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Abstract
AI fairness is at the center of many debates, but there are different perspectives on what it entails. Currently, purely technical 
algorithmic fairness approaches dominate the scene, often neglecting a sufficiently well-rounded view of social implications 
and ignoring the voices of lay people. With the end goal of overcoming these issues, we investigate and synthesize the points 
of contact and differences among computer science, sociological and lay people perspectives and move towards a lay-socio-
technical view of AI fairness. To this end, we conducted interviews with experts from the computer and social sciences, as 
well as a survey and co-creation workshops with lay people. Our results show that there are sometimes conflicting views on 
AI fairness across these perspectives. An integrated view requires two processes of negotiation: (a) between computer and 
social sciences, and (b) between experts from both disciplines and lay people. We identify strategies for supporting these 
processes, but we state that they are ultimately possible only if there is a rebalance of current power relations between the 
disciplines, and between experts and lay people.
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1  Introduction

The numerous cases of discrimination linked to the use of 
artificial intelligence (AI) systems (O’Neil 2016; Buola-
mwini and Gebru 2018; Obermeyer et al. 2019; Angwin 
et al. 2016) have stimulated reflections on the subject of 
fairness, both at academic and non-academic level. In aca-
demia, the topic of AI fairness is being addressed by vari-
ous disciplines, each viewing the phenomenon through its 
own lenses and bringing its own perspective to the topic. 
On the non-academic side, concerns have been voiced over 
the use of AI systems in everyday life—from the spheres of 
healthcare and education, to transportation and entertain-
ment, and many others. These concerns often culminate to 

whether system outcomes, such as decisions, predictions, 
or recommendations, are fair. For example, in the simplest 
cases, lack of fairness may be found in spurious connection 
between system outcomes and certain demographics, biased 
data used as AI inputs (e.g., some systems learn from rac-
ist jurisdictional decisions), or favor towards demographic 
majorities.

Although debates over AI fairness have grown in matu-
rity, they have also given rise to a number of different—and 
often conflicting—perspectives among disciplines (computer 
science, philosophy, social sciences, law, etc.) and among 
stakeholders1 involved in the process of defining what fair AI 
looks like. In this paper, we focus on three actors: computer 
scientists, lay people, and sociologists. To begin with, com-
puter scientists are those implementing AI systems and ulti-
mately responsible for the appropriate integration of fairness 
concerns, for example by following trustworthy development 
principles and measuring and mitigating specified types of 
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1  With stakeholders we refer to individuals or social groups who 
might be positively or negatively affected by the use of an AI system. 
They include, for example, those who develop the system, its users, 
the organizations profiting from it, policymakers, and vulnerable 
groups who might be discriminated against by its use. They may also 
include product owners, such as parent or funding organizations, that 
drive the system’s main technical specifications in terms of functional 
requirements (what it does) and non-functional ones (its general prop-
erties).
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bias. To address fairness concerns, computer science has 
created the emerging field of algorithmic fairness, an area 
of research focusing on strategies to ensure AI systems do 
not discriminate against individuals or groups. However, as 
of writing, the latter often relies on simplifications that make 
it hard to process the full range of real-world complexity 
and often lead to ignoring some valid but less frequently 
encountered fairness concerns. In order to address this issue, 
lay people are increasingly involved in AI design (Delgado 
et al. 2023) and asked to provide their view on what fairness 
is, as for example happened for the creation of the AI Act.2 
This aligns with goals for democratization, which is steadily 
emerging worldwide. Finally, sociologists study how these 
technologies are produced and the social consequences of 
using these systems, highlighting their potential risks and 
negative impacts. They can also serve as mediators between 
other actors, for example by providing support in gathering 
and organizing feedback from lay people.

In this paper we investigate the perspectives of these three 
actors on AI fairness and compare them with the current sta-
tus of algorithmic fairness. We then try to meld these discus-
sions into a lay-socio-technical perspective on AI fairness. 
We start from the idea that fairness is a perceived category 
that is negotiated among different actors. In the paper, we 
focus on two processes of negotiation: (a) how to combine 
the computer science perspective with the sociological one 
and (b) how to integrate the construction of AI systems with 
the opinions of lay people. These processes require nego-
tiation because they involve forms of potential conflict and 
mediation. For example, if we consider AI systems used to 
decide on loan requests, the bank and the clients might have 
a different idea on what a fair outcome of the process would 
be. As further explored in Sect. 4.1.1, the bank might want 
the system to be impartial, while the clients might want their 
personal circumstances to be taken into consideration.

This manuscript reflects results from the work of the 
authors in the MAMMOth project,3 an EU project that aims 
to build a toolkit that assists AI creators in the detection and 
mitigation of biases with a lay-socio-technical perspective. 
In line with this goal, we interviewed both technical experts 
and sociologists to further explore how they approach and 
intend the study of AI fairness. In parallel, we involved 
groups that, according to the literature (O’Neil 2016; Buo-
lamwini and Gebru 2018; Eubanks 2018), are often at risk 
of being discriminated against by AI systems (migrants, 

LGBTQ + communities, women, etc.). These groups were 
involved through a survey and a number of co-creation 
workshops to further explore their ideas on what a fair use 
of AI systems would entail.

The article is structured in six sections. After this intro-
duction, in Sect. 2, we briefly analyze the technical, socio-
logical and lay perspectives on AI fairness. As these diverse 
angles offer different understanding of the same phenom-
enon, we speak of fairnesses (in the plural). Sections 3 
and 4 illustrate the methodology and results, respectively. 
In Sect. 5, we discuss the main evidence and compare the 
opinions on how to build fair AI systems from the three 
perspectives—and with the current state of algorithmic fair-
ness. We then suggest some directions on how to promote a 
lay-socio-technical perspective on the topic. We conclude by 
emphasizing what we consider to be an overarching theme: 
the need to redefine power relations between disciplines and 
between experts and lay people, ensuring the opportunity 
for different views to find space in the discussion on how to 
build AI systems that are fairer.

2 � Unpacking AI fairness(es)

In this article we focus on three approaches towards AI 
fairness: (a) the computer science perspective, also known 
as algorithmic fairness, (b) the sociological approach, and 
(c) the lay people approach. The technical understanding 
of algorithmic fairness mainly focuses on mathematical 
methods and numerical analysis. Although this approach 
has many benefits and is widely used in the industry, other 
disciplines—like sociology—argue for a broader, context-
focused understanding of fairness. Such understanding 
takes into account the imbalances in power dynamics and 
puts an emphasis on not worsening the already existing 
inequalities. For this reason, sociologists call for including 
a diverse array of stakeholders in AI system’s design pro-
cesses and encourage a more bottom-up approach. Similarly, 
a lay understanding of fairness includes protecting personal 
data, tackling fear of discrimination and minimizing similar 
types of personal wrongdoings. Echoes of these viewpoints 
have been picked up by computer scientists, but have yet to 
become a cornerstone of algorithmic fairness research and 
development.

2.1 � Algorithmic fairness

Algorithmic fairness research papers mainly follow four 
directions: (a) expressing a principle mathematically, and 
introducing algorithms to satisfy it in a specific scenario 
(Mitchell et  al. 2021). Such works can serve as techni-
cal reference, but rarely recognize the negotiation that took 
place behind the scenes. For example, studies of real-world 

2  Regulation (EU) 2024/1689 of the European Parliament and of the 
Council of 13 June 2024 laying down harmonised rules on artificial 
intelligence and amending Regulations (EC) No 300/2008, (EU) No 
167/2013, (EU) No 168/2013, (EU) 2018/858, (EU) 2018/1139 and 
(EU) 2019/2144 and Directives 2014/90/EU, (EU) 2016/797 and 
(EU) 2020/1828 (Artificial Intelligence Act)Text with EEA relevance.
3   https://mammoth-ai.eu/ (Accessed 17/10/2024).
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approval like those of Saxena et al. (2019), Bankins et al. 
(2022), and Starke et al. (2022) are rarely conducted. (b) 
Porting existing fairness assessment methods and algorithms 
to new data. For example, in addition to tabular data, fair-
ness is also analyzed for images (Parraga et al. 2023), graphs 
(Dong et al. 2023), and large language models like ChatGPT 
(Zhang et al. 2023). (c) Improving existing algorithms in 
terms of computational efficiency, accuracy-fairness trade-
offs, explainability (Dodge et al. 2019), or the participation 
of humans in the decision-making process (Nakao et al. 
2022). (d) Creating new fairness paradigms, ideally based 
on legal or philosophical definitions, which grapple with the 
discrepancy between abstract philosophy and unambiguous 
technical phrasing.

