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Abstract 

 

Background: AI hiring tools promise efficiency but often replicate historical bias embedded 

in training data. SMEs face unique hurdles as Swedish organisations rapidly adopt these 

systems, with limited resources, informal governance structures, vendor opacity, and 

mounting regulatory pressure under the EU AI Act. Organisational practice is understudied 

since current research concentrates on technical bias. This study examines how Swedish SME 

recruitment practitioners use AI in hiring and how they perceive, navigate, and implement 

fairness. 

Purpose: This study examines how recruitment practitioners understand and implement 

fairness in practice, as well as how Swedish SMEs employ AI-based hiring tools. It addresses 

the discrepancy between organisational realities and fairness governance amid resource 

limitations, new regulatory demands, and technical fairness guidelines. 

Method: This study employs a qualitative multiple-case study design with an abductive 

research approach. In total, 12 semi-structured interviews were conducted with Swedish 

recruitment practitioners across different industries. 

Conclusion: The study shows that fairness in AI‑based hiring within Swedish SMEs is 

shaped primarily by practitioners' interpretations rather than by formal governance or 

regulatory engagement. Most participants view fairness as retaining human judgment and 

integrating multiple sources of evidence, which leads them to override or contextualise 

algorithmic outputs. Limited awareness of EU AI Act obligations and reliance on vendors 

create accountability gaps, highlighting the organisational challenges SMEs face as 

regulation approaches. 
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1.​ Introduction 

____________________________________________________________ 
This chapter gives the background and reason for the study. It starts with the practical and 

regulatory pressures surrounding AI-based hiring in Swedish SMEs, identifies the research 

problem and gap in the existing literature, explains the study's purpose, and concludes with 

the research question that guides the empirical investigation. 

___________________________________________________________________________  

 

1.1 Background  
Imagine you are a recruiter in a fast-growing Swedish tech company. A new AI tool has just 

ranked 200 applicants for a software engineer role. The top 20 are auto-shortlisted. You 

glance at the list, it looks reasonable, the scores feel objective, and you move on to 

interviewing. What you do not know is that the model was trained on 10 years of historical 

hires, nearly all of whom were men. The women who applied were not rejected because of 

anything they did. They were ranked lower because of patterns the algorithm absorbed from 

the past, patterns no one thought to check. This is not a hypothetical. It is what happened at 

Amazon. 

 

From 2014 onward, Amazon developed an AI hiring tool trained on a decade of résumés, 

predominantly submitted by men. The tool systematically disadvantaged female applicants by 

downgrading résumés containing indicators of women's participation, reflecting the male 

dominance of the tech industry's historical hiring patterns (Dastin, 2018; BBC News, 2018; 

Chang, 2023). Despite attempts to correct specific discriminatory terms, engineers could not 

guarantee that the system would not develop new discriminatory patterns, and the project was 

ultimately abandoned (Dastin, 2018; BBC News, 2018). Chang (2023) situates this case 

within a broader pattern of algorithmic gender bias across recruitment platforms, with similar 

mechanisms identified at LinkedIn and in other hiring systems. The Amazon case is therefore 

not an isolated organisational failure but a marker of a structural tendency. It illustrates the 

core tension this study addresses: tools designed to improve hiring efficiency can reproduce 

and amplify biases embedded in historical data because those biases remain invisible within 

the training process itself. 
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The Amazon case is also indicative of a broader transformation in how organisations recruit. 

By early 2026, 87% of companies globally had incorporated AI into their recruitment 

processes, and among Fortune 500 firms, the figure approached 99% (Wetherby, 2026). In 

Sweden specifically, AI usage among enterprises rose from 25.2% in 2024 to 35.0% in 2025, 

one of the fastest-growing areas of enterprise technology adoption (SCB, 2025). CV 

screening software, candidate ranking algorithms, and psychometric assessment platforms are 

now accessible to organisations of all sizes, not only to technology giants. 

 

The appeal of these tools is straightforward. They address two persistent problems in 

recruitment: administrative overload and human bias (Raghavan et al., 2020). By automating 

preliminary screening, organisations can manage applicant volumes that would overwhelm 

human reviewers, allowing recruiters to focus on higher-value tasks. In competitive labour 

markets, algorithmic recruitment is framed as a way to improve talent acquisition while 

reducing administrative costs (Iyelolu et al., 2024). Vendors typically present these systems 

as objective and consistent, claiming that algorithmic evaluation removes the subjectivity of 

human judgment and produces more equitable outcomes (Chen, 2023). Organisations using 

AI in hiring report reductions of up to 25% in time-to-hire, with 98% of hiring managers 

describing efficiency gains (Wetherby, 2026). 

 

However, these efficiency gains have not resolved the fairness problem. They have, in 

important respects, intensified it. The single most commonly cited concern among 

organisations using AI in recruitment is bias, with 58% identifying it as a significant issue 

(Wetherby, 2026). As the Amazon case demonstrates, and as subsequent research across 

multiple platforms has confirmed, AI tools do not simply automate hiring decisions; they 

embed and amplify the discriminatory patterns present in their training data (Bogen & Rieke, 

2018; Raghavan et al., 2020; Köchling & Wehner, 2020). Variables that appear neutral can 

serve as statistical proxies for protected characteristics in a process known as proxy 

discrimination: zip codes can proxy for ethnicity, university names for socioeconomic status, 

and employment gaps for age or caregiving responsibilities (Sheard, 2022). Rather than 

eliminating human prejudice, AI can automate and legitimise it under the guise of 

mathematical objectivity (Newman et al., 2020). 

