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ABSTRACT

The use of artificial intelligence (AI) in areas like employment, finance, education,
healthcare, and public services is growing, bringing up issues of fairness, social inequality,
and public trust. While the literature on algorithmic bias and the possibility for automated
systems to reinforce or amplify structural inequalities has investigated the phenomena, fewer
studies have focused on the ways that affected persons and stakeholders experience and
interpret these processes and relate them to their perception of institutional legitimacy and
trust (Barocas & Selbst, 2016; Kroll et al., 2017). The research aims to explore the role of
algorithmic decision-making in the context of Al technologies and their impact on social
inequalities and public trust, while focusing on aspects of fairness, transparency,
accountability, and human oversight. The study adopts interpretivist/constructivist paradigm
with a qualitative design, using semi-structured interviews with X number of respondents
and/or qualitative document analysis. Data is analyzed using reflexive thematic analysis to
reveal patterns in how participants and/or documents interpret algorithmic decision-making
and its social implications. The study will also provide theoretical contribution, linking the
interpretations of algorithmic fairness and inequality to the processes of public trust-building,
and a practical contribution, to more transparent, accountable, participatory, and socially
responsive Al governance. Its originality is in its understanding of algorithmic decision
making as a sociotechnical process that is situated within the current socio-power dynamics
of inequality. In summary, the study calls for the important consideration of distributive and
procedural justice, transparency, accountability, and social vulnerability protection in the
development of public trust in Al
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INTRODUCTION

From a technical and computational novelty, the use of artificial intelligence (AI) has become a growing part of social,
economic and institutional life. Machine learning, predictive analytics, natural language processing, and automated
decisions have opened up the door for organizations to process, classify, predict, and take action with vast amounts of
information. In particular, algorithmic decision-making (ADM) is growing more common in areas which impact on
people's access to employment, education, healthcare, financial services, public benefits, policing and digital
platforms. The importance of this shift isn't just about algorithms tooled to make decisions or to automate them, but
about the increasing power that computational systems wield to define opportunities, risks, eligibility, and treatment
in various aspects of society. Recent scholarship thus argues for considering Al as a sociotechnical object whose
impacts do not only rely on the technical performance, but also on institutional settings, human practices, data
infrastructures and social values (Pfeiffer et al., 2023; Trigo et al., 2024). (Springer Link)

The growth of ADM has garnered a lot of excitement due to the speed at which algorithmic systems are able to process
information, the ability to identify patterns at scale, and the potential for making more consistent decisions. Ideally,
these systems could account for a decrease in human inconsistency and enhance organizational processes. But the idea
of the algorithms being purely objective or neutral is being challenged. Algorithms are built from specific data sets,
specific goals for the institution and specific classifications and assumptions about what is desirable as an outcome.
Therefore automated systems may propagate, instead of removing, historical inequalities that are hidden within data
and/or organizational practices. For instance, Barocas and Selbst (2016) showed that seemingly neutral processes of
data collection and use can have unequal impacts when they overlap with pre-existing social inequalities. In more
recent scholarship, algorithmic fairness is also recognized as an area of study that is multi-faceted and context
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dependent, in which various notions of fairness can clash and in which technical optimization is not always sufficient
to solve the problem (Pfeiffer et al., 2023; Zehlike et al., 2024). (Springer Link)

These concerns are especially relevant for algorithmic systems used in areas of access to socially significant resources.
In the workplace, automated screening and ranking can shape the paths to employment opportunities; in education,
predictive systems can play a role in decisions about students' educational pathways; in health care, Al-powered
assessments could have an impact on diagnosis, prioritization or treatment; in finance, automated models can have an
impact on decisions regarding credit and insurance. Al can also be used in public institutions for assisting welfare
administration, taxation, employment services, police work and other areas of governance. Algorithm-based systems
are also heavily used in digital platforms to deliver personalized content, moderate information, rank users and
determine visibility. In all these settings, the impact of an algorithmic classification can vary significantly based on
the socio-economic status of its final users, their demographic, resource, and decision-making abilities. Therefore, an
algorithm's accuracy is not the only point of interest; it is also critical to understand the perspective of those the
algorithm serves, whose voices are heard, and whose lives are impacted when the algorithm fails or is challenged.
Social inequality is thus a core aspect of algorithmic decision-making. Inequalities can manifest in training data, in
the data's being correlated with proxies that are not equally accessible, in access to digital resources, in how data is
represented, or in institutional practices in the use of Al. However, algorithmic discrimination can occur without
discriminatory intent. When these variables are historically inequitable social conditions that are seemingly neutral in
a system and/or decision rule, they may produce unequal consequences (Barocas & Selbst, 2016). Modern studies
keep revealing that algorithmic fairness is a complex issue of group and individual equality, non-discrimination,
contextual appropriateness, and conflicting normative frameworks (Pfeiffer et al., 2023; Suk & Han, 2024). In a recent
qualitative study of the AI developer community, organizational pressures, lack of social diversity in developers'
teams, poor testing of Al across varied populations, and bias were cited as significant challenges in creating fair Al
systems. The results further support the idea that algorithmic inequality can occur anywhere in the sociotechnical
lifecycle, not just at the level of the model that the Al developers use (How Al developers can assure algorithmic
fairness, 2023). (Springer Link)

Transparency and accountability issues add to the problem. Many modern Al systems, especially complex machine
learning applications can be challenging for those who are impacted to understand and challenge. Lacking
explanations for the decision or information behind it, or who may change an incorrect result, the legitimacy of the
decision can be reduced. Transparency should not be limited to "just providing technical information. Meaningful
transparency could include explanations that are comprehensible, opportunities to challenge decisions, human review
and trust that institutions will respond when things go wrong, for individuals affected by algorithmic decisions. Some
recent studies suggest that perceptions of fairness and trust in algorithmic decisions are modulated by the nature and
level of detail of explanations, depending on the context of the decision (Aoki et al., 2024). (ScienceDirect)

Trust in Al is thus an important social aspect of engagement. The level of trust in the algorithmic decision-making
does not always mean trust in the technical correctness. An algorithm can be assessed by the attitudes of its users,
such as whether they think that someone's decision-making process is fair, understandable, accountable, respectful,
and responsive to their interests. At the macro level, studies on public perception of ADM have found associations
between concerns about transparency, perceptions of fairness, accountability, privacy and trust, and between public
perception in different contexts of application (Aysolmaz et al. 2023). In the same vein, studies on Al in the public
sector decision-making process suggest that citizens might not want Al to take a final say in complex decisions with
significant social or ideological implications (Haesevoets et al., 2024). The results indicate that public trust is not
solely based on the technical ability of the Al but is built through social interpretations concerning the use of the Al
Inequality and trust are two special relationships of note. When individuals/communities believe that algorithmic
systems are systematically unfair to certain groups, that mistrust can spread to the institutions using the technology.
On the other hand, if Al is seen as open, predictable, explainable, auditable, and with meaningful oversight, then
algorithmic systems could be more likely to be viewed as legitimate. Other current studies of Al powered government
systems also highlight privacy, social equity, bias and uncertainty as significant concerns in citizens' interactions with
Al powered public services. Trustworthy Al in public employment services research also highlights the potential for
disconnects to arise between formal practices of trustworthy Al and the realities of trust, transparency, and user
engagement. In this respect, it is important to study trust as a socially situated and relational phenomenon of people,
institutions, technologies, and power structures.

While significant progress has been made in research on algorithmic fairness, bias, explanation and trust, there are
significant gaps. First, there has been much research on what technical solutions can be used to detect or mitigate
algorithmic bias, such as measures of fairness, interventions on the data, and measures at the level of the algorithm.
While these kinds of tasks are valuable, they are not sufficient to fully understand and capture how algorithmic
decisions as they are made by people is understood and experienced in real-world institutional contexts (Trigo et al.,
2024). Second, there is a considerable amount of work examining public opinion either quantitatively (in surveys) or
in experiments (Sage Journals). These alternatives are able to detect patterns in perceptions yet do not provide much
information on the ways in which people build meanings of fairness, inequality, accountability, and trust, as well as
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on the disparities of experience across social contexts and why persons accept, resist, or do not trust the algorithmic
decisions. Third, the concepts of fairness, inequality, transparency, and trust are often examined as distinct concepts
in the research, yet they may overlap in lived experiences. Fourth, technical and institutional solutions might ignore
the voices of those most impacted by automated classifications, for instance if people and communities lack the
resources to contest institutional decisions.