Mathematical definitions of fairness typically create pre-
dictive equilibria between individuals or population sub-
groups, and recognize imbalances of predictive measures 
(e.g., different misclassification rates) as a form of bias. 
There are three main technical schools of thought (Ntoutsi 
et al. 2020; Barocas et al. 2023; Castelnovo et al. 2021); 
individual fairness that enforces a maximal predictive dif-
ferences between similar individuals (Dwork et al. 2012), 
group fairness that conditions predictive measure analy-
sis on each population subgroup that contains overlapping 
sensitive characteristics (e.g., gender, ethnicity) (Calders 
and Verwer 2010), and counterfactual fairness that simu-
lates real-world mechanisms with causal models and then 
removes bias from their outcomes through statistical meth-
ods (Kusner et al. 2017). Some definitions are contradictory 
in that, mathematically, they cannot be concurrently satis-
fied. They may also be at odds with the perceived business 
utility of AI (e.g., with its accuracy on selected datasets) in 
which case one may maximize utility subject to minimum 
fairness constraints, maximize measures of fairness subject 
to a desired level of utility, or optimize numerical trade-offs 
between fairness and utility.

Few approaches attempt to bridge the gap with social 
issues encountered in practice, as computer scientists are 
often not well-educated on the social ramifications their 
systems could create, and due to the technical (e.g., math-
ematical, implementation, system design) challenges of sat-
isfying even conceptually simple definitions of fairness. In 
fact, algorithmic fairness often focuses on addressing sim-
ple challenges in practical frameworks (Bellamy et al. 2019; 
Bird et al. 2020), with the implicit assumption that practi-
cal adoption should be overseen by corresponding experts. 
However, this rarely happens in practice, which has led to 
attempts at mapping real-world considerations to technical 
definitions (Khan et al. 2021). This principlist approach 
(John-Mathews et al. 2022), albeit valuable in many con-
texts where fairness concerns can be modeled with existing 
mathematical formulas, encounters a barrier when ported to 
unforeseen settings.

In general, algorithmic fairness is one of the interplay-
ing facets of trustworthy AI, which may also include other 
scientific and social science concerns. For example, it may 
not only be sufficient to make algorithms fair, but also make 
them robustly fair, where robustness refers to systems that 
are reliable in situations that are not encountered during their 
creation (Marcus 2020). One form of robustness is for small 
perturbations of inputs to induce only small changes to pre-
dictions. Aside from purely algorithmic practices, techni-
cal fairness may also include ongoing system monitoring, 
for example through processes known as TrustAIOps (Li 
et al. 2023) that incorporate ongoing user feedback about 
unfairness. One emerging area of research that serves as an 
example of how technical fairness research can be applied in 
the real world is that of algorithmic recourse (Karimi et al. 
2021). This is a type of counterfactual fairness that not only 
provides explanations about bias or unfairness, but also sug-
gests a series of human actions that may lead to desirable 
outcomes for individuals or fairer social outcomes.

2.2 � AI fairness in sociology

Although it is the technical understanding that has domi-
nated the subject literature, sociologists note that fairness 
must encompass much more than the technical side. In soci-
ology, AI systems are analyzed as sociotechnical systems, 
where the social and the technical aspects are deeply inter-
twined (Sartori and Theodorou 2022). In particular, fair-
ness is a complex concept that encompasses social, legal, 
ethical, and technical aspects. Therefore, reducing fairness 
to a mere problem of mathematical optimization risks ignor-
ing the social context and the elements that cannot be fully 
computed and operationalized.

Sociologists note that AI systems often reflect the mate-
rial basis of the social world in which they were built. This 
means that AI systems are deeply connected to power rela-
tions and this is clear from the many forms of discrimination 
that they perpetuate. The literature on the topic (e.g., Noble 
2018; Crawford 2021) shows how power relations embed-
ded in algorithms can perpetuate social inequalities and bias 
and explores the socio-political and environmental power 
dynamics involved in building and deploying AI systems. 
Systems built under white supremacy, capitalism, heteropa-
triarchy and colonialism should be examined as to not rein-
force these same power dynamics and not to “perpetuate and 
amplify” the same power imbalances that already exist in 
society (Weinberg 2022). This can mean, for instance, fixat-
ing on representation of various marginalized groups within 
the data while ignoring the socio-economic conditions that 
produce those inequalities in the first place. The issue of 
inequalities has always been at the center of sociological 
research, and the extensive literature on the subject can-
not be ignored when discussing the topic of fairness. Thus, 
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sociologists emphasize the need for contextual understand-
ing when it comes to AI fairness (Zhou et al. 2022).

The above considerations should be taken into account 
not only during the design of technical tools, but also in 
areas like the education of computer scientists (Luchs et al. 
2023). In such areas there is usually a focus on collecting fair 
and representative data, but other areas should be considered 
as well, such as continuous evaluation of the system’s fair-
ness at all stages of development, honestly acknowledging 
the weaknesses of the system (Fenu et al. 2022). The crea-
tors of AI systems must embrace and understand their active 
role in creating such systems, thus focusing on the process of 
constructing meaning from data (Barabas et al. 2020). Due 
to the risks of reproducing existing unequal power dynamics 
and over-fixating on the technical, it is important to consider 
whether the systems should be built in the first place (Wein-
berg 2022) and avoid techno-solutionism, which refers to the 
idea that technical solutions are always the best way to solve 
complex social problems (Morozov 2013).

Sociology examines whose values are embedded in the 
systems and the power relations they (re)produce (Joyce 
et  al. 2021), emphasizing that every technical decision 
is inherently political and is thus linked to values, power 
dynamics and potential inequalities. For example, a binary 
gender classification between males and females—that is 
often adopted in AI systems—obscures non-binary genders 
(Costanza-Chock 2020), illustrating that categories like gen-
der and ethnicity are socially constructed and influenced by 
power relations (Carey and Wu 2023). Despite reluctance to 
take a political stance in AI development, not taking a stance 
is itself a choice (Benbouzid 2023). Based on these con-
siderations, Kalluri (2020) advocates for AI fairness efforts 
directed towards altering power relations and involving 
vulnerable groups in co-creating AI systems, ensuring their 
voices and concerns are addressed, as discussed in Sect. 2.3.

Furthermore, while advocating for a more nuanced and 
context-specific interpretation of AI fairness, a sociological 
approach focuses on ideas such as a sufficiently in-depth, 
clear and informative explanation of AI systems’ decisions 
(e.g., Borch and Hee Min 2022). This, however, can be in 
opposition to the more dominant fairness perspective of 
algorithmic fairness, which emphasizes numerical optimiza-
tion. A sociological approach might emphasize, for instance, 
trading numerical metric scores for a more context-specific 
explanation of the system’s decisions. Such tradeoff can be 
seen in having to pick whether to implement an interpret-
able, white-box AI model with lower benchmark scores, or 
an efficient black-box model that can only be explained to a 
lay person approximately and ad-hoc.

There is also emphasis on describing the AI system to dif-
ferent stakeholders. This should be considered in the context 
of, for example, the training of people who will be using the 
tool, but especially those most affected by what the outcome 

is—they not only need to know the decision and when the 
final decision is made in the first place, but also how to 
appeal, who is responsible, and so on (Starke et al. 2022).