 

Ajunwa (2020) has described this dynamic as the "automation paradox": algorithmic hiring 

tools intended to mitigate discrimination may instead reproduce systemic inequalities when 
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deployed on biased historical data without adequate organisational oversight. Algorithmic 

decision systems thus risk formalising and scaling discriminatory patterns that were 

previously embedded in individual human decisions. 

 

The Swedish adoption data adds an important dimension to this picture. While AI usage is 

growing rapidly, it is sharply uneven across organisational size. In 2025, 71.9% of large 

Swedish enterprises reported using AI, compared to only 30.8% of small enterprises with 

10-49 employees and 49.6% of medium-sized enterprises (SCB, 2025). A striking finding 

about purposefulness compounds the governance gap implied by this disparity: in 2025, 

28.1% of Swedish enterprises using AI technology reported no explicit purpose defined for 

its use (SCB, 2025). This suggests that a substantial share of organisations are adopting AI 

tools without having constructed a coherent framework of meaning for what those 

technologies are for, what they should achieve, or who within the organisation is responsible 

for their outcomes. For the study of fairness in AI-based hiring, this purposelessness is not a 

peripheral observation; it is a governance problem in its own right. Furthermore, Swedish 

enterprises are increasingly dependent on ready-made commercial AI systems: 62.1% of all 

AI-using enterprises in 2025 acquired their AI technology through off-the-shelf commercial 

products rather than developing solutions internally or through external contractors (SCB, 

2025). This vendor dependency, acquiring systems whose training data, design logic, and 

fairness assumptions are largely opaque, creates exactly the accountability gaps that the 

governance literature identifies as the most consequential risk for organisations deploying AI 

in high-stakes decisions (Bogen & Rieke, 2018; Pasquale, 2015). 
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Figure 1: The adoption rate of artificial intelligence by firm size, 2018 and 2025 (Gallacher, 2026). 

The figure shows that AI adoption in recruitment remains heavily concentrated among the largest 

organisations, with only 1.3% of the smallest firms having adopted AI, compared with nearly 50% of 

the top 1%. This concentration underscores the significance of Swedish SMEs as a critical yet 

under-explored context for the study of AI governance in hiring. 

 

The EU Artificial Intelligence Act (Regulation (EU) 2024/1689), which took effect on 

August 1, 2024, underscores the urgency of addressing these issues. The framework classifies 

AI systems used in employment and recruitment, particularly automated CV screening, 

candidate ranking, and evaluation, as "high-risk" under Annex III (point 4). These obligations 

for deployers become fully applicable on August 2, 2026, requiring human oversight, 

transparency, risk management systems, bias monitoring, and technical documentation 

(European Parliament and Council of the European Union, 2024). However, scholars caution 

that abstract ethical principles and legal mandates alone cannot ensure responsible AI 

deployment (Mittelstadt, 2019). Ensuring fairness in these contexts is not merely a technical 

or legal issue; it is a matter of integrating these tools into organisational structures and 

human-led routines. Recent analyses indicate that Swedish SMEs are already experiencing 

this pressure, with many reporting uncertainty about how to operationalise the high-risk 

obligations for CV screening tools (Küsters & Waber, 2025). The Act distinguishes between 

providers (those who develop and place AI systems on the market) and deployers (those who 

use AI systems in the course of professional activity); SMEs adopting off-the-shelf vendor 
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tools fall predominantly into the deployer category, which carries a distinct and slightly less 

stringent set of obligations under Article 26 (European Parliament and Council of the 

European Union, 2024; Eversheds-Sutherland, 2026). 

 

Despite a growing body of research on algorithmic bias and technical mitigation strategies, a 

fundamental question remains unanswered: how do the organisations actually deploying these 

tools interpret and govern fairness in practice? The academic literature has focused 

predominantly on identifying bias in algorithms and proposing technical solutions, leaving 

the organisational and interpretive dimensions of fairness governance largely unexplored 

(Raghavan et al., 2020; Albaroudi et al., 2024). Far less attention has been paid to what 

happens inside organisations when managers encounter AI tools, make sense of their outputs, 

and decide what to do about fairness. This gap between technical prescription and 

organisational practice is especially pronounced in the SME sector, where limited resources, 

informal governance structures, and centralised decision-making create conditions 

fundamentally different from those in large-enterprise contexts, where most existing research 

has been conducted (Cardon & Stevens, 2004; Naidu, 2025). It is precisely this gap that the 

present study addresses. 

 

1.2 Research Problem 
Despite extensive academic guidance on bias mitigation, a persistent gap remains between 

normative recommendations and organisational practice. Existing research has primarily 

focused on identifying algorithmic bias (Raghavan et al., 2020), evaluating vendor 

technologies (Bogen & Rieke, 2018), or proposing technical fairness metrics. However, there 

is limited understanding of how organisations, particularly in the SME sector, interpret and 

operationalise fairness in their recruitment practices. 