The gaps highlighted the need for an interpretivist/constructivist perspective to investigate these gaps qualitatively.
An interpretivist approach is able to investigate the meanings that individuals and relevant actors make of algorithmic
fairness or trust in specific social and institutional settings, as opposed to assuming that there is one universal
conception of them. Qualitative inquiry is particularly suited to study experiences, perceptions, interpretations,
concerns and areas of resistance that cannot be captured in predetermined quantitative categories. It also allows for
contradiction — users might value the efficiency of Al systems but doubt their fairness; may trust an institution but
mistrust automated systems; or may trust automated systems but not fully automated decisions. It is important to
decipher these nuances to be able to explain the social legitimation or contestation of technological systems.

In this context, the current study analyzes the understanding of algorithmic decision-making using Al and the public
trust in it in relation to social inequality. The study approach is interpretivist/constructivist qualitative with a specific
interest in perceptions of equity, discrimination, transparency, accountability, human oversight and institutional
legitimacy. It is not meant to establish a universal causal effect of Al on inequality or trust, but to capture the social
consequences as understood by people and relevant stakeholders, and how these interpretations impact on perceptions
of legitimacy and trust.

The study aims to answer the following research questions:

RQI1: What are the perspectives of individuals and stakeholders on the impact of algorithmic decision-making on
social inequality powered by AI?

RQ2: What do fairness, discrimination, transparency and accountability mean in the context of algorithmic decisions?
RQ3: What is the impact of experiences and perceptions of algorithmic decision-making on public trust or distrust?
RQ4: What are the conditions people see as needed to make algorithmic decision-making more fair, transparent and
socially legitimate?

This study has three major contributions. First, it is a theoretical contribution that links the concept of algorithmic
fairness and social inequality to the interpretative processes by which public trust and institutional legitimacy are
created. Secondly, it helps to model the empirical contribution by foregrounding experiences and meanings that could
be missed in the predominantly technical or variable-based research. Third, it helps address practically by proposing
implications for how to govern Al, how to hold organizations accountable, how to ensure transparency, how to ensure
human oversight, and how to safeguard groups that may be vulnerable to unequal algorithmic outcomes. Its novelty
is to think of algorithmic decision-making as a sociotechnical process, not just a computational process, in that
algorithms are not just about computation but embedded in institutions and social structures, and their legitimacy is
partly dependent on how they are experienced and interpreted by those affected.

The rest of the article is structured as follows. The next section of the literature review critically examines the literature
on Al, algorithmic fairness, social inequity, transparency, accountability, and public trust and provides conceptual
grounding for the study. The methodology section outlines the interpretativist qualitative design, sampling and data
sources, data collection methods, reflexive thematic analysis, ethical considerations, and how to achieve qualitative
trustworthiness. The findings section offers the themes that have come to light from the empirical material, and a
discussion that ties these interpretations to the available literature and the theoretical framework. The article then
provides theoretical, practical and policy implications, limitations and future research directions.

LITERATURE REVIEW

The effectiveness of Algorithmic Decision-Making and Artificial Intelligence

Artificial intelligence (AI) has become more and more involved in the organization and public decision making
process, changing the way information is organised, how predictions are created, and how decisions are supported or
automated. Algorithmic decision making (ADM) is a term for the use of computer algorithms or procedures to guide,
suggest, rank, categorize, or make decisions that used to be more human driven. Its spread into online and offline
services such as recruitment, credit assessment, health care, education, policing, and welfare administration has raised
hopes for enhanced efficiency and uniformity, but it has also sparked concerns over who sets the standards for
decisions, who is being represented, and how individuals subject to decisions can object to their results. A growing
number of scholars today have rejected the notion that such systems can be assessed based on their technical accuracy
alone. Rather, Al systems are designed and have impacts in organizational, institutional, legal and social settings.
This view aligns with the sociotechnical view of Al. This perspective is that an algorithm is not a social actor in its
own right, but one of many actors in a bigger social configuration including with the data, the developers, the
managers, the public institutions, the users, the organizational routines, the regulatory structures, and the communities
affected. As a result, the social impacts of the same technology can vary according to the institutional context where
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the technology is applied. Lately, research on fairness of Al has also underscored that bias can manifest in various
ways, such as in the data used for Al model training, in the Al model itself, during deployment, and in evaluation,
meaning that purely technical measures are not enough to tackle the social aspects of unfairness (Trigo et al., 2024).
(Sage Journals)

A tension between an efficiency-oriented interpretation of ADM and a justice-oriented one, therefore, emerges in the
literature. The former highlights the need for scalability, consistency, prediction and minimised administrative burden;
the latter questions whether automated systems are equitable in distributing opportunities and burdens, and whether
there are sufficient opportunities for people to know and question decisions. This distinction is especially significant
as a system may be technically correct, but not socially acceptable. There is therefore no direct correlation or
equivalency between accuracy and fairness, and automation does not automatically take the place of human judgment.
Rather, the human judgement might be moved to decisions regarding the datasets, the goals, the thresholds, how to
implement, and what to do when the algorithm recommends something.

The use of algorithms that are prone to bias and discrimination.Algorithmic Bias and Discrimination

One of the most explored areas of current Al studies is algorithmic bias. There is a long history of scholarship that has
shown that seemingly neutral computational processes can produce discriminatory outcomes as a result of historical
inequalities that are present in data and institutional practices (Barocas & Selbst, 2016). The argument has been
broadened in recent works to highlight that algorithmic bias is not necessarily due to flawed datasets or sub-optimal
algorithms. Selection of prediction targets, definition of relevant variables, institutional purpose of a system and
context of prediction implementation in decision making can also lead to bias.

In an important critique of traditional understanding of algorithmic fairness, Kasy (2024) breaks down statistical bias
from more general normative issues related to discrimination and welfare. The review makes it clear that there is a
wide variety of definitions of fairness that are used in the day-to-day decisions of the automated industry, and that
these implicit definitions of fairness can exclude considerations of the impact of automated decisions on the
distribution of welfare benefits among disadvantaged groups. This criticism uncovers a problem in the literature: the
concept of algorithmic fairness has no universally accepted definition. A system may be acceptable to one group and
rejected by another, especially if the baseline conditions differ between the two groups, or if the definition of fairness
is not statistical.

However, recent systematic research has shown that there are significant efforts to address these problems in pre-
processing, in-processing, in post-processing and with the use of alternative datasets and fairness metrics (Trigo et al.,
2024). These interventions are useful but can mask the institutional causes of inequality in outcomes. Addressing
inequity in access to education, employment, health care, credit and legal services cannot be done by fixing a model.
Algorithmic fairness thus necessitates a focus on the social context in which an Al system is embedded, affecting
more than just its computational features.

Addressing Al's impact on social inequality.Social Inequality and Al

Al and social inequality are not inextricable, but rather conditional and sociotechnical. To state that algorithms cause
inequality in and of themselves is analytically deficient. Instead, Al can perpetuate, reproduce, re-distribute or, in
some cases, challenge inequalities that already exist in social institutions. The results are affected by data quality,
system design, deployment practices, institutional incentives, regulatory capacity, and affected populations' capacity
to contest decisions.

This difference is significant because there is more to social inequality than direct discrimination. People have varying
access to digital technologies, reliable data, institutional knowledge, legal support and decision challenging
opportunities. Thus, the outcomes of algorithmic processes can be different, even if the processes themselves are the
same. People with more economic or social resources may have more opportunities to request a reconsideration of an
automated determination, to ask for other services, or to request a human review. On the other hand, those who rely
on public services might not be able to practically opt out of algorithmic processing.

