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ABSTRACT

AI-mediated decision-making enhances human performance and efficiency in small and 
medium-sized enterprises (SMEs). However, compared with human decision-making, 
it raises concerns about human-centered principles such as transparency, fairness, and 
representation. In particular, formal worker representatives, such as works councils, 
who have relied on conventional oversight, often lack the technical entry points required 
to influence, oversee, or negotiate black-box AI-mediated decisions. This mismatch 
creates a representation gap that challenges the legitimacy of algorithmic outcomes and 
raises doubts about whether workers’ voices are adequately considered. Consequently, 
despite ongoing efforts to balance biased AI, it remains unclear how fair representation 
can be conceptualized and practically realized within digitally mediated decision-
making. Building on this foundational challenge, the study asks how workers’ voices 
can shape AI-mediated decisions concerning the shop floor; how fair representation 
can be conceptually defined and embedded as a human-centered principle. To achieve 
this, the study first evaluates existing socio-technical and institutional attempts to 
embed human-centered principles into algorithmic decision-making, from social forms 
of representation, such as collective bargaining, to technical forms, such as Multi-Agent 
Systems (MAS). Secondly, it addresses the limitations of these existing approaches and 
comprehensively bridges the representation gap by developing a novel five-layered 
model, grounded in a case study and shop-floor insights. The model spans Level 0 
(problem recognition) to Level 4 (AI-mediated decisions via MAS), integrating worker 
interests into AI-driven processes to reduce centralized, unilateral decision-making and 
ensure a substantive role for workers and their representatives. The study shows that 
bridging the representation gap requires more than algorithmic systems; the proposed 
framework highlights a deeper, trust-building form of worker involvement at the shop-
floor level. Since AI is limited in fulfilling the social and legitimate representational 
functions of works councils, their participation at the proposed layers becomes 
essential. This interdependence forms a “nested representation,” integrating workers’ 
needs into AI tools to strengthen the human-centered foundations of AI-supported 
decisions in SMEs.
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INTRODUCTION

The increasing use of AI in industry has driven significant transformations 
within SMEs, reshaping work routines, job roles, and operational 
decision-making (Amanollahnejad et al., 2026; OECD, 2025). While these 
developments promise enhanced efficiency and performance, they also 
introduce critical challenges regarding the legitimacy, transparency, and 
fairness of AI-mediated processes. Recent research has extensively examined 
socio-technical bias and transparency in AI (Bahangulu & Owusu-Berko, 
2025; Sarker et al., 2026); however, issues of worker representation and 
institutional legitimacy have received comparatively little attention, leaving a 
significant gap in our understanding of how AI can facilitate socio-technical 
systems that meaningfully reflect workers’ interests and needs.

Since the Industrial Revolution, the inclusion of workers’ voices in 
organizational decision-making has constituted a pivotal concern. Historically, 
this need for worker voice led to the emergence of formal structures, such 
as works councils, designed to institutionalize employee representation 
within organizations (Fischer-Daly & Anner, 2023; Nelson, 1993). This role 
is especially critical in SMEs, where shop-floor decisions directly determine 
operational performance. However, in the digital transformation of these 
structures, current AI-mediated systems often lack mechanisms to incorporate 
these representatives (Qeybi & Böschen, 2025a; Romo et al., 2024; Shao et al., 
2025). When AI-generated decisions are assumed to reflect workers’ perspectives 
without their active input, questions of fair representation naturally arise.

This creates a representation gap, particularly at the shop-floor level where 
workers first encounter operational issues. This gap raises fundamental 
questions: Do AI-mediated decisions sufficiently reflect workers’ interests? 
Do their consequences align with workers’ expectations? And can workers 
trust and act upon these decisions? To address these questions, this paper 
first evaluates existing socio-technical and institutional attempts to embed 
human-centered principles into algorithmic systems, ranging from social 
forms of representation (e.g., collective bargaining) to technical forms (e.g., 
MAS). Building on these insights, the study introduces a novel conceptual 
five-layered model designed to support democratic, AI-supported decision-
making. Grounded in a case study and shop-floor observations, the model 
illustrates how workers and their representatives can be integrated into the 
technical architecture of these algorithmic systems.