 

According to Mittelstadt (2019), ethical principles alone are insufficient to ensure responsible 

AI use without organisational mechanisms for implementation. Algorithmic systems exert a 

significant influence on the dynamics of workplace power by becoming entrenched within 

organisational routines, thereby failing to be perceived as neutral instruments (Kellogg et al., 

2019). This suggests that fairness in AI-based hiring is a socio-organisational outcome 

shaped by the relationship between managers' perceptions of these tools and their subsequent 

use. This phenomenon can be elucidated through the conceptual framework of Affordance 
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Theory, which examines the "action possibilities" a tool affords to its user (Gilstrap, 2019). 

For instance, a ranking tool may offer an "efficiency affordance" that could motivate a 

recruiter to rely less on manual verification. If the manager perceives the tool as "objective", 

they may act on this affordance by being less likely to accept low-ranked candidates, 

potentially introducing bias through their actions (Greene, 2019). 

 

This discrepancy is especially evident in SMEs, where digital transformation occurs in 

environments characterised by uncertainty and limited formal governance (Cardon & 

Stevens, 2004; Keir, 2019; Rismayadi, 2024). While the EU AI Act imposes stringent 

requirements on all high-risk AI deployers, SMEs often lack the dedicated legal, data science, 

or compliance resources found in larger corporations (Naidu, 2025). They frequently rely on 

external AI vendors, which can lead to challenges due to a lack of transparency (Pasquale, 

2015). In settings where resources are limited, managers must interpret legal definitions of 

fairness, navigate opaque AI tools, and directly link their organisational interpretations to 

observable hiring behaviours and oversight practices. In the absence of proactive 

management of these interpretations by organisations, the integration of AI can erode trust 

and organisational legitimacy (Lavanchy et al., 2023). Taken together, these findings 

underscore the necessity for empirical research examining how fairness is interpreted and 

enacted in practice, particularly in the Swedish SME context, where regulatory pressures are 

increasing.  

 

This gap is particularly acute in small and medium-sized enterprises. Unlike large 

corporations with dedicated legal, data science, and compliance teams, SMEs must navigate 

AI adoption with limited resources, informal governance structures, and often a single person 

responsible for all HR decisions (Cardon & Stevens, 2004; Naidu, 2025). They are 

simultaneously the most common type of organisation in Sweden, accounting for the vast 

majority of enterprises (SCB, 2025), the least studied in the fairness literature (Naidu, 2025), 

and, as the EU AI Act's August 2026 deadline approaches, subject to the same high-risk 

compliance obligations as multinational corporations (European Parliament and Council of 

the European Union, 2024). 

 

The SME context is not simply a smaller version of the large enterprise context. In large 

organisations, formal HR functions, dedicated compliance teams, and institutional 

accountability structures create the conditions for governance frameworks to emerge and be 
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sustained. In SMEs, these structures are typically absent. Fairness governance, if it emerges 

at all, depends on the interpretive practices of individual managers who may lack legal 

expertise, technical knowledge, or even awareness that the tools they use are classified as 

high-risk under EU law (Naidu, 2025; Rigotti & Fosch-Villaronga, 2024). This makes the 

SME setting both a more challenging and a more revealing context for examining how 

fairness is constructed in practice.​

 

Throughout this study, the term 'recruitment practitioner' is used to encompass all individuals 

with decision-making or advisory responsibility in the recruitment process, including 

founders, HR managers, talent acquisition specialists, and recruitment professionals, 

regardless of whether their organisation has a formal HR function.  

 

1.3 Purpose 
This thesis investigates how Swedish SMEs utilise AI-based tools for automated CV 

screening and candidate ranking, and how fairness-related considerations are interpreted and 

addressed in practice. Despite extensive normative guidance on algorithmic fairness, 

empirical knowledge about how these tools are actually governed within SME organisations 

remains limited (Naidu, 2025). This study addresses that gap by focusing on the 

organisational processes through which fairness is understood, prioritised, and enacted, rather 

than on abstract frameworks or technical prescriptions. 

 

The study focuses specifically on the pre-selection stage of AI-based hiring, automated CV 

screening, and candidate ranking, which represents the stage at which proxy discrimination is 

most structurally embedded, the EU AI Act's high-risk classification is most directly 

applicable, and the affordances examined in this study are most consequential for fairness 

outcomes. By situating the study within the Swedish SME context, the research can examine 

how fairness governance operates under conditions of limited resources, regulatory 

uncertainty, and informal organisational structures, conditions that characterise the majority 

of European employers but that remain underrepresented in the academic literature on 

algorithmic fairness. 

 

Sweden was selected as the empirical context for three interconnected reasons. First, the EU 

AI Act applies uniformly across all member states, meaning Swedish SMEs face identical 
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high-risk obligations from August 2026. This regulatory homogeneity allows for a focused 

analysis of how managers interpret and respond to the same external compliance pressure. 