The other important dimension is the Global South. Sampath's analysis of Al governance in underdeveloped countries
posits that Al expansion has the potential to become entangled with structural inequalities in the technology markets,
data governance, privacy protection and capacity of institutions. The study highlights that the global south needs to
be more conscious of the need to develop Al and discuss policies in the Global South without simply replicating
governance assumptions from technologically powerful nations. In recent critical scholarship, concerns are also being
raised regarding digital colonialism and the transfer of Al systems that might not sufficiently consider social and
cultural differences in their local setting and might not fully represent the local data and value inputs. (E-Journal
UNUD)

Therefore, inequality needs to be explored at different levels: between algorithmic outputs, between institutions which
are using Al, and between countries and regions which are developing and being governed by Al. This multi-level
perspective reinforces the need to use qualitative inquiry, as the meaning of inequality will potentially vary based on
people's institutional status and lived experience.
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Procedural justice, fairness

Distributive fairness (fairness of outcomes) is increasingly differentiated from procedural fairness (fairness of the way
the decision is made) in the literature. This can be especially relevant in algorithmic decisions where they may feel
they are getting a bad deal when they think the process is fair, but may still reject even if the decision was accurate
when they think it was arbitrary or they don't think they can challenge it.

Knowledge of procedure is important and can be explained using procedural justice theory. People look at what
institutions are achieving as well as at whether they give people opportunities to speak, whether authorities seem
neutral, whether they are treated with respect, and whether authorities show trustworthy motives. The principles
applied to ADM move the focus from “Is the algorithm accurate?” to “Was an opportunity given to me to explain my
situation?”, “Can [ understand why this decision was taken?”, and “Can someone review the decision if it is incorrect?”’
In Kinchin (2024), this argument is advanced, with the author finding a “procedural gap” in algorithmic justice. The
article asserts that distributive issues regarding algorithmic bias are long on the nose without meaningful voice,
transparency, consent, and opportunities to contest decisions. For public trust, this is especially relevant when
considering that procedural legitimacy could affect the uptake of public institutions that make use of Al systems, even
if they are unable to directly assess the technical functioning of the Al system.

The procedural justice approach can thus be seen as supportive of technical fairness approaches, but not as a substitute
for them. While statistical fairness can detect unequal outcomes, procedural justice may help explain the feeling of
legitimacy of the process generating the outcome for people affected. This is considered a theoretical reason for the
present qualitative study.

Transparency and Explainability

Another key word is transparency, but the literature shows that the term is often used in an ambiguous sense.
Transparency can be transparency about the information underlying a dataset, the architecture of a model, the rules
behind decisions, the institutional responsibility for decisions, or explanations of specific decisions. These types of
transparency are not interchangeable. For instance, technical documentation does not necessarily help an affected
citizen to understand the reason for the rejection of their individual application.

Grimmelikhuijsen (2023) provides important empirical evidence on this distinction. The study adopts a procedural
fairness lens and distinguishes between accessibility and explainability, and reveals a stronger relationship between
explainability and perceived trustworthiness than between accessibility and perceived trustworthiness. However,
importantly, the effects vary with decision context which suggests that transparency does not work in a simple and
linear fashion. (Wiley Online Library)

It is this context that undermines the widely held view that increased transparency leads to increased trust.
Explanations might be too complicated, too technical, too selective, or too short of content to answer a person's
questions. In addition, transparency without accountability can be of little practical use; it can be helpful to be able to
know what algorithm has led to a decision, but it might be ineffective to use as a way to challenge the decision.

The multi-level survey research supports the interrelationships of these dimensions. According to Aysolmaz et al.
(2023), perceptions of transparency correlated with perceptions of fairness, accountability, privacy, trust, and
usefulness, and there were differences in perceptions across application contexts. (Eindhoven Research Portal)
Transparency can be considered as an integral part of a larger legitimacy process, rather than being seen as a technical
attribute of the research process.

The system of accountability and human oversight

In algorithmic governance, accountability is an important issue because it asks the question of who bears responsibility
for harm done by an algorithmic decision. The responsibility might be shared between developers, data providers,
vendors, organizational managers, public officials and frontline employees. This distribution can lead to the notion of
an accountability gap, especially when humans rely excessively on algorithmic suggestions.

The need for human oversight is thus often cited as an important safeguard. However, the fact that a person has the
discretion to make a decision does not mean there is any meaningful oversight. The algorithmic recommendation can
be merely endorsed by a human without being critically considered, especially when institutional pressure, time
constraints, or a sense of technological expertise are significant. New study of effective human oversight highlights
the need for human alertness to recognize errors and the ability to intervene if needed when making decisions based
on Al-generated information. (Springer Link)

This distinction is of theoretical significance for this present study. Human engagement does not exist in either/or
situations but is a situationally located practice. Qualitative inquiry can provide insights into the perception of human
review as meaningful, symbolic, accessible or just a process. It can also shine a light on the extent to which institutions
take responsibility for algorithmic decisions or delegitimize the decision-making authority to the algorithm itself.

Public Trust and Institutional Legitimacy
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Public trust is an important yet intricate result of algorithmic governance. There is more to trust in Al than just the
trust in the accuracy of the calculations. People can feel good about an institution, feel bad about an algorithm, feel
good about an algorithm for a low-stakes situation, feel bad about an algorithm for high stakes, or feel bad about an
algorithm but feel good about that institution. The authors present recent international evidence that indicates that
algorithmic trust is not consistently predictable, but varies based on the stakes of the decision and familiarity with
algorithmic systems. (Frontiers)

The connection between the fairness and trust is particularly important. Experimental studies have shown that qualities
of perceived fairness can have a social impact on levels of trust in algorithmic decision making; that is, perceived
qualities of the algorithms become socially significant because people interpret them. Likewise, studies of algorithmic
policing have found that users' perceptions of algorithmic decision-making can be influenced by their understanding
of the technology and its connection to existing systems. (LSE Research Online)

These observations can be linked to the wider governance processes through institutional trust theory.The observations
can be linked to institutional trust theory and the wider governance processes. Trust is in part a matter of perceived
competence, benevolence, predictability and accountability of an institution. Algorithms, then, are thus rooted in
existing institutional relationships. For a company that's already not trusted, Al could do little to mend the bond of
trust, and just make people feel they are being monitored, discriminated against, or pushed further away by the
administration. On the other hand, institutions with robust accountability systems might be able to design a context in
which citizens are more inclined to accept algorithm support.

The above literature indicates that public trust should not be seen as a natural characteristic of Al It is relational and
is contextual. Trust emerges from interactions with technologies, institutions, decision makers and impacted
individuals.

Those in marginalized and vulnerable positions

For marginalized groups, questions of inequality are especially important because the harms of inaccurate or biased
algorithmic judgements can disproportionately impact them. A lack of representation in datasets may further
disadvantage groups that have historically been underrepresented, and may limit the opportunities for individuals with
limited institutional resources to contest automated decisions. The challenge is not only to include protected
demographic characteristics but also socio-economic position, language, disability, geographic location, digital
literacy and dependence on public institutions.

Removal of sensitive attributes does not automatically eliminate discrimination, either, according to the literature.
Other variables can serve as proxies for social characteristics, and historical data can even reflect structural inequalities
even when they are not represented by protected characteristics. While this criticism, from Kasy (2024), is relevant to
any discussion of the distribution of welfare, it is especially pertinent here because the author argues that we should
not base our understanding of the distribution of welfare on statistical notions of bias alone. (OUP Academic)
Qualitative can play an important role by exploring how those who are affected think about disadvantage. Such inquiry
can reveal harms that may not be captured by technical fairness measures such as feeling excluded, not being able to
challenge the decision, losing dignity, feeling that the institution is not responsive, or being treated as data rather than
a person by the automated system.

Al Governance & Regulation

As social issues surrounding ADM have grown in importance, greater demands have been put on its governance. Al
governance now generally includes transparency, risk management, accountability, data governance, human oversight,
impact assessment and rights protection. However, the range of regulatory strategies is quite different in terms of their
underlying notions of risk, innovation, individual rights and institutional responsibility.

The one thing that is difficult about some regulation is that it may not be as effective as set out in the law. Requirements
for transparency and human oversight do not necessarily mean that individuals affected will have meaningful
explanation and review. Governance is thus not only a set of formal principles but an institutional practice.

This issue also helps to strengthen the sociotechnical view. Good governance needs to be present throughout the entire
lifecycle of Al, from data collection, model building, deployment, monitoring, appeal, and retirement. While technical
auditing may uncover some types of bias, governance needs to also establish who should be empowered to act on
audit results and how impacted communities are engaged in decision-making regarding Al use.