2.3 � Lay people’s opinions on fairness

A growing body of literature on the topic of AI fairness 
emphasizes that the design and development of AI systems 
should follow a bottom-up approach starting from key stake-
holders’ ideas on fairness. This has been called the “partici-
patory turn” in AI design (Delgado et al. 2023) and contrasts 
with the typically top-down way development teams work, 
which ends up building fairness from general concepts and 
well-established mathematical definitions. The top-down 
approach has been criticized for being expert-driven, with 
little consideration of the social context and the opinions 
and concerns of the actors who will use or be affected by 
the system (Greene et al. 2019).

In this regard, a pragmatic approach has been seen as a 
way of embedding lay people’s views on fairness by build-
ing “ethics from people’s lived experience, perceptions, nar-
ratives and interpretations” (John‑Mathews et al. 2022: p. 
946). Following this approach means dealing with the exist-
ence of pluralistic socio-technical (Bakiner 2023; Jasanoff 
and Kim 2009) and algorithmic imaginaries (Bucher 2016) 
that can influence how AI and its associated benefits and 
risks are perceived by different stakeholders. The first con-
cept refers to institutionalized visions of a technological 
future as represented by corporations, social movements 
and professional societies, and the second to how lay peo-
ple imagine, perceive and experience algorithms in their 
everyday lives.

Taking a participatory approach to the definition of fair-
ness might imply for AI creators to deal with multiplici-
tous—and often conflicting—ideas on what constitutes a 
fair solution to a problem. For example, Lee et al. (2017) 
show the existence of multiple conceptions of fairness in the 
creation of an algorithm for the allocation of food donations; 
stakeholders have different opinions about what criterion 
would allow a fair allocation of resources (efficiency, equal-
ity, equity) and about what constitutes a fair procedure to 
assess the receivers’ level of need. There are thus challenges 
on deciding whose values and whose ideas of fairness should 
be prioritized and implemented in an AI system, highlight-
ing how every technical decision is a political decision that 
potentially favors some and penalizes others.

Moreover, participation in AI creation is influenced by 
power relations, which determine who gets to be part of the 
conversation, in what forms and to what extent. Depend-
ing on the level of power granted to the stakeholders in the 
decision-making process and their level of involvement, Del-
gado et al. (2023) distinguish four forms of participation: 
consultation, when stakeholders are involved to improve 
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the user experience; inclusion, when stakeholders’ values 
are incorporated into the design of the AI system; collabo-
ration, when stakeholders decide on the system’s features; 
and ownership, when stakeholders are involved throughout 
the project’s lifecycle and decide on the actual scope of the 
system’s creation. The preservation of power asymmetries 
between AI creators and the people affected by these systems 
can then negatively affect the real participation of stakehold-
ers (Maas 2023), potentially leading to forms of “participa-
tion washing” (Sloane et al. 2022).

Many surveys investigate non-experts’ hopes and con-
cerns on the use of AI. Abuse of personal data, AI mistakes, 
unclear accountability, potential discriminations, and the 
fear of being controlled and manipulated are frequently cited 
concerns (BEUC 2020). On the other hand, improved ser-
vices and management of everyday lives, efficiency, and cost 
savings are often listed among the benefits of AI systems 
(Pallett et al. 2024). Attitudes towards AI can be influenced 
by each person’s level of algorithmic awareness (Gran et al. 
2021), which can also lead to new forms of digital divide 
between those who possess the skills to critically interact 
with the systems and those who do not. Araujo et al. (2020) 
show that online self-efficacy—the perceived ability to pro-
tect personal data—is associated with higher expectations 
of the usefulness and fairness of automated decision-making 
and lower perceived risks. Furthermore, forms of algorith-
mic resistance (Bonini and Treré 2024) and self-help strate-
gies to reduce the risks associated with the use of AI systems 
(Kappeler et al. 2023) show that non-experts are far from 
being passive recipients of technology and are finding ways 
to exercise their agency and play an active role in shaping 
and interacting with AI systems.

The inclusion of non-experts’ opinions, values and con-
cerns adds complexity to the creation of AI systems and 
requires AI creators to also address aspects that are difficult 
to operationalize, as we will show in Sect. 4.2, where we 
present the results of the involvement of vulnerable groups 
in our research.

3 � Methodology

The research presented in the following subsections explored 
the ideas and opinions on AI fairness of experts from both 
technical and social sciences, as well as lay people, to see if 
and how they differ. The analysis of these perspectives on 
the same topic was aimed at finding points of contact and 
key differences, hereby forming a basis on how to reconcile 
different opinions and views. Experts from different disci-
plines were involved to identify clashing approaches that 
could complicate interdisciplinary work. On the other side, 
lay people contributed to the discussion by expressing their 

opinions and concerns on the use of AI systems in everyday 
life, bringing their own perspective to the table.

The study received ethics approval in February 2023 from 
the Ethics Committees of the University of Bologna and of 
the Centre for Research and Technology Hellas (CERTH). 
The research activities were conducted as part of the MAM-
MOth project, and were centered around three use cases. The 
first aims to bring fairness considerations when profiling 
people based on financial data (e.g., for credit scoring) and 
focuses on financial exclusion concerns, which are typically 
tied to social exclusion. The second aims to debias authori-
zation decisions that leverage computer vision data to make 
predictions. For example, one sub-objective is to retain low 
false acceptance rates when authenticating people by com-
paring a picture with their identification document while 
providing similar rates for failing to identify members of 
different sensitive groups. The third investigates biases that 
occur when analyzing relational networks, how they arise, 
and which mitigation strategies can be applied. A focal point 
are disparities between genders and ethnicities in academic 
citation and collaboration networks, especially in the science 
and engineering fields.

Information sheets were distributed to the participants of 
the interviews and the co-creation workshops prior to the 
activity and signed consent forms were collected. Appro-
priate information sheets were distributed together with the 
survey and respondents were asked to provide their consent 
before filling the survey.

Our study has a few notable limitations. Because we focus 
mostly on qualitative rather than quantitative aspects, we 
do not claim to be representative of the general trends of 
the whole field of AI fairness, but rather to explore some of 
the underlying structural logic that many discussions sur-
rounding AI fairness are built upon. For instance, although 
we conducted a survey as part of our methodology, we do 
not claim for it to be representative, but rather to serve as 
a method to better capture some of the prevailing thought 
patterns regarding AI fairness discussions, as well as to gen-
erate some ideas for our co-creation workshop activities. 
Furthermore, our preconceptions as researchers should be 
kept in mind while familiarizing with our study, as our focus 
on alleviating the power imbalances and inequalities cur-
rently present in the AI field guided our choice of methods 
and analysis.

3.1 � Interviews with experts

Between April and July 2023, we conducted 29 semi-struc-
tured interviews with experts studying the topic of AI fair-
ness. 17 experts came from the social sciences—for the most 
part from sociology—, 10 from computer science, 1 had 
a background from both disciplines and 1 came from the 
legal domain. The aim of the interviews was to reconstruct 
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the technical and sociological view on the topic of AI fair-
ness and thus to identify points of contact and differences. 
Experts from the two domains were therefore asked the same 
questions, which focused on identifying their ideas on how 
to build fair AI systems.

Recruitment was carried out by asking the MAMMOth 
project partners to indicate possible experts on the topic 
from the academia and/or non-profit organizations deal-
ing with the topic. Further contacts were collected with the 
snowball sampling technique. This process led to a diversi-
fied group of interviewees in terms of gender, provenance, 
and career level. The interviews were fully transcribed and 
a thematic analysis was performed with the support of the 
software NVivo, in order to identify the key themes that 
the interviewees suggested as important for achieving AI 
fairness. Following this coding process, we compared the 
themes mentioned by social and computer scientists in order 
to identify areas of conflict and agreement.

3.2 � Gathering the opinions of lay people

As part of our investigation about lay people’ perceptions 
on what fairness means to them, we co-organized a sin-
gle survey and six co-creation workshops. The activities 
involved vulnerable groups at risk of discrimination by AI 
systems. Participants were recruited from partner organiza-
tions: Associaciò Fòrum Dona Activa 2010 working with 
women at risk of social exclusion including ethnic minorities 
and domestic violence victims; IASIS NGO working with 
ethnic minorities, young people and unemployed receiving 
social support; Diversity Development Group working with 
migrants, non-EU citizens and ethnic minorities; and Rijksu-
niversiteit Groningen that involved early career researchers 
belonging to the LGBTQI + community and/or ethnic and 
religious minorities.