Second, Sweden leads the EU in enterprise digitalisation. In 2022, 86% of Swedish SMEs 

reported at least a basic level of digital intensity, the highest proportion in the EU and 

substantially above the EU average of 55% (European Commission, 2022). With 10% of 

Swedish enterprises already employing AI technologies, AI-based hiring tools are more 

prevalent here than in most comparable national settings (European Commission, 2022). 

Third, Swedish employers are already subject to established anti-discrimination obligations 

under the Discrimination Act (SFS 2008:567), which prohibits both direct and indirect 

discrimination in recruitment on grounds including gender, ethnicity, age, and disability 

(Sveriges Riksdag, 2008). The concept of indirect discrimination under this Act, whereby a 

neutral criterion may particularly disadvantage persons with a protected characteristic, maps 

directly onto the mechanism of proxy discrimination that AI-based hiring tools risk 

producing. The introduction of AI CV screening thus creates a layered compliance 

environment in which managers must navigate both domestic anti-discrimination law and the 

incoming EU AI Act obligations simultaneously, producing particularly acute interpretive 

and governance challenges for Swedish SMEs. 

 

Taken together, the study aims to generate empirically grounded insights into how fairness is 

conceptualised, prioritised, and enacted in this context. It examines how key stakeholders 

within SMEs make sense of fairness, how efficiency and equity trade-offs are negotiated in 

practice, where accountability for bias mitigation is located, and whether governance 

mechanisms for responsible AI use exist. Drawing on a socio-organisational approach, this 

study treats fairness as an emergent outcome shaped by organisational context, managerial 

interpretation, and the specific affordances of the technology in use (Gilstrap, 2019; Greene, 

2019). 

 

1.4 Research Question 
To address the purpose and problem described above, this study seeks to answer the 

following question: 

 

"How do recruitment practitioners in Swedish SMEs interpret fairness when using AI-based 

hiring tools, and how do those interpretations shape their oversight practices?" 
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2.​ Literature Review 

____________________________________________________________ 
This chapter reviews three interconnected bodies of scholarship that together establish the 

study's theoretical and empirical foundation. It explores research on the use of AI in 

recruitment, discussions of fairness and algorithmic bias, and perspectives on governance 

and accountability. The chapter also considers sensemaking literature, which provides the 

basis for the theoretical framework developed later in the study. 

___________________________________________________________________________ 

 

2.1 Approach to Literature Review 

The literature review for this thesis employed a structured, systematic search strategy to 

identify scholarly work relevant to the research question. This procedure served to map the 

existing knowledge base, identify conceptual and empirical gaps, and lay the theoretical 

groundwork for the study's abductive analytical approach. This aligns with the focus on 

transparency, replicability, and analytical coherence seen in systematic literature review 

methodologies. The search process was conducted using major academic databases, including 

Scopus, Web of Science, and Google Scholar. These platforms were chosen for their 

extensive coverage of peer-reviewed research in organisational studies, management, HRM, 

and AI-related fields. Searches were performed using combinations of keywords such as 

‘AI-based recruitment,’ ‘algorithmic hiring,’ ‘fairness,’ ‘bias,’ ‘SME,’ ‘HR governance,’ and 

‘ethical AI.’ The results were then refined to ensure that the retrieved literature addressed 

both the technological and organisational dimensions of fairness in recruitment. Articles were 

evaluated based on their contribution to current discussions on algorithmic decision-making 

and their applicability to the study's emphasis on fairness in AI-supported recruiting 

procedures in SME contexts. To ensure that the theoretical and empirical underpinnings 

reflected the most current developments in the field, the study prioritised literature published 

after 2018, given the rapid growth of AI technology and fairness frameworks. Through this 

methodical procedure, the review produced a cohesive understanding of how fairness is 

articulated in current research, revealed conflicts between human behaviours and technical 

affordances, and highlighted gaps regarding SME contexts. These ideas drove the 

understanding of how Swedish SME managers and HR professionals negotiate fairness in 

practice and served as the conceptual framework for the empirical investigation. 
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2.2 AI-Based Hiring: Benefits and Organisational Adoption 
For this study, AI-based hiring tools are defined as systems that employ machine learning or 

algorithmic processing to automate or assist in the evaluation, ranking, or shortlisting of job 

candidates during the pre-selection stage of recruitment (Raghavan et al., 2020; Fabris et al., 

2025). This definition encompasses tools with both explicit AI features and those in which 

algorithmic screening is embedded within broader applicant tracking systems, as users may 

not always be aware that AI processing is occurring (Pasquale, 2015). 

 

AI-based hiring tools are increasingly promoted as solutions to two persistent problems in 

hiring: administrative overload and human bias. These tools automate CV screening, 

candidate ranking, and standardised evaluation, thereby enabling organisations to manage 

large applicant volumes that would overwhelm traditional, human-led processes (Raghavan et 

al., 2020). In competitive labour markets, the employment of algorithmic recruitment is often 

characterised as a strategy to enhance talent acquisition while reducing administrative 

expenditures (Iyelolu et al., 2024). Vendors frequently rationalise the adoption of these 

systems in terms of objectivity and consistency, asserting that algorithmic evaluation 

eliminates the subjectivity of human judgment and ensures more equitable outcomes (Chen, 

2023). 