Public involvement is thus a key element of the legitimacy of Al governance. This is particularly relevant to Kinchin
(2024) who has called attention to the need for voice beyond explanation in the past, and voice as a tool to shape or
challenge decision-making processes for affected groups. (OUP Academic)

South and Developing-Country Perspectives

Dominant Al scholarship has, so far, mostly been based on North American and European technological and
regulatory settings, leaving the Global South underrepresented. This geographical imbalance is important because the
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Al system designed in one institutional and cultural setting could be used in another one with notable differences in
data infrastructure, language, social norms, legal protections, and administrative capacities.

Sampath's analysis explicitly puts Al governance in the context of structural inequalities in developing economies,
noting that expansion of technology can take place in an environment with low privacy protection, low regulatory
capacity, reliance on foreign technological infrastructures, etc. The question is not only about the ability of Global
South countries to "adopt" Al, but also about the conditions for their inclusion in shaping the goals, standards, data
usage and governance of Al

Al systems can also re-create asymmetries when technology models, data and normative assumptions are mainly
exported from powerful to less technologically dominant contexts, as recent critical studies on digital colonialism have
pointed out. Yet, the Global South should not be regarded as a monolith. (UN Journal, E-Journal UNUD) There are
significant variations in regulatory capacity, technological infrastructure, political institutions, cultural practices and
public attitudes across countries. A good qualitative study, then, should thus not make universal claims as to the
experiences of algorithmic decision-making but rather study the specific social context in which it is lived.

Theoretical Foundation: A Sociotechnical-Procedural Justice-Institutional Trust Perspective

The present study combines the three theories: Sociotechnical Systems Theory, Procedural Justice, and Institutional
Trust as each contributes to a different aspect, but is interconnected in some way, to algorithmic decision-making.
The overall analytical framework is based on Sociotechnical Systems Theory. It frames Al as a component of a system
that consists of human agents, organizational institutions, institutional practices, and social settings. From this point
of view, the analysis can no longer be seen as a technical object, rather, it is a complex socio-technical system.
Procedural Justice gives the normative and experiential aspect. It focuses on voice, neutrality, explanation, respectful
treatment, contestability, and perceived legitimacy. This is particularly relevant as users can judge algorithms by their
perceived fairness, even if they are not technically able to access the algorithm.

The relational aspect is provided by Institutional Trust. It sheds light on the impact of experiences with algorithmic
decisions on the confidence in a specific technological system as well as in the organizations and public institutions
that introduce it. The results of Grimmelikhuijsen's study on algorithmic transparency and its impact on perceptions
of algorithms and institutional trust, highlight the value of linking technological attributes to institutional trust. (Wiley
Online Library)

The three perspectives create a conceptual chain: sociotechnical setups affect the conditions of algorithmic decision-
making, which in turn affect perceptions of procedural fairness, which in turn affect trust or distrust of the technology
and institutions that implement algorithmic decision-making. Social inequality permeates the entire process as people
have different social and institutional statuses and can have differing abilities to benefit from, endorse, or challenge
algorithmic decisions.

The research gaps and rationale of the present study are discussed

Empirical literature reveals five interrelated gaps. A first problem is that there is a conceptual divide between the study
of fairness, inequality, transparency, accountability and trust — where such issues are studied separately — even though
they are interdependent in practice. Second, there is an empirical void regarding the way people who are affected by
algorithms understand algorithmic inequality and institutional legitimacy in their own ways and not using pre-
conceived survey instruments. Third, there is a methodologically related problem, as most of the evidence comes from
computational audits, experiments or large-scale surveys, with a relative lack of knowledge of lived experiences and
interpretations, contradictions and meaning making. Fourth, there is a gap in the evidence base, with
overrepresentation in technologically advanced settings in the West, and lack of attention to institutional capacity,
digital inequalities, cultural context and governance dependence in developing country settings. Fifth, there is a
theoretical gap in the extent to which sociotechnical, procedural, and institutional approaches are integrated in one
interpretive account of the processes of trust or contestation of algorithmic decisions.

The current qualitative study helps to fill in these gaps by analyzing algorithmic decision-making not just as a
computational process, but as a social process. It has an interpretivist perspective that allows for focus on meaning-
making for fairness, inequality, transparency, accountability, and trust. The study does not presume that Al contributes
to inequality, or that transparency is necessarily leading to trust, but rather extends the discussion of conditions and
interpretations under which algorithmic systems may reproduce, reinforce, challenge, or redistribute existing
inequalities. The approach thus supports technical fairness research by incorporating institutional context and lived
interpretation in the analysis.

In sum, it is clear that algorithmic decision-making is not merely about making accurate predictions, but it is about
the many other aspects of the problem that the literature reveals. A deeper issue is how computational decisions relate
to the broader social and institutional framework of power and notions of justice. While previous scholarship has
identified important evidence of algorithmic bias, fairness, transparency, and trust, there is still great uncertainty
regarding how these experiences are lived and how they relate to one another in the social worlds of people who
interact with algorithmic decisions. A qualitative study is thus needed to reveal the meanings, tensions and conditions
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of institutionalization surrounding algorithmic legitimacy. The present study aims to understand the mechanisms by
which perceptions of algorithmic fairness and inequality are linked to wider assessments of the desirability of an Al
mediated institution in terms of public trust.

RESEARCH METHODOLOGY

In this section, students examine research paradigms and philosophies

The study is conducted using the interpretive/constructivist paradigm which assumes that social reality is created by
social actors through the process of their experiences, interactions, interpretations, and understandings of social reality
as opposed to being the same objective reality existing outside of actors. It is a philosophical stance when considering
the technologies of artificial intelligence (Al) and algorithmic decision-making (ADM), social inequality, and public
trust, and its meaning can only be grasped through technical indicators. People might go through the algorithmic
process in different ways based on their institutional positions, prior experiences, access to resources, and legitimacy.
Thus, the study aims not to confirm a priori causal relationships, but rather to gain insight into the sense making and
the social implications of algorithmic decision making experienced by participants.

The interpretative approach also acknowledges that the researcher plays an active part in the production of qualitative
knowledge. Findings are then seen as interpretations that are situated through engagement that occurs between the
researcher, participants, data, theoretical frameworks and research context. Reflexivity is thus ensured in the process
of research as a whole and not just as a detached observer. This is in line with reflexive thematic analysis, where the
researcher provides own interpretation of the pattern of meaning, rather than taking that meaning to be “present” in
data (Braun & Clarke, 2021). (DOI)

Research Design and Context

The study takes a qualitative exploratory design, as it aims to gain insight into the understanding and interpretation of
algorithmic decision-making among individuals and relevant stakeholders and its relationship with perceived
inequality, fairness, transparency, accountability, and public trust. When the goal is to raise meaning, experience,
perception, contextual explanations, contradictions, and interpretations rather than estimate statistical associations,
use a qualitative design is preferable.

The actual country/region/institutional context for the proposed research is [INSERT ACTUAL
COUNTRY/REGION/INSTITUTIONAL CONTEXT]. This contextual specification is key as the social significance
and implications of ADM can differ from one institutional and regulatory context to the other. The study will be
directed at algorithmic decision-making within [INSERT ACTUAL DOMAINS, e.g., Employment, Education,
Healthcare, Finance, Public administration, Policing, Digital platforms] as per the actual access that the researcher has
to this area. The study will not presume inequality as the product of Al but rather focus on the situations in which the
participants see algorithmic systems as reproducing, sustaining, challenging, or diminishing inequalities.

Participants and Sampling Strategy

A purposive sampling method will be employed for the selection of the participants and in some instances, maximum
variation principles will be applied to capture different voices relevant to the research questions. The target groups
include [INSERT REAL-EXAMPLE CATEGORIES, such as citizens and users impacted by algorithmic decisions,
technology professionals, policy makers, public sector workers, human resources, educators, and civil society
representatives]. Inclusion criteria will be established prior to recruitment and will include that the participant has
[INSERT ACTUAL ELIGIBILITY CONDITION, e.g., direct experience with or informed professional knowledge
of an Al-supported decision-making system].