3.2.1 � Survey

The survey was circulated among vulnerable groups from 
partner organizations from the beginning of April 2023 to 
the end of May 2023. The survey was first designed in Eng-
lish and later translated into four different languages used 
by the groups that the survey was trying to reach: Spanish, 
Catalan, Greek, and Russian. The questionnaire was divided 
in five parts: (1) an investigation of each respondent’s gen-
eral level of awareness on AI, (2) their opinions on the use 
of AI in finance, (3) for ID verification, (4) in the academic 
citations and collaborations domain, and (5) the collection 
of the main demographic characteristics of the respondents, 
which are summarized in Fig. 1.

During the survey period, we collected 171 complete 
answers and 58 incomplete answers. The survey acted as an 
exploratory study into lay people’s opinions on AI fairness. 

It did not aim to be representative, but to collect useful 
insights that could inform the co-creation activities. Only 
descriptive statistical analysis was thus performed. However, 
future probes should consider improving representation, 
especially if the end-goal is extracting quantitative fairness 
criteria.

At the beginning of the survey the respondents were 
asked to share their degree of familiarity with artificial 
intelligence. After this introductory question, they were 
provided with a definition of Artificial Intelligence and a 
textual description of the examples presented in Fig. 2—
each referring to a different use case. The respondents were 
then asked to evaluate three AI use case scenarios: (a) a 
divorced man of close-to-retirement age being denied a loan 
due to his age being identified as a risk factor, (b) a black 
woman not being correctly identified by an AI identifica-
tion system while comparing a selfie to an ID card picture, 
as AI systems often fail to identify black women, and (c) a 
researcher from a large university being prioritized in online 
search results over a researcher from a small university with 
similar research portfolio due to her not having as many 
international connections which affects the citation number.

3.2.2 � Co‑creation workshops

In May 2023 a total of six co-creation workshops were con-
ducted on the MAMMOth project use cases (see Table 1). 
The topics that were explored during the workshops 
included, but were not limited to, the following ones:

1.	 The participants’ opinions on the use of AI in the spe-
cific use cases.

2.	 What they thought a fair outcome would be when using 
these systems in real-life.

3.	 How they felt about the use of AI in specific use cases.
4.	 Their concerns about the use of AI in the use cases and 

the benefits that they identify.

Fig. 1   Summary of survey respondent characteristics. Bars visualize 
representational imbalances by comparing each group’s representa-
tion to the maximum (full bar) of the same group of characteristics



AI & SOCIETY	

5.	 Their previous experiences, if any, with the use of AI in 
specific use cases.

6.	 What groups of people they thought might be negatively 
affected by the use of AI in the use cases.

A brief training session on AI was conducted to provide 
the participants with at least a basic understanding of the 
topic and to familiarize the participants with basic terms and 
ideas. The training showcased real-life examples of how AI 
can reproduce discrimination and showed how AI works at 
a basic level. Also in this case, a thematic analysis was per-
formed in order to identify the underlying ideas, meanings, 
and perceptions of the participants regarding AI fairness.

4 � Results

We now present the main results of the above-described 
research activities. In Sect. 4.1, we analyze the interviews 
conducted with AI experts, and investigate possible points 
of contact between the approaches of social and computer 

sciences (Sect. 4.1.1). We thus try to build a common ground 
that can serve as a basis for discussion and interdisciplinary 
work on the topic. However, we also identify aspects that 
we believe to be harder to reconcile (Sect 4.1.2). For each 
excerpt, the number in square brackets indicates the identi-
fier of the interview from which it was taken.

In Sect. 4.2, we present the opinions and concerns of the 
vulnerable groups involved in the survey and the co-creation 
workshops. These show how the involvement of non-experts 
in the development of AI systems creates new challenges 
in translating lay and general ideas into something that an 
AI system can understand. Nonetheless, it also broadens 
the perspective by including considerations that may have 
received little attention in algorithmic fairness research.

4.1 � Interviews with experts

4.1.1 � Points of contact

Fairness is context specific. Both computer and social 
science experts emphasized that there cannot be general 
definitions of fairness, because fairness is context specific. 

Fig. 2   The three AI use case scenarios evaluated by respondents

Table 1   Six workshops were 
conducted online and on-site in 
various locations

# Use case(s) Location No. of participants

1 Academic citations and collaborations Online 7
2 Finance, identity verification Spain and online 17 on site and 2 online
3 Finance Greece 20
4 Finance Greece 4
5 Finance Greece 4
6 Finance, identity verification Online 5
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Therefore, they stressed that any consideration regarding 
fairness needs to be contextualized as it can change in time 
and space. It was also mentioned that fairness is cultur-
ally dependent; what is considered fair may change when 
AI systems are used in new contexts. Furthermore, as one 
respondent noted: “when we consider issues of fairness, it’s 
not about algorithmic fairness; it’s about […] the fair crea-
tion of an algorithm within the context and the importance 
of these contextual factors” [I4], so understanding how an 
algorithm operates in a given particular context. There was 
then an agreement on the fact that AI solutions should be 
context/use case specific—referring to concrete models, 
concrete datasets, concrete applications, linked to theory/a 
specific harm/a specific community to avoid generalizations. 

The interviewees also acknowledged the need for an 
interdisciplinary methodology that can be followed when 
approaching the problem of fairness in AI systems. Some 
interviewees also mentioned the importance of looking at 
the entire system’s life cycle (model development, model 
application, etc.), in order to understand where and when 
biases and discriminations arise. This includes monitoring 
and maintenance after the system is deployed—e.g., periodi-
cally auditing the system and letting stakeholders evaluate 
it recurrently–, as new sources of unfairness could emerge 
after initial deployment.

Fairness is not only a technical problem. Many interview-
ees recognized that fairness is a multi-layered dimension that 
includes ethical, legal, social and technical aspects, among 
others. However, it was highlighted that fairness is often sold 
as a technical problem, which runs the risk of overlooking 
those aspects of the problem that escape technical solutions. 
Some of these non-technical aspects emerge clearly from 
the opinions of non-experts and are presented in the follow-
ing subsection. A common opinion among the social scien-
tists and the non-experts involved in our research is that AI 
should support and not replace human decision making, as 
human judgment should remain key. AI was defined by one 
of the interviewees as “a tool to assist humans in the deci-
sion, but where the human is given considerable agency” 
[I6]. Whilst this was recognized as a key fairness require-
ment, it is something that cannot be pursued via technical 
solutions, as it regards the fair implementation and use of an 
AI system in everyday life. However, it can still be supported 
by technical solutions like strategies to prevent users from 
being too willing to accept the results of the AI system. As 
mentioned by one of the interviewees: “it is better to have 
a less efficient machine, which keeps human attention high, 
rather than one that makes fewer mistakes and which we rely 
on completely” [I19].

Fairness regards the involvement of stakeholders. Both 
computer and social scientists mentioned that the creation 
of AI systems should be collective, deliberative, participa-
tory—created through a constant dialogue with different 

stakeholders, including those who are not usually part of 
the debate due to linguistic, cultural, or status reasons.

Computer scientists stressed that the consequence is that 
developers might need to deal with different conflicting 
metrics. Fairness was defined by a computer scientist as a 
normative claim about the distribution of utility to different 
classes of individuals [I17]. The interviewee stressed that in 
AI systems there is the risk to treat one normative claim as 
the only one that counts as fairness by prioritizing some met-
rics over others—and thus some opinions over others. For 
this reason, social scientists highlighted that every decision 
concerning fairness in AI systems is a political decision that 
reflects certain values and potentially (re)produces power 
dynamics. In a situation where there are conflicting opinions 
on fairness, this is reflected in choosing to prioritize one 
perspective over another. An example of conflicting ideas 
was presented by one interviewee who has worked on the 
use of AI in finance and conducted some workshops with 
both lenders and people who could be potentially affected 
by the use of the system. The interviewee mentioned that, 
whilst lenders wanted AI to be systematic, the bank clients 
wanted AI to be empathetic and compassionate, considering 
their personal situation and history when making a decision.