 

This framing merits close examination. The assertion that artificial intelligence engenders 

objectivity is predicated on the premise that training data is intrinsically neutral. Decades of 

research on historical discrimination in labour markets have led to the serious questioning of 

this assumption (Barocas et al., 2020). The efficiency gains of AI-based hiring are also 

distributed unevenly. For Swedish SMEs lacking formal HR infrastructure, these tools offer 

genuine scalability and cost-efficiency (Cardon & Stevens, 2004; Keir, 2019). However, 

organisational readiness, managerial knowledge, and technical capacity are found to be 

significantly more influential in determining adoption success, as indicated by Iyelolu et al. 

(2024). According to Rismayadi (2024), SMEs often encounter obstacles such as financial 

limitations, restricted internal capabilities, and variable returns on investment. 
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Figure 2: The status of recruiters in the context of AI adoption on LinkedIn (Wetherby, 2026). The 

findings of the present study indicate that the majority of recruiters are still in the exploratory stages 

rather than fully integrated. This indicates that governance frameworks for AI-based hiring remain 

largely undeveloped across organisations. 

 

Most importantly for this study, AI adoption in recruitment cannot be treated as a purely 

technical event. It is a socio-technical process embedded in organisational routines, 

governance structures, and power relations (Kellogg et al., 2019; Fabris et al., 2025). This 

matters directly for fairness. Van den Broek et al. (2025) conducted a three-year ethnographic 

study of a large multinational company's HR department. They found that AI did not simply 

improve or undermine fairness in hiring. Instead, it actively redefined what fairness meant 

within the organisation. The situated judgment of line managers was crowded out in favour of 

a standardised, metric-driven version of fairness championed by HR. This finding challenges 

the vendor narrative of AI as a neutral tool. It reframes adoption as a process through which 

particular versions of fairness are materialised, and others are silenced. For SMEs 

approaching the EU AI Act's August 2026 deadline, many of which rely on off-the-shelf 

vendor tools without internal bias audits (EU Artificial Intelligence Act, 2026), this has 

immediate practical implications. The tools being adopted do not merely screen candidates. 

They reshape what fair hiring means inside the organisations that use them. 
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2.3 Algorithmic Bias and the Multidimensional Nature of Fairness 
A nuanced understanding of bias in algorithmic hiring is predicated on recognising that 

fairness is not a concept universally defined or agreed upon. The issue is the subject of 

considerable debate, reflecting profound disagreements about the extent to which hiring 

processes should be aligned with the interests of applicants, organisations, and society at 

large. 

 

In accordance with the principles of organisational justice theory, Gilliland (1993) identifies 

three distinct dimensions of fairness. The first is distributive justice, which concerns the 

equitable allocation of outcomes. The second is procedural justice, which concerns the 

fairness and transparency of decision-making processes. The third is interactional justice, 

which addresses the dignity with which individuals are treated throughout the process. In the 

context of AI-mediated CV screening, procedural and interactional fairness are particularly 

vulnerable. Typically, candidates are not provided with explanations for algorithmic rejection, 

and they lack a meaningful avenue to contest decisions (Newman et al., 2020; Lavanchy et 

al., 2023). 

 

In the context of machine learning, a distinct set of technical fairness metrics has been 

developed. These include statistical parity, which stipulates equal selection rates across 

demographic groups; equality of opportunity, which stipulates equal true positive rates; and 

predictive parity, which stipulates that scores hold equivalent predictive meaning across 

groups (Binns, 2017). Each metric reflects a distinct philosophical position on the concepts of 

equality and justice. It is important to note that these definitions are frequently 

mathematically incompatible. It has been demonstrated that the satisfaction of one group can 

often preclude the satisfaction of another, particularly in contexts where outcomes vary across 

demographic groups (Chouldechova, 2017; Barocas et al., 2020). This issue does not 

constitute a solvable engineering problem. This is a value judgment that posits the question of 

which group's outcomes matter more. The selection of fairness metrics is, by its very nature, 

a political process rather than a technical one (Drage et al., 2022). 

 

The discrepancy between organisational justice frameworks and machine learning fairness 

metrics is seldom directly addressed in the extant literature. However, this gap represents a 

significant practical challenge. Those responsible for deploying AI tools find themselves in a 
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predicament, situated between two distinct traditions, each of which utilises the term 

"fairness" to denote opposed concepts. Van den Broek et al. (2025) demonstrate that 

organisations tend to resolve this tension not through deliberation but by defaulting to 

whichever version of fairness is most legible in the tool's language, typically the vendor's 

predefined metrics. For SME managers interpreting fairness obligations under the EU AI Act 

(European Parliament and Council of the European Union, 2024), this creates a significant 

risk. It is plausible that managers do not actively deliberate when selecting a framework. 

Individuals may unwittingly be institutionalising the version of fairness encoded by the tool. 