The remainder of the paper is structured as follows: The Background 
section reviews the literature on socio-technical frameworks and human-
centered AI. The subsequent section outlines the methodological approach, 
followed by the presentation of the five-layered model in detail. Finally, the 
paper concludes with a discussion of the proposed model and directions for 
future research.

BACKGROUND

A growing body of academic literature and industrial research projects 
examines the socio-technical effects of integrating AI into the workplace. 
To date, these efforts have primarily focused on enhancing transparency, 
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mitigating bias, or in some cases, leveraging traditional collective bargaining 
to regulate algorithmic decision-making. However, while the theoretical 
frameworks for “how AI should be applied” are well-established, there 
remains a significant gap regarding the practical, meaningful, and direct 
socio-technical involvement of workers in AI-mediated decision-making. 
Specifically, the transition from purely automated decisions toward 
participatory human-AI arrangements, and the operationalization of fair 
representation within these systems remain underexplored.

Recent years have seen institutions move beyond theory to leverage 
collective bargaining rights, ensuring that workers and their representatives 
play a role in overseeing AI-mediated decision-making. Key examples include 
the Danish Hilfr2 agreement (2024) and the Spanish Riders’ Law (2021), 
both of which empower workers to influence and challenge algorithmic 
decisions. These frameworks establish rights such as objecting to algorithmic 
matching, pursuing legal challenges in labor courts, and institutionalizing 
representation through protected virtual spaces. Furthermore, they mandate 
that representatives be informed of the automated decision logic affecting 
working conditions, thereby opening the “black box” of algorithmic decisions 
to human oversight (Brunnerová et al., 2024; Eurofound, 2025; Ilsøe, 2025; 
Todoli-Signes, 2021).

Beyond collective bargaining, the necessity of human validation in 
digital decision-making is reflected in a broad range of frameworks, from 
Responsible Innovation to addressing the Responsibility and Governance 
Gaps. Specifically, parallel efforts focus on an evolution from technical 
Human-in-the-Loop (HITL) architectures toward the normative goal of 
Meaningful Human Control (MHC). These frameworks ensure that human 
intervention remains the primary driver of the system’s logic. While these 
concepts initially emerged from safety and security debates, they have 
increasingly permeated industrial organizations, where they are now vital for 
governing complex machinery and shop-floor decision systems (Balamurugan 
et al., 2025; Kakko, 2022; Khomkhunsorn, 2025; Matthias, 2004; Owen, 
2025; Qeybi & Böschen, 2025b; Santoni de Sio & van den Hoven, 2018).

Integrating humans and machines for decision-making, particularly in 
SMEs, which do not function as “linear phenomena,” requires a return to 
Socio-Technical Systems (STS) theory (Amanollahnejad et al., 2026). Moving 
beyond joint optimization to focus on embedding ethical values, modern 
STS approaches consider technical efficiency alongside a critical question: 
Do system outcomes align with workers’ needs and safety? Crucially, how 
can workers and their representatives keep pace with rapid technological 
advancements without losing their agency? To address this, Participatory 
Design (PD) involves workers and unions in the iterative design and 
implementation of technology, ensuring that systems enhance human labor. 
In modern STS, PD has evolved further, incorporating a broader range of 
stakeholders to ensure that systems remain flexible and adaptable in the face 
of constant digital transformation (Ang et al., 2025; Klein, 2014; Sony & 
Naik, 2020; Trist & Bamforth, 1951; Wacnik et al., 2025).