The limits of fairness. Both computer scientists and social 
scientists stressed the importance of recognizing the limits 
of fairness; fairness was described by a social scientist as 
a “horizon” [I1], something that cannot be fully achieved, 
but that AI systems should tend towards. The interviewees 
stressed that, from a technical perspective, the limits of each 
system and of each metric should be made clear. Transpar-
ency and explainability were mentioned by both disciplines 
as key contributors to identifying these limits. Computer 
scientists focused on the use of Explainable AI (XAI) tech-
niques to explain unfairness. Being clear on the limits of 
each system includes also for the system to signal cases of 
extrapolation, so when the system is making decisions based 
on data that go beyond its training.

On the other hand, social scientists highlighted the impor-
tance of creating processes that are understandable by dif-
ferent stakeholders, with different levels of knowledge of 
AI and how it works. The suggestion was to translate the 
processes to languages that are appropriate for different 
actors and while accounting for their level of information 
needs. In particular, it was mentioned that people affected 
by the use of AI should be told the reasons behind decisions, 
in order to guarantee their right to explanation. For exam-
ple, in AI systems used in the finance sector, clients should 
be able to understand the reasons why they receive or are 
declined a loan. Transparency also allows us to understand 
what variables the system is using to decide and which have 
more weight in influencing the final decision. It was men-
tioned that it is also important to introduce the possibility 
of appeal if people impacted by the system don’t agree with 
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its output—and again appeal is possible only if the system 
is transparent.

4.1.2 � Open tensions

In the analysis of the results, we have identified three meth-
odological aspects that we believe to be more difficult to rec-
oncile between the sociological and the technical approaches 
to AI fairness. First is the very process of finding definitions 
of fairness that can be translated into mathematical formulas. 
Whilst algorithmic fairness focuses on concrete definitions 
that can be expressed mathematically, in the sociological 
literature there are no definitions as such, but instead a focus 
on the contextual nature of the opinions on the topic and the 
conflicts that can arise from different perspectives. In fact, 
in social sciences, fairness is not something that can be fully 
computed and operationalized. For example, the experts 
mentioned that fairness regards not only the ability to build 
unbiased AI systems, but also the aim those systems are built 
for: unbiased AI systems can still be unfair when applied to 
unfair contexts or built for unfair purposes. Facial recogni-
tion was mentioned as an example that is inherently unfair 
due to its purpose and regardless of technical safeguards. 
Although these differences require more coordination work 
between disciplines, we believe that ways can be found to 
collaborate on these issues. For a proposal on an interdisci-
plinary approach to defining fairness, see the AI Creator's 
AI Fairness Definition Guide that was written as part of the 
MAMMOth project (Krasanakis et al. 2024).

A second aspect concerns the foundations of the afore-
mentioned disciplines in approaching the study of AI fair-
ness. Social sciences tend to have a complexity-oriented 
approach, aimed at problematizing the use of technology 
and its implications. This hinders engagement with a busi-
ness world that is increasingly oriented towards techno-
solutionism. Moreover, the social sciences approach clashes 
with how computer science tends to simplify the world so 
as to translate it to mathematical terms. For example, it was 
mentioned that, to account for a sociological perspective, 
computer scientists need to come to terms with the uncom-
fortable feeling that there are not always easy solutions to 
problems.

A third aspect regards the view on the connection between 
the social and the technical aspects of AI fairness. The 
interviews echo the literature consensus that fairness in 
computer sciences is seen primarily as a problem that can 
be approached through technical solutions. Such solutions 
include good quality training data and sampling strategies 
that are as balanced as possible with regard to sensitive char-
acteristics; the need to train the system multiple times; the 
need for technical mitigation strategies. The experts reported 
that the main narrative in computer science describes unfair-
ness as something present in the real world, so not something 

that an AI expert should worry about, as not part of their 
area of expertise [I12; I15]. However, from a sociological 
perspective, technical aspects are deeply intertwined with 
the social ones. As mentioned by one of the interviewees: 
“Fairness and unfairness cannot be identified without the 
social fabric in which the system is implemented” [I1], 
which includes an analysis of the power relations at play. 
This confirms why an interdisciplinary approach is needed 
in order to shed light on this interconnection and include 
“the decades of discussion about fairness in social sciences” 
[I11].

4.2 � Lay people’s perceptions

In this subsection the results from our survey and workshops 
are provided. Most survey interviewees (87%) declared at 
least some knowledge of AI. The workshops, however, are 
closer to the reality of lay people. Although prior to the 
introductory presentation only a few participants were famil-
iar with the current state and influence of AI in society, after 
the presentation the participants realized that they encounter 
narrow AI on a daily basis and use its services regularly, 
such as Google Maps, translation services, Spotify, etc. 
Some participants were surprised that AI tools are already 
utilized in high-stake systems such as banking. All these 
interactions once again showcase that, although non-experts 
may not be familiar with the technical side of AI, a large 
amount of consequences of AI use fall on their shoulders, 
whether with or without their knowledge.

4.2.1 � Benefits of using AI

Most participants agreed that AI can bring some benefits in 
daily life and can make things more efficient. For instance, in 
workshops on finance, benefits like improved customer expe-
rience, freeing staff from repetitive tasks and fraud detection 
were named, among others.

Some people believed that AI systems can never truly 
be unbiased because of non-objective data, while others 
stated that objectivity could vary depending on the training 
data. The negative to moderate view was more prominent. 
Showcasing the importance of a fair training data set, one 
group stressed the importance of making sure that the train-
ing datasets ensure enough diversity in terms of age, gender, 
ethnicity, and religious symbols. Generally, while the poten-
tial benefits of AI in identity verification, such as cost and 
time efficiency, were recognized, these were overshadowed 
by significant concerns about privacy, security, discrimina-
tion, and fairness.
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4.2.2 � Fairness concerns

Although most participants agreed that AI has some ben-
efits, in the end a more nuanced perception of AI systems 
emerged. In addition to the benefits, it was mentioned that AI 
systems should be thoroughly tested to make sure they don’t 
(re)produce biases and forms of discrimination, and that AI 
needs regulations, shared standards and classifications.

In the workshops the participants recognized that AI sys-
tems will “never be perfectly fair”. However, the need to 
neutralize the downsides of systemic racism, discrimination 
and marginalization need to be emphasized. For instance, 
one workshop participant noted the discomfort of being eval-
uated by AI, stating, “the main feeling is that it’s not fair that 
AI is judging. Because I am a migrant, even if I am equal to 
another person in all parameters, I will get a lower rating just 
because of my migration status, it is not fair” [E1]. Despite 
the acknowledgement from lay people that AI systems can, 
in fact, bring significant benefits to the everyday experience 
of both businesses and customers/consumers, the complex 
reality of balancing the benefits and the drawbacks while 
focusing particularly on the often complex personal context 
of the decision remains one of the key takeaways from both 
surveys and workshops.

Out of the three cases provided in the survey, the iden-
tity verification case was perceived as the most unfair. This 
could be explained by the fact that this case is more con-
nected to a personal characteristic (i.e., skin color), whereas 
the other two examples (loan request and academic citation) 
focus more on characteristics which are usually considered 
less innate and on which opinions could be more mixed. For 
instance, identity verification feedback focused on the need 
for diverse training data, on the fact that the final decision 
should be made by a human and that the system should not 
be used if it’s possible that it will make mistakes. As one 
participant noted, “Statistics is not about fairness, but about 
the majority and/or probability” [E4]. On the other hand, 
the feedback from the other two cases focused on how the 
university/research system works as a whole, that AI should 
support the process and a human being should be making 
the final decision, that the situation should have some flex-
ibility and so on.