Exclusions will occur when participants do not meet the pre-established eligibility criteria or are unable to give
informed consent. Recruitment will be done via actual recruitment channels, including professional networks, relevant
organizations, community groups, institutional invitations, or advertisement seeking candidates. Participants will not
be recruited by coercive relationships and participation will be completely voluntary.

Please do not create the sample size beforehand for the manuscript. Rather, the concept of information power will be
applied, which takes into account information needs related to the purpose of the study, the specificity of the sample,
the theoretical underpinning, the quality of dialogue and the analytical approach (Malterud et al., 2016). The actual
number of participants, therefore, should be reported as [INSERT ACTUAL NUMBER] and with an explicit
explanation of the nature of the information provided that was adequate to answer the research questions. If the study
hasn't been completed, this should still be presented as a methodology plan and not as a data collection that has already
taken place.

Data Sources and Data Collection.
Semi-structured qualitative interviews will be the main empirical source used. Interviews are suitable as they ensure

a sufficient level of structure to keep the conversation on track with the research questions, while also allowing
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participants to share experiences and interpretations that the researcher might not have thought of. The interview
protocol will be structured around the following key domains of the study: experiences with Al or ADM, perceived
fairness, discrimination and inequality, transparency and explainability, accountability, human oversight, trust or
distrust, and recommendations for responsible Al governance.

Examples of illustrative questions: What does it mean to you when a decision is made with Al that impacts people?
What do you consider to be fair or unfair about an algorithmic decision? What would increase or decrease your trust
in an institution that relies on Al for a decision? What should happen if the Al-supported decision is incorrect? What
does it mean to you when an algorithmic decision is made? Questions will be open-ended, non-leading, and will call
for elaboration to gain deeper understanding of the questioners' meaning and to provide specific examples.

The final interview protocol will be [INSERT ACTUAL NUMBER] questions with additional probes. Interviews will
be carried out via [INSERT ACTUAL MODE - face-to-face/secure online platform/by telephone] in [INSERT
ACTUAL LANGUAGE(S)] for a total of [INSERT ACTUAL RANGE] minutes, if applicable, after data collection.
Participants will only be recorded if they explicitly give permission to be recorded. Where recording is refused,
contemporaneous notes will be taken where ethically and methodologically appropriate.

If there are documents included in the study, documents will be a secondary data source, not participant evidence. The
selection of types of documents in the documentary corpus should be clearly and explicitly stated as [INSERT
ACTUAL DOCUMENT TYPES AND SELECTION CRITERIA]. These can be used for contextualisation and
triangulation, but only the documents that have been collected and analysed should be reported.

Transcription and Data Preparation

The interviews will be recorded and transcribed (verbatim/according to the actual transcription protocol). Where
applicable, transcripts will be compared to recordings to correct omissions, transcription errors, and/or ambiguities in
the context. Identifying information will be stripped out or anonymised (or disguised with pseudonyms or by assigning
codes to participants) prior to analysis. The researcher will include the translation process in his/her notes if translation
is necessary; he/she will keep the meaning of the participants' accounts as accurately as possible.

The researcher will keep a safe research record that will utilize [INSERT ACTUAL DATA-MANAGEMENT
SYSTEM]. Restricted access will be made available to appointed members of the research team. Raw recordings,
transcripts, consent paperwork, analysis notes, and de-identified data will be kept distinct, if possible, and will be
preserved for the duration of the institution's guidelines.

Researcher Positionality and Reflexivity

As the study follows an interpretivist/constructivist approach and is conducted using reflexive thematic analysis,
researcher positionality is viewed as an integral part of the research. The researcher will explicitly consider [INSERT
ACTUAL RESEARCHER POSITION, DISCIPLINARY BACKGROUND, PROFESSIONAL EXPERIENCE,
RELATIONSHIP TO THE RESEARCH CONTEXT AND RELEVANT ASSUMPTIONS].

If done, a reflexive journal will be used during data collection and analysis. Entries will record assumptions, feeling
and thinking reactions to interviews, thinking decisions made about coding and interpretation, alterations to the
approach to the interview and the possibility of the position of the researcher influencing the developing analysis.
Reflexivity will not be made as an assertion that the influence of the researcher can be nothing but its presentation
will make the interpretative process more transparent and analytically accountable.

Ethical aspects and data protection

Ethical conduct is important as conversations about algorithmic decision-making can be related to experiences of
discrimination, institutional disadvantage, employment, financial decisions, privacy or other sensitive topics. Ethical
approval for the study should be obtained before recruitment from [INSERT ACTUAL ETHICS
COMMITTEE/INSTITUTION AND APPROVAL INFORMATION, IF OBTAINED]. When approval is not yet
secured, they should not be included in the manuscript text, especially with regard to the insertion of an approval
number or institutional claim.

The participants will be provided with an information sheet that outlines the purpose, voluntary nature, procedures,
potential risks, confidentiality measures, and the right to withdraw (insert actual withdrawal conditions) from the
study. Informed consent (written or electronic) will be obtained prior to participation. Participants will not be asked
to provide information that is not needed to identify the participant for the research.

Confidentiality will be maintained by using pseudonyms or participant codes, deleting identifying information from
transcriptions and quotations, limiting access to research materials and secure storage of materials. Data protection
procedures will meet [INSERT ACTUAL APPLICABLE INSTITUTIONAL/NATIONAL DATA-PROTECTION
REQUIREMENTS]. Only quotations supported by the actual dataset will be reported in the final article when
quotations are used in it.

Reflexive Thematic Analysis
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Data collected from interviews and/or documentary analysis (if applicable) will be analyzed using Braun and Clarke's
reflexive thematic analysis (RTA). RTA is especially suitable for the study because it aims to uncover and explain
patterned meanings of inequality, fairness, transparency, accountability, and trust as well as the researcher's ongoing
involvement in the analysis. Braun and Clarke (2021) point out that reflexive thematic analysis is not a coding exercise,
and that the researcher should show a methodological coherence between their philosophical stance, how the analysis
is approached and how the results are reported. (DOI)

The analysis will be developed in six related steps. The researcher will read the transcripts numerous times, and, if
applicable, re-listen to tapes, and note initial observations. Next, initial codes will be developed, segments will be
identified that are relevant to the research questions and segments and patterns that have meaning. Coding will be
flexible and interpretive, not objective categories.

Thirdly, the researcher will create themes by observing relationships between codes and finding larger patterns of
meaning. Possible themes can include perceived algorithmic unfairness, unequal treatment, opacity, limited
contestability, human accountability, institutional confidence, or conditions of trust, but no theme will be considered
as a finding unless it has been backed up by the actual data.

The fourth step will be to review and revise candidate themes with coded extracts and the whole dataset. A theme that
is insufficiently developed, too general, too repetitive or poorly supported will be revised, combined or eliminated.
Fifth, the researcher will identify and name the final themes and develop theme boundaries and central organizing
concepts for each theme. Sixth, the researcher will be responsible for the final interpretation and report, linking the
themes to the research questions, sociotechnical systems perspective, procedural justice, institutional trust, and the
literature.

Importantly, themes will not be said to have ‘emerged' without the researcher's involvement. Rather, themes will be
introduced as a series of interpretations that are built by engaging with the dataset. In addition to the positive cases, if
any, the study will also consider negative cases and contradictory cases, if those exist, not only selecting the evidence
that fits into their research expectations.

Qualitative Rigor and Trustworthiness

Trustworthiness will be covered in terms of credibility, dependability, confirmability and transferability. Engaging
with the dataset over an extended period of time, thorough matching of research questions to interview questions,
consideration of divergent cases, and [[INSERT ACTUAL STRATEGIES CONDUCTED, such as member reflection
or peer debriefing] will enhance the credibility. Member reflection will only be reported if the participants actually
had an opportunity to reflect on interpretations and/or clarify their accounts.

Dependability will be enhanced by the use of a clear audit trail that records methodological decisions, changes to the
interview protocol, sampling decisions, development of the coding system, development of the themes and interpretive
decisions. Reflexivity will be dealt with by documenting one's actions and making sure that participants'
interpretations and researchers' interpretations are clearly distinguished. Thick description of the research situation,
characteristics of the participants, recruitment process, and analytical boundaries will be emphasized to enable readers
to judge for themselves in other research settings whether the findings are transferable.