 

Algorithmic bias can enter through several mechanisms. Models that are trained on historical 

hiring decisions have been shown to embed the discriminatory patterns of those decisions, 

even when protected attributes are explicitly excluded (Newman et al., 2020; Köchling & 

Wehner, 2020). Variables that appear neutral can serve as statistical proxies for protected 

characteristics in a process known as "proxy discrimination". Zip codes have been shown to 

serve as proxies for ethnicity, university names for socioeconomic status, and employment 

gaps for age or caregiving responsibilities (Sheard, 2022). These proxies often exert a 

disparate impact on candidates from underrepresented groups, thereby amplifying historical 

inequalities at the initial hiring stage before any human review occurs (Sheard, 2022). 

 

The Amazon case offers a concrete illustration of this phenomenon. Beginning in 2014, 

Amazon developed an AI recruiting tool that was trained on a decade of résumés, 

predominantly submitted by men. The tool systematically penalised résumés containing 

women's college affiliations and gender-adjacent language. This phenomenon did not result 

from the deliberate incorporation of gender as a variable, but rather because gender patterns 

were inherently embedded in the training data (Dastin, 2018; BBC News, 2018). Despite 

efforts to correct specific discriminatory terms, engineers could not guarantee that the system 

would not develop new discriminatory patterns. The project was ultimately abandoned 

(Dastin, 2018; BBC News, 2018). Chang (2023) situates this phenomenon within a broader 

pattern. A similar set of mechanisms has been identified at LinkedIn and other platforms, 

suggesting a structural tendency rather than an isolated failure. The discriminatory logic was 

embedded in statistical patterns rather than explicit rules, making it more difficult to identify 

and triggering less organisational scrutiny (Chang, 2023). 
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For Swedish SMEs, the concept of proxy discrimination carries with it additional legal 

ramifications. The Swedish Discrimination Act (SFS 2008:567) prohibits indirect 

discrimination, defined as the application of a neutral criterion that particularly disadvantages 

persons with a protected characteristic. This phenomenon can be likened to proxy 

discrimination in algorithmic hiring practices. Consequently, SME deployers confront dual 

legal and ethical liabilities: liability under domestic anti-discrimination law and, effective 

August 2026, the obligations set out in the EU AI Act (European Parliament and Council of 

the European Union, 2024). 

 

Multi-stage bias mitigation, involving pre-, in-, and post-processing interventions, is 

recommended by the extant literature (Albaroudi et al., 2024). However, the efficacy of this 

approach in SME contexts is contingent on the availability of resources, data access, and 

audit capacity, which many organisations lack. SMEs that rely on off-the-shelf vendor tools 

generally lack visibility into training data, independent audit capacity, and internal expertise 

to detect disparate impact in screening outcomes (Bogen & Rieke, 2018; Pasquale, 2015). 

Consequently, bias can accumulate undetected across numerous hiring decisions before any 

regulatory or reputational event forces scrutiny (Chen, 2023; Raghavan et al., 2020). Ajunwa 

(2020) has termed this phenomenon the "automation paradox", which occurs when tools 

designed to reduce bias end up perpetuating it precisely because they are deployed without 

the oversight necessary to detect or correct it. Fairness outcomes are ultimately contingent on 

organisational capacity, governance, and interpretive practices (Kellogg et al., 2019; Fabris et 

al., 2025). 

 

2.4 Governance, Accountability, and Human Oversight 
The prevailing academic consensus on the responsible deployment of AI emphasises a dual 

approach that integrates mitigating technical bias with enhancing organisational governance. 

This encompasses bias audits, documentation, accountability structures, and 

human-in-the-loop review (Raghavan et al., 2020; Köchling & Wehner, 2020; Fabris et al., 

2025). The EU AI Act (European Parliament and Council of the European Union, 2024) 

stipulates these requirements for high-risk deployers, effective August 2026. However, 

compliance with these standards is likely to prove challenging for many small- and 

medium-sized enterprises (SMEs) (Iyelolu et al., 2024; Rigotti & Fosch-Villaronga, 2024). 
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The reliance on third-party vendors creates persistent accountability gaps, leading SMEs to 

rely on vendor assurances rather than independent audits (Kellogg et al., 2019; Bogen & 

Rieke, 2018; Chen, 2023). Research findings indicate that applicants perceive greater fairness 

when human review and appeal mechanisms are in place (Lavanchy et al., 2023; Choung et 

al., 2023). Nevertheless, the mere existence of a human override function does not guarantee 

its utilisation will be meaningful. The Amazon case offers a clear illustration of this 

phenomenon. It should be noted that the recruiters had the option to disregard the tool's 

recommendations, which were ranked by relevance. However, the organisational framing of 

the algorithm as objective and efficient led to uncritical acceptance of its outputs, rather than 

systematic auditing (Dastin, 2018; BBC News, 2018). The human oversight affordance was 

technically present but organisationally dormant. 

 

Van den Broek et al. (2025) deepen this critique. Their findings show that even 

well-intentioned human oversight can backfire when the overseers' understanding of fairness 

becomes entangled with the tool's logic. HR managers who initially championed the AI tool 

in the name of fairness eventually found themselves defending it against challenges from line 

managers. This was not because the tool was performing well, but because it had become 

central to the HR managers' own professional mandate for fairness. Abandoning the tool felt 

like abandoning their claim to fair governance. The result was that contextually sensitive 

human judgment was crowded out in favour of procedural consistency. Mittelstadt (2019) 

makes a related point at the level of principle: ethical guidelines alone cannot ensure 

responsible AI use without organisational mechanisms that are genuinely capable of 

implementing them. For Swedish SMEs, where such mechanisms are often absent, the 

governance challenge is therefore not only a matter of compliance but of interpretive and 

organisational capacity (Naidu, 2025; Cardon & Stevens, 2004; Rismayadi, 2024). 