In other words, the other two workshop cases were more 
related to discourses on meritocracy, personal achievement, 
effort, etc. as opposed to protected characteristics such as 
gender or ethnicity. Discrimination on the later character-
istics can sometimes be more visible, identifiable or more 
direct. Notably and interestingly, however, one respondent 
felt comfortable with AI decision-making precisely due 
to their demographic status: “I feel OK, because I am an 
educated white young male” [E3]. Furthermore, it’s worth 
mentioning that the positive aspect that was recognized the 

most in all of the three cases was the potentially saved time 
due to increased efficiency and productivity.

Particularly in the workshops about identity verification, 
participants were largely uncomfortable with AI’s involve-
ment due to fears about data leakage. Statements such as, 
“don’t like it, no matter AI or human”, “strange feeling”, 
“can’t relax” and “afraid” illustrate such apprehension. This 
illustrates the problem of privacy, which is not only based on 
an abstract concern with the person’s private affairs, but also 
is based on a possibility of an actual data breach occurring.

To summarize, results from our survey and workshops 
indicate a few important points about the lay people’s per-
ceptions of a fair AI. Firstly, the final decision should be 
transparent, flexible and continuously monitored, and also 
such decisions should not be left to the automated system 
itself but rather should be in the hands of a human being. 
Furthermore, concerns cover the (lack of) diversity of 
training and testing data and how AI might be reproducing 
already existing inequalities and even further marginalizing 
already marginalized groups, especially in regards to eth-
nicity, gender and other innate or protected characteristics. 
Additionally, specifically when it comes to banking practices 
and finance, there was a cynicism expressed that the profit-
oriented businesses may not prioritize fairness. In relation to 
ID verification, it was added that people from lower socio-
economic background could be additionally disadvantaged, 
for example, due to lower phone or camera quality working 
as a proxy for socioeconomic status. In the end, although 
some benefits of using AI were mentioned, the more nega-
tive attitudes prevailed.

It is worth mentioning that during one of the workshops a 
participant confessed to using a chatbot (ChatGPT) for their 
responses in the initial part of the workshop. This incident 
showcases not only the ubiquity and pervasiveness of nar-
row AI tools in everyday life, but also the complexity of 
researching the role of AI systems and tools in the life of 
its users.

5 � Discussion: negotiating fairness

The results described in Sect. 4 give a hint into the com-
plex nature of the concept of fairness when applied to AI 
systems. The results show that fairness encompasses many 
different—and sometimes conflicting—aspects. The analysis 
shows the subjective nature of fairness, meaning that dif-
ferent stakeholders may have different perceptions of what 
is fair and what is not, and that there is no objective defini-
tion or implementation of fairness. For this reason, which 
idea of fairness is implemented in an AI system should be 
something negotiated among different actors and based on 
compromise. However, as suggested also by the interview-
ees, processes of negotiation are often affected by power and 
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information imbalances. Characteristically, some actors are 
often left out of the conversation, vulnerable people do not 
have enough space to express their opinions, and negotiation 
tends to favor the ideas of actors with more power (Delgado 
et al. 2023).

For this reason, we believe that the above-described 
results reveal an overarching theme: that of power rela-
tions. As shown in the results section (Sect. 4), this topic 
has been mentioned on multiple occasions by the experts 
as the underlying condition that affects the involvement of 
multiple voices in the design of fair AI systems. As argued 
by our interviewees, in order to build fair AI systems, 
their construction process itself must be fair and inclusive. 
This entails an effective involvement of all stakeholders, 
even those most difficult to include, and a real negotiation 
between them, where everyone can find space to express 
their opinions. Power is in fact something that is enacted, 
negotiated, and contested in everyday interactions, rather 
than a fixed resource held by specific entities. Power rela-
tions are produced and maintained through processes of 
participation, knowledge, and resistance, highlighting the 
ongoing negotiation of power (Gaventa 1980). Power is then 
both enabling and constraining, in an ongoing process (Gid-
dens 1979): current power relations affect the decision on 
who gets to be part of the conversation around AI fairness—
what disciplines and what stakeholders—but can be either 
confirmed or challenged in social practices and interactions.

We therefore argue that working towards fairer AI sys-
tems is only possible by altering current power relations, 
both between disciplines—questioning the current hegem-
ony of computer science and putting other disciplines on an 
equal footing—and between experts and lay people—con-
sidering the latter equally entitled to express their opinions. 
In this section, we compare the results gathered through our 
research activities with the current literature on algorithmic 
fairness. We try to identify gaps in the literature that should 
be filled in order to move towards a lay-socio-technical view 
of AI fairness (Sect. 5.1). We believe that moving in this 
direction requires two processes of negotiation: among dis-
ciplines, and between experts and lay people. We therefore 
discuss prospective strategies that can help these processes 
of negotiation (Sects. 5.2 and 5.3, respectively). With the 
subsections below, we therefore hope to contribute to the 
strand of literature focusing on how to build AI systems that 
are able to question current power relations (e.g., Kalluri 
2020; Corbett et al. 2023; Birhane et al. 2022; Delgado et al. 
2023) by providing concrete directions in this sense.

5.1 � The table of fairness concerns

We start by summarizing the concerns voiced by computer 
and social science experts, as well as lay people. Some 
of these concerns are already recognized by algorithmic 

fairness research described in Sect. 2.1. The points of con-
tact among disciplines are presented in Table 2 as broad 
categories to think about when negotiating fairness. They 
also reveal the importance of fairness negotiation, as dif-
ferent actors represent different concerns tied to their roles 
in relation to AI systems (e.g., creators, users, stakehold-
ers), and other actors should start actively considering 
those concerns. We further organize points of contact in 
accordance with each concern’s place in a software pro-
ject’s lifecycle (Ruparelia 2010—depending on the exact 
development methodology, these steps may be revisited 
down the line).

A basic, yet core idea connecting different flavors of AI 
fairness(es) is discrimination mitigation: every user should 
be treated without bias, discrimination and preconception. 
What differs between the approaches, however, is how this 
goal should be reached, and what kind of fairness paths 
are prioritized by different stakeholder groups or in the lit-
erature. Take explainability as an example. For computer 
scientists, it often means a post-hoc approximation of the 
black-box model that checks whether some numerical met-
ric is sufficiently covered or not. For the sociologists or lay 
people, however, it refers to more “useful” knowledge: how 
and based on what information the decision was made, the 
reliability and accuracy of such explanation, what the user 
can do about it, etc.

When it comes to algorithmic fairness, discrimination 
mitigation often takes the form of research and fairness 
software tools that tailor definitions of fairness and respec-
tive measures of bias to specific settings being examined. 
Popular fairness libraries like AIF360 (Bellamy et al. 2019) 
and FairLearn (Bird et al. 2020) provide a wide breadth of 
algorithmic solutions to a specific subset of well-studied 
problems. Emphasis is placed on catering to different pre-
dictive tasks, such as optimizing classification, regression, 
or ranking. This approach focuses on algorithmic under-
standing of fairness metrics and similar numerical leads, 
but does not consider the broader sociopolitical context of 
these problems that’s required for a well-rounded and fair 
system. The overlooking of, for instance, the Human-in-the-
loop (HITL) concern (i.e., when a human expert is supervis-
ing/intervening with AI’s activities) is an instance where the 
lack of social background is found in both the algorithmic 
fairness literature and amongst computer scientists (though 
the computer science experts we interviewed are somewhat 
more aware of the social context than the algorithmic fair-
ness literature is).

One exemplary attempt to remedy the numerical fixation 
has been the algorithmic recourse. Algorithmic recourse 
solutions, such as counterfactual explanations, attempt to 
counteract the broader sociopolitical negligences, but are 
lacking due to their focus on merely providing information 
without taking into account societal power imbalances—e.g., 
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the fact that the actions needed to change the AI decision’s 
outcomes can be simply not possible to carry out, like 
“increasing one’s income to get a loan”.