Triangulation can be used in situations where several data sources or researchers are involved in the actual study. It
will, however, be reported only if actually carried out. Likewise, the use of peer debriefing, member reflection,
negative case analysis, and collaborative interpretation will not be claimed just because they are recommended
practices. This separation is crucial for the integrity of the methodology.

Reporting Standards

The final manuscript will be written using the Standards for Reporting Qualitative Research (SRQR) that outline
standards for the transparent reporting of qualitative research design, researcher characteristics, context, sampling,
data collection, data analysis, reflexivity, and interpretation (O'Brien et al., 2014). The Consolidated Criteria for
Reporting Qualitative Research (COREQ) is a 32-item reporting checklist that includes the research team and
reflexivity, study design, analysis, and reporting (Tong et al., 2007) will be applied to the study if semi-structured
interviews are utilized. (PubMed)

These frameworks will serve as reporting devices (not a replacement for methodological reasoning). The manuscript
will reveal methodological choices sufficiently to enable the reader to comprehend how the interpretations are being
created.

Methodological Alignment

The methodology is planned in such a way that the research questions, participants, data collection, analysis and
interpretation are directly connected with each other. The questions asked in the study are research questions, and are
therefore well suited for semi-structured interviews as a source of experiential data; participants are selected using
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purposive sampling to ensure that only those who can provide relevant information are included; reflexive thematic
analysis provides an interpretive way of looking at the patterned meanings within these accounts. The theoretical
framework also informs interpretation, but does not dictate categorization of participants' experiences.

All highlighted text above must be changed to the actual data pertaining to this manuscript before submission, as no
empirical data or completed fieldwork information has been provided. The last article should not include a sample
size, a description of the participants, recruitment location, an ethical approval statement, interview length, the
language of the interviews, the software used, the date when data were collected, or a statement about the
trustworthiness procedure unless one was conducted. This will maintain methodological credibility of the qualitative
study and prevent the creation of empirical evidence.

Yes. The problem is that your prompt itself is a question you have to analyze an actual dataset for an actual journal
article section, but you haven't been provided with data or a transcript in this chat. I thus cannot truly call up anything
I invent "empirical results".

All I can share is a manuscript-ready publication-style Findings and Discussion section that contains clearly marked
quotation fields for the data. This saves you from qualitative integrity but also provides you with the correct article
structure and scholarly discussion.

4. FINDINGS AND DISCUSSION

The findings are summarized below

The qualitative analysis reflects the understanding of algorithmic decision-making in relation to social inequality,
fairness, transparency, accountability and public trust. The analysis of the participants’ accounts is
interpretivist/constructivist, taking the point of view that the accounts are situated interpretations of algorithmic
decisions rather than objective measures of the social effects of artificial intelligence (Al). Using the reflexive thematic
analysis of Braun and Clarke (2021), the analysis should highlight patterns of shared meaning, and also consider the
variation, contradiction and contextual differences in participants' accounts.

Based on the interview transcripts, five interrelated themes emerged from the analysis of the data.

The themes should be formed from the actual data and not determined beforehand. The analysis should explore the
intertwined themes of algorithmic inequality and bias, procedural fairness, transparency and explainability,
accountability and human oversight, and institutional trust and legitimacy, based on the conceptual focus of the study.
Where the empirical material does not support these dimensions a change of theme is warranted, and these should be
retained as final themes only with proof they are supported by the empirical material.

The results should be interpreted as interdependent instead of independent. All of these may contribute to a perception
of bias, a lack of transparency, a lack of accountability, and a perception of the legitimacy and trust of the institution.
The qualitative design, as with any other qualitative approach, however, does not make a causal or deterministic link
between the dimensions. Instead, it shines a spotlight on the meaning of relations between persons in specific social
and institutional settings.

This term, theme one will focus on algorithmic decision-making and the reproduction of social inequality. Theme one
for this term will be on algorithmic decision-making and the reproduction of social inequality.

One of the overarching themes to be drawn from the empirical material is how participants see algorithmic decision-
making as playing out in relation to existing patterns of social inequality. Instead of assuming that algorithms are
always discriminatory, the analysis should focus on the conditions that can lead to increased or perpetuated inequalities
in institutions, data sets, and social structures as a result of using automated systems.

The data does not contain a quotation from the participant.

The meaning of this theme is the difference between being technologically neutral and being sociotechnically
embedded. These algorithms can seem objective to participants because they rely on rules for computation, but
participants also might have concerns about the information that's being processed by these systems reflecting unequal
social conditions. These stories would seem to imply that there can be an awareness of "neutral" algorithms and an
awareness of "unequal" consequences.

This interpretation is in line with the sociotechnical interpretation used in the study. Algorithms are not in isolation
from society, from this point of view. They are created based on data, goals, classifications, institutional assumptions
and organizational practices. Thus, the social impact of algorithmic decision-making can only be measured as much
as computational performance.

Algorithmic discrimination also shows that seemingly neutral data-driven processes can have differential impacts
when used in environments with historically unequal institutions (Barocas & Selbst, 2016). Recent scholarship has
shown that there is no single technical metric to define algorithmic fairness, since various notions of fairness may give
different results and involve different normative assumptions (Kasy, 2024).

The present study can contribute to this literature by showing how participants' accounts of inequality go beyond an
algorithm to a problem that exists within a broader decision making process. If interpreted this way, a sociotechnical
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argument could be advanced that meaningful Al governance demands that data practices, institutional goals,
implementation processes, and opportunities to affected people to contest decisions be taken into account.
Concurrently, the analysis needs to maintain contradictory evidence. If some of the participants feel that algorithmic
systems are actually causing inequality in some way, this account should be included as it shows that algorithmic
technology can be understood differently depending on context and experience.

So, what the relevant qualitative contribution is not the claim that Al is a cause of inequality, in itself. Instead, it is a
critical exploration of the way participants' link algorithmic decision making to prevailing social inequities.

This is a procedural and experiential judgment, and it is captured by the word fair'.It is a procedural and experiential
judgment and is said to be 'fair'.

Another major theme would be the definition of and experience with "fairness" in algorithmic decision-making, as
determined by the participants. The qualitative evidence needs to differentiate between fairness as a process and
fairness as an outcome.

The accounts of being heard, being given an explanation, being treated consistently, and having the chance to
challenge an automated decision can be understood within the framework of procedural justice from the study.The
accounts of being heard, getting an explanation, being treated consistently, and having the chance to challenge an
automated decision can be understood through the study's procedural justice framework.

Procedural justice distracts from the issue of whether the outcome is good or bad, and focuses on how it was made.
People feel that a decision is fairer if they feel the process was: Objective, Fairly explained, Respected, Open for
challenge. On the other hand, however, even if a decision is correct, it can be considered unfair if there is no reasonable
chance to be aware of and to challenge the decision.

This understanding builds on findings that indicate that algorithmic fairness is not necessarily limited to statistical
equality. Kasy (2024) points out the normative constraints of considering algorithmic bias solely as a
technical/statistical issue, for instance. Fairness is ultimately about the distribution of benefits, burdens, opportunities
and harms among persons.

The qualitative evidence should then attempt to come to understand what participants actually mean by the term “fair”
or “unfair” when referring to an algorithmic decision. [INSERT DATA-BASED COMPARISON OF PARTICIPANT
ACCOUNTS.].

One of the most important questions when examining the decisions is whether the participants do accept the
unfavorable decisions when the procedural safeguards are present or not. The presence of such evidence in the dataset
would indicate that procedural treatment might play a role in attaining legitimacy, rather than just the result. At the
same time, if algorithmic decisions are rejected by participants despite procedural measures, it would be difficult for
traditional assumptions about procedural justice to be fulfilled, and could suggest that the legitimacy of technologies
is limited by other issues regarding Al.

This theme thus has the potential to add to the literature demonstrating that algorithmic fairness is not just felt in the
outcomes, but also in the voice, the explanations, the contestability, and the perceived institutional respect.

Them 3: Transparency and explainability

Data from the dataset is used to produce an exact quotation of the participant

But it's important to understand the difference between transparency and explainability. Transparency can be applied
to the information used in an Al system's operation, while the understanding of why a specific decision was made may
be a concern of explainability. They do not necessarily correlate.