Drawing upon these socio-technical foundations, decentralized MAS 
provide a robust technical framework for operationalizing the negotiation 
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power of unions within AI-mediated decision-making. Their inherent ability 
to negotiate and process data in real-time provides the infrastructure for 
transparent, non-hierarchical decision-making on the shop floor. By encoding 
the negotiated interests and expectations of both workers and union 
representatives into autonomous agents, MAS can facilitate a specific, firm-
related variant of democratic AI governance. This transformation presents a 
pathway to translate the principle of collective bargaining into the technical 
architecture itself, representing a significant step toward making AI-mediated 
decision-making more legitimate, participative, and worker-centered (Ahmed 
et al., 2024; Lin, 2025; Qeybi & Böschen, 2025b; Schmitt et al., 2023; Shin, 
2026; Vinitsky et al., 2023).

Building on this background, this study presents a conceptual model 
that integrates socio-technical requirements for worker representation into 
AI-mediated decision-making. To detail the development of this framework, 
the following section outlines the methodology employed, followed by a 
comprehensive presentation of the five-layered model.

METHODS

To address the socio-technical representation gap in AI-mediated decision-
making within SMEs, this study adopts an informed Grounded Theory 
approach (Thornberg, 2012). This exploratory method allows for the 
development of a novel conceptual model that operationalizes worker voice 
where previous frameworks have struggled. The empirical foundation is 
based on a two-step case study conducted in 2023 and 2024 as part of the 
EU-FAIRWork project.

The first phase consisted of an on-site visit, document analysis and 
preliminary worker interviews at a selected SME to establish the empirical 
baseline and to identify the contextual factors influencing the implementation 
of a Decision Support System (DSS). The second phase sought deeper insights 
into worker perspectives through a comprehensive workshop and follow-up 
interviews (Gheibi & Böschen, 2024; Qeybi & Böschen, 2025a). Analysis 
of this data revealed divergent insights regarding participation. While 
shop-floor routines showed no evidence of participatory decision-making, 
management viewed worker involvement as essential for transparency and 
technology acceptance. Furthermore, the Workers’ Council expressed clear 
concerns regarding replacement by digital tools, emphasizing that human 
discretion and the “four-eyes principle” must be preserved to prevent the 
pure delegation of decisions to AI systems.

Recognizing these insights, the five-layered model was designed as a socio-
technical solution to bridge the identified representation gap and address the 
project’s requirement for a democratic DSS. By synthesizing these empirical 
findings with the technical capabilities of MAS, the model ensures that shop-
floor workers can be involved, both directly and through their representatives, 
in algorithmic processes. This architecture leads to more legitimate and fair 
representation within AI-mediated decision-making (Vieira et al., 2025).

The following section details the nuanced levels of the developed model, 
explaining the rationale for each layer and its contribution to participatory 
socio-technical decision-making.
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NOVEL CONCEPTUAL MODEL FOR NESTED REPRESENTATION

To bridge the identified representation gap and empower workers to 
negotiate within AI-mediated decision-making, this study proposes a five-
layered model based on case study insights, which function as technical and 
procedural entry points. The model spans from the worker level (Level 0), 
ensuring involvement from the outset, to participatory AI-mediated decisions 
via MAS (Level 4). In this framework, MAS are interpreted as a technical form 
of representation embedded in a specific socio-technical setting. Although 
MAS enhance opportunities for representation through a broad range of 
data parameters, legitimacy challenges arise as the quality of the technical 
representation depends on the social reality of the SME. Shop-floor workers 
are rooted in specific socio-material practices, and they require tailored 
representation to address their unique needs. Achieving fair representation 
depends on balancing the tension between the social aims of representation 
and the technical forms of representation. Thus, representation must be 
established as a socio-technical practice with and through MAS. To resolve 
these tensions, we employ the concept of legitimation to focus on the socio-
technical logistics and structures essential for introduction and monitoring 
within the SME. Hence, it is imperative to address the tensions indicated by 
the arrows (See Figure 1). Whether an expressed worker need or a systemic 
MAS logic, each requires undergoing a “legitimation run.” This process is 
essential to fairly transform these exchanges into valid, accepted realities. 
Representation within this context occurs via two primary channels: workers 
autonomously articulating their needs, or experts identifying and expressing 
these requirements on their behalf.