Such oversights can be supplemented by a sociological 
account of fairness. Sociologists criticize various techni-
cal fixations, such as those on data quality or that of legal 
compliance, as superficial and non-performative, while also 
emphasizing the deconstruction of inequalities and power 
relations. By adding a sociological account of a situation, 
the purely technical account becomes somewhat more con-
textualized in the social reality, encouraging an interdisci-
plinary view.

Although such a combined sociotechnical and expert 
view of the fairness question tackles many issues, it is sub-
ject to the threat of trying to find a one-size-fits-all solution. 
To counteract this, the engagement and active involvement 
of all of the stakeholders should be emphasized. Table 2 
shows that the lay people’s need for flexibility was not men-
tioned by the experts. This indicates that any type of expert 
knowledge can be too generalized, non-context specific and 
lacking the nuance of the reality on the ground. Even when 
the technical and the sociological approaches are fused 
together, this does not in any way guarantee that the actual 
needs to achieve fairness for the users are taken into account.

And yet, concerns such as robustness (the ability of the 
system to withstand unexpected errors or conditions), while 
crucial to computer science experts, are often overlooked 
by lay people themselves. This suggests that the people 
directly influenced by AI’s decisions might remain igno-
rant of injustices done to them due to unforeseen real-world 
circumstances or malicious actors gaming the system. This, 
again, brings one back to the expert approaches and shows 
that an active negotiation of what a fair system should look 
like must take place between the various stakeholder groups. 
Only then can the chances of missing critical AI fairness 
conversation details be minimized. As the concept of fair-
ness gains more steam, the emphasis on negotiation helps to 
resist the commodification of the concept into just another 
metric to optimize.

Although this discussion is in no way exhaustive, creating 
fair AI systems means making compromises or sacrifices on 
the side of the privileged between technical efficiency and 
context-specific concerns (particularly of system users). We 
reiterate that, during system creation, the concerns of lay 
people can be too easily ignored due to the power imbal-
ances between those making technical decisions and those 
affected by them. Thus, we encourage the involvement of all 
of the stakeholders, especially the marginalized ones.

Table 2   Comparison of fairness 
concerns between researchers, 
experts, and non-experts

(✓) refer to emerging but still not global adoption of the respective concerns

Concern Literature Gathered Feedback

Algorithmic fairness Computer 
scientists

Sociologists Lay people

Design
 Analysis of inequalities and power relations ✓
 Creation of metrics ✓ ✓
 Data quality (e.g., fairness diversity) (✓) ✓ ✓
 Involvement of stakeholders (✓) ✓ ✓
 Interdisciplinary approach (✓) ✓
 Legal compliance or standards (✓) ✓ ✓
 Negotiation between stakeholders (e.g., 

fairness vs accuracy))
✓ ✓

 Transfer of definitions between domains ✓
 Unquantifiable concerns ✓ ✓ ✓

Development
 Algorithmic implementation of fairness ✓
 Dependence on context/use case ✓ ✓ ✓
 Discrimination mitigation ✓ ✓ ✓ ✓
 Robustness ✓ ✓

Maintenance
 Algorithmic recourse (✓) ✓
 Explainability ✓ ✓ ✓ ✓
 Flexibility ✓
 Human-in-the-loop and appeals (✓) ✓ ✓
 Ongoing monitoring (✓) ✓ ✓
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5.2 � Takeaways: 
vocabulary‑conversations‑education

This section examines possible ways to establish and main-
tain a process of negotiation between computer scientists 
and sociologists. We identify three main aspects that can 
favor interdisciplinary work on the topic of fairness in AI.

Shared vocabulary and boundary objects. Different 
disciplines often use a different terminology or the same 
terms with different meanings. For example, what is com-
monly referred as bias in the computer science domain is 
analyzed in terms of inequalities and power relations in 
sociology. Bias is broadly considered, in computer sci-
ence, as an inherent imbalance in data that skews predic-
tions towards certain outcomes without that being the 
original intent. In terms of AI fairness, problematic biases 
are those that skew predictions against certain individuals 
based on undesirable characteristics. The aim of fairness-
aware algorithms is then to remove such biases from AI 
systems.

By contrast, sociology studies how biases originate from 
pre-existing social inequalities and systems of oppression at 
the expense of marginalized groups (Carey and Wu 2023), 
in particular for those biases identified as “societal biases” 
or “historical biases” by computer scientists (Zajko 2022). 
This different approach on biases has consequences on how 
fairness is examined in the sociological field, transforming 
it to a pursuit of “structural social change”. Fairness, then, 
includes the effort not to replicate the power imbalances and 
inequalities that already exist in society (Weinberg 2022). 
For this reason, some authors (Kong 2022; Giovanola and 
Tiribelli 2022) distinguish between weak or negative fair-
ness, which pursue the technical debias of AI systems, and 
strong or positive fairness, which is about actively challeng-
ing oppression. If biases are deviations from the “ground 
truth” (Benbouzid 2023), but the ground truth—society—
is deeply unequal, debiasing AI systems can correspond 
to reproducing the inequalities found in the society (Zajko 
2022). If biases are considered more broadly as something 
undesirable, this opens further possibilities in promoting 
social change.

In this context, building a shared vocabulary was sug-
gested by various interviewees as a first step in order to favor 
interdisciplinarity. This can represent a “boundary object” 
(Star and Griesemer 1989) that can support the coopera-
tion among disciplines. Boundary objects are concrete or 
abstract objects that simultaneously inhabit different social 
worlds, although sometimes with different meanings. These 
mismatches become “problems for negotiation” (ivi, p. 412) 
among disciplines. However, boundary objects have at the 
same time enough in common to allow communication 
between worlds.

Having uncomfortable conversations. Such conversations 
should include recognition of missing expertise with regards 
to certain aspects of the domain. This means challenging a 
broad tendency to blindly accept certain epistemic view-
points, which create definitions of fairness that are known 
to be inadequate (e.g., like the 4/5ths rule that can be an 
indication of bias but whose absence is not an indication of 
fairness), yet are still being employed on a large scale.

Following previous research on the topic (Majchrzak 
et al. 2012; Kou and Harvey 2022), we can distinguish two 
ways to approach knowledge gaps. The first practice is about 
“traversing” knowledge boundaries and involves the search 
for a common ground through the discussion of the deep 
level assumptions on which each discipline is based and their 
inherent differences. This approach pursues the creation of 
“bridges between knowledge domains” (Kou and Harvey 
2022: p. 1356). The second practice is about “transcend-
ing” knowledge boundaries and regards the creation of new 
knowledge through the combination of the expertise of dif-
ferent disciplines. However, it doesn’t involve the discussion 
of each discipline’s assumptions.

A number of interviewees mentioned the importance of 
having “uncomfortable conversations” [I7] among experts 
from different disciplines, resembling those traversing prac-
tices mentioned above. However, the two approaches are not 
mutually exclusive and are often used interchangeably in 
interdisciplinary work. Moreover, traversing processes do 
not necessarily lead to consensus and are again the result 
of a negotiation process involving potential conflicts. These 
unresolved conflicts can represent useful moments for reflec-
tion (Hirsbrunner et al. 2024). Even the shared knowledge 
and representations that are the results of these processes 
“contain at every stage the traces of multiple viewpoints, 
translations and incomplete battle” (Star and Griesemer 
1989: p. 413).

Education. Another point that was stressed multiple times 
by interviewees as a way to support interdisciplinary work 
was that of education. Interviewees highlighted that univer-
sity courses rarely foster interdisciplinarity and disciplines 
are organized as separated silos. This aspect makes interdis-
ciplinary work less easy to pursue. The necessity to have a 
two-way education was then stressed by interviewees with 
the aim of building a mutual construction of sociology and 
technology in the context of AI systems. It means supporting 
the entanglement of sociology in technical complexities and 
of technology in social complexities. If we consider again 
the example of biases mentioned above, sociology can high-
light the origins of biases and the consequences of technical 
choices on people’s lives, whilst computer science can show 
what is feasible to achieve with technical solutions. Commu-
nication then requires a set of shared knowledge that serves 
as a basis for interdisciplinary work. The interviewees talked 
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about this topic mentioning the necessity to “smooth out the 
corners of disciplines” and “meet halfway”.

