforcing existing biases while diminishing the overall robustness and diversity of Al systems.
In parallel, many organisations fail to prioritise stakeholder engagement during the development phase, leading
to a misalignment between model accuracy, fairness objectives, and real-world expectations. The absence of
interaction with users, regulatory bodies, and affected communities can result in Al systems that are technically
robust but present fairness issues. To mitigate these risks, development teams could integrate fairness-aware
techniques alongside continuous stakeholder feedback mechanisms, ensuring that algorithmic refinements
align with broader societal considerations. Establishing stronger links between technical optimisations and
organisational best practices for ethical Al governance will enable teams to detect and correct imbalances
before they become deeply embedded in deployed solutions. It would be of interest, in this context, to explore
the mechanisms Al developers can implement during the development phase to effectively manage the
integration of Al-generated data into training processes, while also examining how other stakeholders involved

in the Al lifecycle can contribute to aligning technical performance with fairness and ethical constraints.
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In the deployment phase, once Al models are introduced into real-world environments, previously
undetected biases often become more visible. A significant challenge at this stage is ensuring that biases do
not emerge due to performance drift or the ongoing use of data that no longer accurately reflects societal
changes. Unlike biases that emerge immediately after development, these issues arise gradually over time,
often as a result of insufficient monitoring and periodic refinement. Without continuous oversight, Al systems
risk generating outputs that, while once considered fair or accurate, become misaligned with evolving social
contexts and user expectations. At the same time, organisations that fail to engage stakeholders effectively may
encounter resistance, particularly if decision-makers lack clarity regarding the model’s limitations or if end-
users are not properly equipped to recognise and report potential biases. Additionally, discrepancies can arise
when users interact with Al solutions in ways that deviate from their originally intended purpose, leading to
possible dangerous consequences that further complicate bias mitigation efforts. To mitigate these risks,
fostering continuous dialogue among developers, users, and external auditors becomes highly relevant.
Establishing post-launch auditing mechanisms to assess model performance and fairness over time can help
prevent newly emerging biases from going unaddressed. Moreover, aligning these audits with clear and
comprehensible explanations of how Al models generate decisions can enhance trust by improving public
understanding of AI’s capabilities and constraints.

Table 1. Socio-technical perspective on Al bias challenges

Al lifecycle Technical cause of Al Social/organisational cause | Possible avenues for future research
phase bias of Al bias

Limited or Social/historical biases How do resource constraints in smaller

unrepresentative data: shaping data. organizations specifically impact the

Pre-trained models or fairness and effectiveness of Al

datasets may reflect Cognitive heuristics. systems, and what adaptable

biases. Developers may ignore methodologies could help these

relevant factors or organizations overcome data
Inadequate data underestimate broader limitations without compromising
exploration & selection. contexts. ethical considerations?
Design . . o L . .
Overreliance on existing | Limited team diversity. What practical strategies do
(possibly biased) models. | Homogeneous organizations employ to balance
backgrounds/cultures. technical feasibility with ethical

Embedding datasets with requirements when facing resource

no proper data Limited times and resources | constraints, and how effective are

management. to design the Al solution. these approaches at achieving fair and
transparent Al systems compared to
more resource-intensive participatory
design methods?
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Table 1. (Continued)

Data correction &
balancing. Complex to
refine datasets without
inadvertently
introducing new
biases.

Hardware-driven bias
leading to suboptimal
experiences and
unfairness.

Platform compatibility
issues: Features
optimized for one

Not taking into account
the user/customer
feedback. Insufficient
stakeholder engagement
can lead to features that
ignore social or cultural
nuances.

How do technical decisions made
to optimize Al model performance
for specific hardware ecosystems
create accessibility barriers for
different user groups, and what
methodologies could measure and
mitigate these hardware-driven
disparities without sacrificing
computational efficiency?

What are the mechanisms by which
Al-generated data contributes to
model collapse, and how can
development teams implement

may go unaddressed.

Development device type may effective monitoring systems to
disadvantage users on detect and prevent reinforcement of
others. biases through these feedback
loops?

Risk of feedback loops

and model collapse. In what ways does continuous
stakeholder engagement
throughout the development phase
affect the alignment between
technical accuracy metrics and
real-world fairness outcomes, and
what organizational structures best
facilitate this integration of diverse
perspectives into the technical
development process?

Limited real-world Poor stakeholder How does performance drift in Al

testing. Many biases engagement. If key systems correlate with changing

only emerge during influencers (beyond end- social contexts over time, and what

deployment phase users) are unconvinced of | monitoring frameworks most

hidden issues remain AT’s value, the solution effectively detect misalignment

undetected if testing is | may face resistance. between model outputs and

inadequate. evolving societal norms before

Lack of user feedback. harmful biases emerge?

Insufficient monitoring

post-launch. Misuse of the Al solution | What factors contribute to

Performance drift or by the end user. stakeholder resistance during Al

Deployment newly emerging biases deployment, and how do varying

approaches to transparency and
explanation affect user trust?

In what ways can post-deployment
auditing mechanisms be structured
to capture both technical
performance degradation and
fairness concerns, and what
organizational practices best
support the integration of these
findings into continuous model
refinement processes?
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