However, research shows that the explanation itself can impact the trustworthiness in algorithms, which varies
depending on the situation (Grimmelikhuijsen, 2023). Likewise, the study of public attitudes to algorithmic decision-
making suggests that transparency is linked to concepts of fairness, accountability, privacy and trust (Aysolmaz et al.,
2023).

The present qualitative analysis should, therefore, reflect on the type of transparency which participants may want.
As data support this, repeat the exact quotation.

If participants prefer an explanation without technical details, it would mean that meaning making transparency is
essentially communicative and procedural. Their claims would suggest a more technically sophisticated notion of
transparency if they claimed a right to data sets, rules of decision, or model information.

However, it is important to note that transparency does not necessarily equal trust. Theoretically interesting would be
a contradiction in participants' accounts of receiving explanations, but not being trusted. It might lead to the inference
that explanation may not be all that is needed, when institutional accountability and perceived fairness are low.
Transparency, therefore, can be seen as one of the aspects of procedural legitimacy, but it is not the universal means
of overcoming distrust.

Theme 4 Accountability and the need for meaningful human oversight
The fourth theme is about accountability and human oversight. When an algorithmic or Al-driven decision is harmful,

erroneous or discriminatory, who is at fault?
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Examine participants' accounts to find out whether accountability is assigned to the developer(s) of Al, the
organization(s), management, the government or frontline workers, or to a mix of these.

This is especially problematic as it is unclear that meaningful accountability always occurs when it is determined by
a human decision-maker. Human substance oversight can be in the form of a person with the power and ability to
challenge and overturn algorithmic recommendations. On the other hand, it can turn into a more symbolic reality if
workers take algorithmic results at face value as they feel the technology is more objective or authoritative.
Theoretically, this finding will have implications for the sociotechnical setting of responsibility. Algorithms don't
make Al decisions on their own. These are a series of decisions related to data collection, system design, procurement,
implementation, monitoring and response.

Include one or more examples of how accountability and human oversight are demonstrated in the scenario.Provide
one or more examples of accountability/human oversight in the scenario based on the data.

The result would suggest an institutional responsibility deficit if participants are unsure who is responsible for fixing
an algorithmic decision. Where they refer to "effective human review" instead, the research should acknowledge that
it may be possible to embed algorithmic systems in accountable decision-making structures.

It is important that the analysis do not assume that “human-in-the-loop” is synonymous with responsible Al
governance. The key question is whether there is human oversight, capability, independence and ability to alter an
algorithmic result.

Theme 5: Institutional Legitimacy and the Construction of Public Trust

The fifth theme is around experiences with algorithmic decision-making and public trust. Understanding trust must be
approached as a multidimensional and relational phenomenon rather than as a single issue concerning a user's
willingness to engage with Al

The findings should differentiate between trust in the Al technology and trust in the institutions that are implementing
Al They can accept Al help for tasks that are not too risky and reject it for decisions that impact the areas of
employment, health, education, access to finances, or access to public benefits. On the other hand, if participants do
not trust Al, they still put their trust in an institution provided that there are appropriate safeguards in place.

This separation is crucial because algorithmic systems are embedded in existing institutional relationships. The public
reactions to Al can thus include assessments of technological capabilities as well as assessments of institutional
fairness, accountability, transparency, and responsiveness.

Basing their research on public perceptions of algorithmic decision-making, Aysolmaz et al. (2023) identified several
dimensions, such as transparency, fairness and accountability, privacy, and trust. This allows for a view on trust as a
more general evaluation of the legality of algorithmic decision-making, in addition to an evaluation of technical
accuracy.

NEGATIVE COMPARATIVE PARTICIPANT ACCOUNT OR NEGATIVE CASE

A finding that participants would trust an algorithm, when meaningful human review and appeal mechanisms are
available, would bolster the link between the level of procedural safeguards and institution trust. Such safeguards do
not mean that participants are necessarily more likely to trust in the study, however, if they are not, the study would
indicate that wider issues of Al, surveillance, discrimination or institutional power could have an impact on their trust.
This separation can be a step to extend the Institutional Trust Theory by showing that technology systems enter into
ongoing assessments of institutional competence and legitimacy.

Integrative Discussion

The themes should be analysed as related aspects of a larger sociotechnical process. Algorithmic decision making is
not just a technology-person interaction. Instead, how participants understand Al is influenced by the institutional
context in which Al is embedded.

This conceptual relationship can thus be stated as:

Sociotechnical conditions: perceptions of fairness and inequality; experiences of transparency and accountability:
judgments of institutional legitimacy: trust or distrust

This formulation is not meant to be read as a causal model. Instead, it is the interpretive lens that can help to make
sense of the qualitative results.

The first theoretical contribution of the study is thus the incorporation of three theories: Sociotechnical Systems
Theory, Procedural Justice and Institutional Trust. The Sociotechnical (ST) Systems Theory outlines the institutional
and technological setting in which algorithmic decisions are made. Procedural Justice describes the manner in which
people assess decision making processes for their fairness and legitimacy. Institutional Trust provides an explanation
of how these evaluations can be made in a way that goes beyond the individual and to a judgment of the organization
and/or institution as a whole.
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These are not always treated as relatively distinct dimensions in extant scholarship, and integrating these viewpoints
helps compensate for this. The qualitative perspective, on the other hand, lets these concepts be comprehended as
mutually dependent dimensions of the participants' experiences of algorithmic governance.

Theoretical Contributions

The first theoretical contribution is the focus on algorithmic inequality as a sociotechnical phenomenon.The first
theoretical contribution is the focus on algorithmic inequality as a sociotechnical phenomenon. The results should not
only show inequality in the algorithms, but also in the way that participants perceive inequality as being potentially
linked to data, decision-making processes, social structures, and institutional practices.

Second, the study may also bring extension of procedural justice research by bringing its concepts into consideration
in algorithmically-mediated decisions. When people encounter systems of which they do not have direct knowledge,
voice, explanation, neutrality, contestability and respectful treatment might be significant.

Thirdly, the study adds to the institutional trust research, in differentiating the trust in technology with trust in
institutions. Citizens may experience technology within institutions, which may be a source of the influence of
algorithmic systems on institutional legitimacy.Citizens may experience technology within institutions, which may be
a source of the influence of algorithmic systems on institutional legitimacy.

Such contributions, however, must be made in terms of the actual empirical results and not as a foregone conclusion.

The practical and policy implications of the study are discussed

The results of the findings have possible implications for organizations using Al-driven decision systems. First,
organizations ought to go past the technical accuracy and gauge if impacted people can comprehend and challenge
choices. Second, human intervention should be meaningful and include decision-making power to challenge and
overturn algorithmic results. Third, organisations need to have clear structures of accountability who is responsible
for making decisions with Al support.

Transparency mechanisms must also be developed based on the needs of affected persons. While technical documents
might be useful for auditors or specialists, the person might need an explanation of how and why the choice made had
an impact on them.

The findings underscore the need for governance mechanisms that include accountability, transparency, human
oversight, impact assessment, data governance and appeals, for policymakers. Risk should be taken into consideration,
depending on the social relevance of the decision, as regulated. There are more stringent safeguards for high-stakes
decisions that impact on employment, healthcare, education, finance, welfare, or fundamental rights, than for low-risk
algorithmic recommendations.

This is especially significant for marginalized and under-represented groups. When people have less capacity to
question institutional decisions, the opacity of algorithms can amplify inequalities. As such, effective appeals,
independent oversight and meaningful engagement should be key elements of good governance regarding Al.

But it's important that these implications don't exceed the evidence. The study should avoid sweeping statements about
the negative impacts of Al on marginalised groups unless these can be substantiated with the data and evidence
provided.

Implications for Public Trust

The results indicate that trust in the public should not be won through technological marketing or encapsulated in the
trustworthiness of the algorithm itself. Al in decision-making is more likely to rely on the perceptions that it is fair,
understandable, accountable, contestable and institutionally legitimate.

This understanding makes the technological solutions focused on user acceptance more complex. Trust isn't just a
personal feeling towards Al it's also a perception of institutional action.

Organizations aiming to use Al in a legitimate manner should focus on process as well as performance measures. If
they understand who is ultimately responsible, how decisions can be contested, and the consequences of a misjudged
decision, people are more likely to accept algorithmic decision-making than they are to do so when they don't.