Figure 1: Analytical exploration space for far representation and legitimation.

To operationalize this, our model utilizes a five-layered funnel diagram, 
facilitating reflexive cycles of opening-up and closing-down representations. 
Our conceptual structure is based on three crucial elements. Firstly, the 
MAS functions as a form of indirect representation, acting as a mediation 
instance between workers and the specific production situations. Secondly, 
this indirect representation is developed as a layered model, recognizing that 
appropriately constituted mediation processes are necessary to maintain 
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organizational decision-making capacity. Thirdly, these layers elaborate the 
relationship between the technical MAS parameters and worker requirements. 

This “nested representation” structure enables fair representation by 
balancing the desire for representation with the technical form of being 
represented. The process begins at Level 0 (Problem Recognition), where 
workers identify issues and seek collective solutions. Moving to Level 1 
(Consultation), representatives convey these issues to experts to deliberate 
on potential approaches. At Level 2 (Participation), workers select preferred 
solutions from those suggested. Before technical integration, these solutions 
undergo Level 3 (Human Negotiation), where representatives and experts 
deliberate on which solutions align with system goals. This interaction assesses 
the precision of the solution while enhancing legitimacy and perceived justice. 
Once this three-stage legitimation process is complete, the information is 
integrated into Level 4 (MAS). Here, human input, is modeled into the MAS 
and aligned with specific process goals. A negotiation dynamic between 
agents is then designed to meet system goals within the boundaries of each 
task. These agent interactions play a decisive role in balancing stakeholder 
parameters, achieving fair representation (See Figure 2). Such a nested 
structure demonstrates the socio-technical complexity of operationalizing 
fair representation in SMEs. While these levels can be technically mapped, 
they require a socio-technical arrangement where coordination is anchored 
institutionally. Consequently, within this framework, fair representation is 
conceptually defined as the procedural alignment of worker interests and 
systemic logics through a legitimate, multi-layered mediation process.

Figure 2: Five-layered model for a fair nested representation: Operationalizing the 
legitimation process in AI-mediated decision-making.

CONCLUSION

The conceptual goal of this study was to bridge the representation gap in 
AI-mediated decision-making in socio-technical environments. For this 
purpose, this study initially reviewed the existing institutional attempts to 
integrate human-centered principles into algorithmic decision-making. These 
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approaches ranged from collective bargaining frameworks to responsible 
innovation, STS, and decentralized MAS. However, these approaches lack 
operationalizing workers’ needs and their fair representation in everyday 
algorithmic operations. Therefore, it was decisive to model how worker 
voice can be embedded into these systems. The solution was the presented 
five-layered framework grounded in empirical insights from the FAIRWork 
project. This architecture defines fair representation conceptually as a socio-
technical process of legitimation where the direct and indirect representation 
of workers, particularly through the presence of works councils, ensures that 
AI outcomes are governed by shop-floor needs rather than purely algorithmic 
processes. By doing so, the model demonstrates how workers’ voices can 
meaningfully shape shop-floor AI-decisions, thereby enhancing decision 
precision and representational fairness.

However, a critical tension remains regarding the source of this 
requirement. While this structure provides the infrastructure for human-
centered AI, our empirical evidence indicates that a proactive interest 
in decision-making participation was mainly expressed by management 
rather than shop-floor workers. This raises a fundamental question: who 
truly benefits from encouraging fairness and democratic participation in 
AI decisions? In the absence of explicit shop-floor worker demands in our 
case study, it is necessary to consider whether Fairness and Democracy are 
being implemented as top-down impositions or forced fairness rather than 
bottom-up necessities. Therefore, future research and cross-project analysis 
are required to investigate the true source of willingness for participatory 
principles in AI tools. If there is no immediate worker demand, should we 
continue to consider a fair and democratic AI approach as a necessary ethical 
principle?
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