 

2.5 Organisational Interpretation and Sensemaking 
As demonstrated in the preceding sections, the issue of fairness in AI-based hiring is not 

resolvable through technical or legal measures alone. Algorithmic systems interact with 

managerial judgment, institutional pressures, and organisational routines in ways that shape 

hiring outcomes, regardless of the tool designer's intentions (Kellogg et al., 2019; Fabris et 

al., 2025). Fairness, therefore, is constructed through organisational practice. It is neither a 
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property embedded in an algorithm nor a principle that flows automatically from regulatory 

compliance (Newman et al., 2020). 

 

Sensemaking theory offers a productive lens for understanding this construction process. 

Sensemaking, as defined by Weick (1995) and Turner et al. (2023), is the process by which 

individuals and organisations interpret novel, ambiguous, or uncertain phenomena, drawing 

on prior experience, contextual cues, social interactions, and organisational norms. The 

advent of AI-driven hiring instruments signifies a paradigm shift characterised by profound 

disruption. These tools interrogate long-standing assumptions about objectivity, 

accountability, and fairness in recruitment. The outputs of these systems, which include 

rankings, rejection scores, and screening decisions, are often characterised by an internal 

logic that is not readily apparent to the managers who receive them (Pasquale, 2015). 

Concurrently, managers confront escalating regulatory pressures. The EU AI Act's high-risk 

classification imposes formal obligations that many SME managers must interpret without 

legal or data-science expertise (Naidu, 2025; Rigotti & Fosch-Villaronga, 2024). 

 

Van den Broek et al. (2025) demonstrate that the most consequential question is not whether 

AI is biased, but which version of fairness becomes institutionalised when a particular 

organisation adopts a particular tool. Their concept of a growing symbiosis between 

professional mandates and AI procedures illustrates this clearly. HR's definition of fairness 

and the tool's procedures mutually legitimise, evolve, and protect each other over time. This 

shows how sensemaking shapes not just interpretation but organisational outcome. Ajunwa's 

(2020) automation paradox aligns with this finding. When managers view a tool as objective 

and the vendor as responsible for fairness, the oversight practices necessary to detect bias 

simply do not emerge.​

​

The SCB (2025) data provide a striking empirical context for this sensemaking vacuum. In 

2025, 28.1% of Swedish enterprises using AI had no explicit purpose defined for their use of 

the technology. This is not simply a sign of early-stage adoption; it reflects organisations in 

which the interpretive work that Weick (1995) describes as the foundation of organised action 

has not taken place with respect to the tools being deployed. From a sensemaking 

perspective, adopting a tool without defining its purpose means that the cues, frameworks, 

and social interactions through which meaning is normally constructed around new 

technologies have not been triggered. This is the organisational equivalent of the automation 
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paradox identified by Ajunwa (2020): not malicious deployment, but unreflective 

deployment, and one that the EU AI Act's governance obligations are entirely unprepared for 

in an SME context where no one has been tasked with asking what the tool is for. 

 

A critical limitation in the existing literature is that most empirical work on organisational 

responses to AI hiring tools comes from large enterprises with dedicated HR functions (Van 

den Broek et al., 2025; Kellogg et al., 2019). Swedish SMEs represent a significantly 

different context. HR practices are often informal, and decision-making is centralised 

(Cardon & Stevens, 2004; Keir, 2019). There is no dedicated analytics team to develop a 

symbiotic relationship with a vendor's tool. There may be no formal fairness mandate at all. 

The interpretive work, therefore, falls entirely to individual managers, often without legal or 

technical support. How those managers make sense of fairness, what they believe it means, 

who they believe is responsible for it, and how those beliefs translate into observable 

behaviour, will likely be decisive in determining whether responsible AI governance emerges 

in practice. This empirical gap is what the present study addresses. The theoretical framework 

developed in Chapter 3 builds directly on this foundation. 
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3.​ Theoretical Framework 

____________________________________________________________ 
This chapter develops the integrated analytical framework that guides the study's empirical 

investigation. It draws on socio-technical perspectives, sensemaking theory, and affordance 

theory to examine how organisational contexts and managerial interpretations shape the use 

of AI in recruitment. By integrating these perspectives, the chapter establishes a framework 

for understanding the relationship between technology, human decision-making, and fairness 

outcomes. 