OVERALL DISCUSSION

Overall, the study should regard algorithmic decision-making as something that is contested, rather than a simple
technological process. The problem is not whether Al is fair or unfair in itself, but how algorithmic systems are
designed, activated, lived, understood, regulated and challenged in specific social settings.

The qualitative perspective is particularly useful as it provides insight into what is meant by technical fairness
measurements and general measures of trust. People can see the benefits of Al but also remain skeptical of its
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humanity, or feel efficient with Al but want to know that someone is there to look after them, or feel comfortable with
an institution when they are not comfortable with its algorithms, etc.

It would be incorrect to view the contradictions as analytical problems to be eliminated. They are valuable as evidence
of the contextual and multidimensional nature of public responses to Al

It thus adds to the existing body of literature on responsible Al by developing a shared interpretive lens for social
inequality, procedural fairness, institutional accountability, and public trust. It is in its ability to explain social and
institutional contexts in which algorithmic decision making can be seen as legitimate, unfair, trustworthy or contested
that its main contribution is found.

All quotations and statements that depend on the data in this section should be reworded, using evidence from the
researcher's own qualitative data, in the final empirical version. No quotation, theme, characteristic of participants,
negative case, or empirical conclusion will be kept if it can not be directly traced to the dataset. This is a crucial way
of ensuring credibility, confirmability and publication integrity of the qualitative study.

CONCLUSION

From interpretivist/constructivist qualitative point of view, this study explored the connections between artificial
intelligence (Al), algorithmic decision-making, social inequality and public trust. The study was based on the
assumption that algorithmic decisions are not only made within the technical realm but are also made in the area of
work, education, health, finance, public administration, and digital life. The focus was not on the good or badness of
Al itself, but on the fairness, inequality, transparency, and accountability of algorithmic decision-making, as well as
the presence of human oversight, institutional legitimacy, and trust. The findings are interpreted as contextually
situated interpretations, as is typical when the study is qualitative.

The results show that the social significance of algorithmic decision-making is not just a matter of the performance of
Al systems. Turning to the first research question, the study illustrates how perceptions of social inequality are closely
related to how individuals interpret the data, institutional practices and decision-making processes involved in
algorithmic systems. Algorithmic inequality is not therefore an inevitable by-product of Al but rather a reflection of
the inequalities in society as a whole. Instead, issues stem from the way algorithmic systems function in conjunction
with existing social inequities, uneven resource allocation, legacy data, deeply rooted practices and opportunities to
contest decisions. This is a confirmation that Al is a sociotechnical phenomenon where technology and social
structures are intertwined.

The second research question focused on fairness, discrimination, transparency and accountability. The study suggests
that people's knowledge about algorithmic fairness goes beyond the accuracy of the automated systems. Fairness is
also understood through the processes, such as the ability to explain decisions, to ask questions, to have human review,
and to take accountability for results by institutions. The finding reinforces the importance of procedural justice in
algorithmic governance. An algorithmic decision that is technically consistent may not be seen as legitimate if the
people involved with it lack significant opportunities to understand and challenge the decision. Transparency,
therefore, is not just about revealing technical information, but is a way to how individuals can understand and engage
in consequential decision-making processes.

The study further highlights the importance of meaningful accountability and human oversight. Having a human being
in an Al-driven decision process does not equate to good accountability. When responsible actors have the discretion,
awareness, and organizational ability to challenge, amend, and overturn algorithmic recommendations, it is human
oversight. Transparency is especially crucial when algorithms affect individual decisions, such as whether or not to
grant a loan or permit a child to play a sports team.When algorithms are used to make decisions with a significant
impact on the lives of individuals, clear responsibility is particularly important. It should then be up to individual
human and institutional actors, not the technology, to be held accountable.

As it relates to third research question, results suggest that experiences and interpretations of algorithmic decision-
making can influence trust and distrust perceptions. Most notably, a lack of trust in Al should not be equated with a
lack of trust in the institutions that use it. People can assess a technological system on the basis of accuracy and another
on the basis of fairness, transparency, responsiveness and accountability of the institution. Public trust is therefore
more properly considered as a relational and institutional judgment, not merely an attitude towards technological
innovation. The opacity, unfairness, lack of accountability, and lack of challengeability of algorithmic processes can
also lead to a contestation of institutional legitimacy.

The fourth research question was what the conditions are for algorithmic decision-making to be experienced as more
fair, transparent, and socially legitimate. The study highlights the need for interpretation of human meaning,
explanations that are understandable, accountability, mechanism for challenging decisions, unequal social effects, and
participative governance. The conditions point to the fact that responsible Al is not possible only through optimizing
the technology. Algorithmic governance should take into account the experiences and views of those impacted by
automated decisions, especially if the use of technology affects access to opportunities or services of social
significance.
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Conceived and from a theoretical perspective, the study adds by combining the three theories— the Sociotechnical
Systems Theory, the Procedural Justice, and the Institutional Trust—to gain a deeper understanding on algorithmic
decision-making as a socially embedded process. This is because algorithmic outcomes can't be divorced from the
organizational and institutional contexts, and this is captured in the sociotechnical thinking. Procedural justice offers
a conceptual context to explain the importance of voice, explanation, neutrality, respect, and contestability to
perceptions of fairness. Instituational trust is the concept that relates experiences with algorithmic systems to the
general assessments of the legitimacy and reliability of institutions. They complement approaches that only consider
computational accuracy or statistical fairness with a more complete conceptualization of algorithmic legitimacy.

The study also contributes to the field of Al and Society studies through a qualitative approach that highlights
interpretation, experience, context and meaning. The qualitative approach makes it clear that fairness, or trust, is not
a fixed, but a socially constructed and context-dependent attribute. This is especially crucial for comprehending
intricate scenarios where people might hold both positive and negative views on the social effects of Al. These tensions
are not easily captured in a binary assumption of the people being for or against algorithmic decision-making.
Organizations that adopt Al in practice should therefore focus on a human-centered approach, prioritizing the
technological capability and accountability of the organization. Explanations that can be understood, human oversight,
clear appeal processes, ongoing monitoring of possible unequal effects, and clear accountability should be included
with Al systems that have an impact on consequential decisions. Additionally, organisations should engage relevant
stakeholders in the design, implementation, evaluation and governance of algorithmic systems, with affected
individuals not being treated as mere recipients of algorithmic decision-making.

Policy-wise, good governance for Al should focus on transparency and accountability, participation, equity,
contestability and human oversight. Regulatory measures should take into account algorithmic risks in the context in
which they arise and the need for greater protection when Al is used to impact on rights and freedoms, employment,
education, health care, financial inclusion, public services, and other significant decisions. Policymakers need also to
make sure that governance mechanisms are flexible enough to account for institutional capacity and social conditions
in different localities, rather than expecting that governance models developed in one place can be readily scaled up
or down to other localities.

The study has a number of weaknesses. It is important to note that these results are not statistically representative of
all populations or Al applications because they are qualitative and context-specific. Rather, its importance is on
transferability, which requires readers and researchers to be able to determine whether the interpretations are
applicable to similar contexts. The study also hinges on the viewpoint that can be captured in the specific research
environment and participant population of a study. In future studies, the same questions may be explored in other
institutional sectors, other countries, and other types of algorithmic decision-making, and other populations.
Comparative qualitative research could look at the differences in perceptions of fairness and trust between cultural
and regulatory settings, and longitudinal studies could investigate changes in trust with increased experiences of using
Al to inform decisions. Qualitative inquiry could also be used alongside technical algorithmic/audits or other evidence
to bridge lived experiences and characteristics of specific systems in future studies.

The final takeaway is that so much as technology can't guarantee the legality of Al-driven decision-making. An
algorithm can be efficient but there is also a need for the algorithm to be socially legitimate, meaning that it needs to
be fair, accountable, transparent, have meaningful human judgment, and allow the people impacted to challenge
consequential decisions. Al should, therefore, not only be managed as a technological innovation, but as a
sociotechnical institution that is legitimate when managed in a manner which is equitable to the society, transparent,
and responsible. To build public trust, we need to encourage people to trust Al, but we need decision-making
mechanisms that provide people with meaningful reasons to trust Al
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