5.3 � Translating lay people’s opinions to algorithmic 
fairness

In this section we analyze how to strengthen and encour-
age dialogue between lay people and the two expert groups, 
namely computer scientists and sociologists, with the end 
goal of algorithmically quantifying and monitoring certain 
fairness concerns. To this end, existing technical works 
either generate definitions of fairness based on desired sta-
tistical properties or express statements about fairness in 
formal logics, i.e., using mathematical expressions like “A 
and B” and “A implies B”. However, these approaches typi-
cally ignore the opinions of lay people.

Our call for encouraging the incorporation of lay peo-
ple’s opinions in the creation of AI can be complex. One 
way would be through software engineering pipelines of 
extracting, refining, and following fairness specifications. 
This is already costly and time-consuming for specifications 
that benefit business owners (not to mention the refinement 
across several system versions if Agile4 development is fol-
lowed) and is made doubly complex by involving lay people 
with neither technical nor domain expertise.

We followed a viable methodology within the MAM-
MOth project that builds on our insights. This first lets com-
puter scientists select from applicable measures of algorith-
mic fairness and split those into simpler building blocks. 
Then, a negotiation with social scientists turns blocks into 
non-mathematical options for which stakeholders’ opinions 
can be gathered. A common building block already men-
tioned is which base measures of predictive quality should 
be equalized between demographic groups. We exemplify 
options for the financial use case in Fig. 3; this asks for 
ranked preference between the mathematical quantities of 
positive rate (A—pr), true positive rate (B—tpr), true nega-
tive rate (C—tnr) and accuracy (D—acc).

To fully flesh out the example, gathered opinions for the 
financial and identity verification use cases are presented in 
Fig. 4. Following the methodology suggested by Demšar 
(2006) we employed a Friedman test to verify that at least 
one measure is perceived differently with statistical signifi-
cance with p value < 0.01 and a Nemenyi post-hoc test to 
check which differences are significant at p value < 0.05 (this 
uses a greater value because post-hoc tests are known to 
be less powerful). This led us to select—approximate—tpr 
equality as the primary concern to safeguard for the financial 
use case as one that is preferred against others with statisti-
cal significance. For identity verification, we consider all 
three of tpr, tnr, acc as of primary importance. Despite equal 
representation in AI outputs (equal pr) being the most stud-
ied concern in the algorithmic fairness literature, it was less 
important than alternatives for stakeholders in both exam-
ined contexts, highlighting the dissonance between theory 
and opinions on the ground.

Another option is to consider many definitions of algo-
rithmic fairness that capture a broad range of concerns (e.g., 
through the FairBench library that computes many measures 
and presents them systematically—Krasanakis and Papado-
poulos 2024). Sufficient parameterization also enables fine 
tuning to the social context. For example, in fairness defini-
tions where causal models are generated by domain experts 
by creating conceptual links between high-level terms, mod-
eling parameters are learned from societal observations. In 
simpler scenarios, ad-hoc mathematical definitions may 
introduce hyperparameters to choose anew in each setting, 
such as the maximal accepted bias before systems are con-
sidered unfair. In the above example, a parameterization of 
how to compare base measures (e.g., by computing differ-
ences between groups) and bias thresholds can be obtained 
from stakeholder feedback (Krasanakis and Papadopoulos 
2025).

Regardless of the strategy followed, involving lay people 
in technical decisions requires the transcription of technical 
concepts to intuitive interpretations. This is hindered by the 
fact that explainable AI algorithms tend to be outperformed 
by black box counterparts or are less accurate approxima-
tions of the latter (though this is disputed by Rudin 2019). 
An alternative is to devise interpretable fairness evaluation. 

Fig. 3   Options for deciding 
which predictive quantities 
should be compared

4  The agile manifesto: https://​agile​manif​esto.​org/​princ​iples.​html 
(Accessed 17/10/2024).

https://agilemanifesto.org/principles.html
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For example, parameters of high-level fairness statements 
may be determined by gathering and aggregating the opin-
ions of lay people through social science processes. Machine 
learning can also be employed to generalize gathered opin-
ions to similar new settings. The aspects of fairness that 
end up being assessed through mathematical measures need 
to be constantly examined and revisited when (new) unfair 
scenarios are discovered. Continuous monitoring may come 
at steep engineering costs, and therefore well-structured pro-
cesses should be introduced to simplify the renegotiation 
of fairness. The AI Creator's AI Fairness Definition Guide 
(Krasanakis et al. 2024) discusses what such an iterative 
process may look like.

A final challenge lies with how to adopt qualitative char-
acteristics that cannot be measured from the real world. 
For example, accounting for the individual circumstances 
of loan recipients could be desired, but such information 
is both multifaceted and not standardized. Processes that 
convert qualitative characteristics into quantitative ones 
could involve checklists and step-by-step descriptions, and 
one needs to look at the humans applying such processes. In 
general, involving humans in the interpretation of AI system 
predictions is often necessary to satisfy fairness sensibilities, 
where those humans must be trained to understand the sys-
tems to the degree that is possible, and must be considered 
trustworthy themselves, for example by being held partially 
accountable. Creating and maintaining AI that accommo-
dates human interpretation is costly, for example due to 
requiring comprehensive user interfaces. It also prevents 
systems from being deployed at scale, in which case humans 
in the loop can only look at aggregate information and may 
still miss individual circumstances.

Finally, it is crucial to acknowledge that education plays 
a key role not only in the dialogue between computer scien-
tists and sociologists—as stated in Sect. 5.2—but also in the 
promotion of a real inclusion of lay people in the processes 
described above. Lay people often possess an intuitive sense 
of justice, yet may overlook the underlying structures and 
societal factors influencing justice. Education plays a key 
role in illuminating these frameworks, fostering a more 
informed and inclusive dialogue about justice in AI. Socio-
logical approaches are especially valuable in this regard, as 
they shed light on power dynamics and societal structures 
that shape our perceptions of justice.

6 � Conclusions: rebalancing power relations

The multiple layers that define fairness call for more diver-
sity in the way the issue is approached and tackled. As we 
have shown, this applies both to the disciplines involved, 
calling for more integration of social sciences in the way 
these systems are developed, and to the stakeholders that are 
part of the negotiation process. This process of negotiation 
implies accepting and learning how to deal with potential 
conflicts—both between disciplines and between stakehold-
ers. It also requires promoting awareness on fairness and dis-
crimination to make sure that non-experts can be an active 
part in the process.

As mentioned by the interviewees, there cannot be a con-
versation about fairness without addressing power imbal-
ances when fairness is related to ensuring access, represen-
tation and equity to different disciplines and stakeholders. 
Power relations are at the core of sociological analysis 
and they represent a crucial lens to see the world in the 

Fig. 4   Average rank (lower is better) of which quantity to equate 
between groups obtained by 48 stakeholders for the financial (left) 
and identity verification (right) use cases. Lower ranks indicate more 

preferred measures, and rank differences over 0.67 are considered sta-
tistically important with p value 0.05 per the Nemenyi test



	 AI & SOCIETY

discipline. The results show that the process of negotiating 
fairness requires a redefinition of the power relations at play 
to ensure a variety of perspectives and include those voices 
that are often not part of the discussion. We have shown 
how this process of negotiation entails power relations both 
between disciplines, where computer science tends to have 
more power than social sciences in determining the direction 
of technological development, and between experts and lay 
people, where people from vulnerable communities are often 
left out of the conversation.

In this article, we have tried to identify some strategies 
in order to pursue this goal. However, power relations are 
inherently dynamic and subject to continual change, rather 
than being static or permanently balanced. Consequently, 
strategies must be flexible and responsive. They require 
ongoing renegotiation and adaptation of power relations to 
respond to evolving contexts and new insights. This perspec-
tive underscores the necessity of continuous reassessment 
and adjustment of power dynamics to promote equity and 
inclusivity in the ongoing process of AI development.
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