___________________________________________________________________________ 

 

The integrated framework guiding this study draws on three complementary perspectives, 

each addressing a distinct dimension of the research question. The socio-technical perspective 

establishes the foundational backdrop: AI-based hiring tools never operate in isolation but are 

embedded in organisational routines, governance structures, and power relations that shape 

how their outputs are produced and acted upon (Kellogg et al., 2019; Fabris et al., 2025). This 

perspective alone, however, does not explain why managers within the same organisational 

context respond differently to the same tool. Sensemaking theory addresses this gap by 

examining how managers interpret and construct meaning around AI tools, including what 

fairness means to them in practice, who they believe is responsible for it, and how those 

interpretations evolve through experience (Weick, 1995; Turner et al., 2023). Sensemaking, in 

turn, accounts for interpretation but not for behaviour. Two managers may interpret a tool 

similarly yet act on it very differently, depending on what the tool itself makes possible. 

Affordance theory completes the analytical chain by examining the action possibilities a tool 

offers to its user and which of those possibilities are actualised in practice (Gilstrap, 2019; 

Greene, 2019). Together, the three perspectives form an analytical sequence in which 

organisational context shapes what is possible, sensemaking determines how managers 

interpret what they encounter, and affordance actualisation translates those interpretations 

into observable hiring practices and oversight decisions. This integrated framework is what 

enables the study to examine how fairness is constructed and enacted in Swedish SMEs at 

both the interpretive and behavioural levels. 
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3.1 Socio-Technical Context: Why Organisational Setting Shapes Fairness 
The present study employs a socio-technical perspective as its foundational backdrop for 

understanding AI-based hiring in Swedish SMEs. In accordance with the tenets of 

socio-technical theory, digital technologies do not operate in a vacuum, but rather are 

influenced by and interact with their social environment. Instead, they are embedded within 

organisational routines, governance structures, and power relations (Kellogg et al., 2019; 

Fabris et al., 2025). From this perspective, an AI-based CV screening or ranking tool cannot 

be regarded as a neutral instrument that produces objective outputs. The impact of AI is 

influenced by numerous factors, including its configuration, the entity responsible for 

oversight, the interpretation of its outputs, and the organisational structures surrounding its 

implementation. 

 

This framing has direct implications for understanding fairness. As demonstrated by 

Raghavan et al. (2020) and Newman et al. (2020), the concept of fairness in algorithmic 

hiring cannot be regarded as a property intrinsic to an algorithm. Fairness in this context is 

not a pre-given property of a system but an emergent outcome of the interaction between 

technology, organisational routines, and the interpretive practices of the people who use it. It 

is imperative to acknowledge the significance of technical interventions, including bias-aware 

model design and data preprocessing, in this context. However, research has repeatedly 

demonstrated that these interventions are insufficient when applied in isolation. This is 

because algorithmic systems frequently embed trade-offs between competing fairness 

definitions that cannot be resolved through optimisation alone (Barocas et al., 2020; Fabris et 

al., 2025). Consequently, the outcomes of these systems are contingent on how organisations 

interpret, govern, and monitor them in practice (Mittelstadt, 2019). 

 

The socio-technical perspective is particularly relevant to Swedish SMEs facing the EU AI 

Act's high-risk obligations as of August 2026. These organisations generally operate under 

constraints of limited resources, weak formal governance structures, and centralised 

decision-making processes (Cardon & Stevens, 2004; Keir, 2019). They frequently rely on 

third-party vendor systems and lack internal capacity for independent bias auditing (Bogen & 

Rieke, 2018; Pasquale, 2015). In such contexts, the concept of fairness does not emerge from 

comprehensive institutional frameworks. Instead, it is shaped by how individual managers 

interpret the technology, what the technology enables them to do, and how these dynamics 
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interact with organisational pressures and regulatory expectations (Kellogg et al., 2019). The 

socio-technical perspective thus establishes the organisational terrain on which the study's 

two primary theoretical lenses operate. 

 

3.2 Sensemaking Theory: The Primary Analytical Lens 
This study draws primarily on sensemaking theory to explain how SME managers interpret 

and construct meaning around fairness when using AI-based hiring tools. Sensemaking is the 

process by which individuals and organisations interpret novel, ambiguous, or uncertain 

phenomena by drawing on prior experience, contextual cues, social interactions, and 

organisational norms (Weick, 1995; Turner et al., 2023). It is imperative to draw a clear 

distinction between sensemaking and theories of practice or behaviour. Sensemaking is 

concerned with the cognitive and social processes of meaning construction, rather than with 

the actions that follow from them. The central question it addresses is not what people do, but 

rather how they come to understand what is happening and what it means (Turner et al., 

2023). 

 

The incorporation of artificial intelligence (AI)-based hiring tools within an organisation 

represents a nexus of ambiguity and disruption, prompting the process of sensemaking. These 

tools interrogate long-standing assumptions concerning objectivity, accountability, and 

fairness in the recruitment process (Newman et al., 2020). The outputs produced by these 

systems, such as ranked lists, rejection scores, and screening decisions, are often 

characterised by an internal logic that is not readily apparent to the managers who receive 

them (Pasquale, 2015). Concurrently, managers find themselves in an environment of 

mounting regulatory pressure, as the EU AI Act's high-risk classification of automated CV 

screening imposes formal obligations that many SME managers must interpret without the 

benefit of legal or data science expertise (Naidu, 2025; Rigotti & Fosch-Villaronga, 2024). 

 

In this context, sensemaking theory elucidates three aspects that are directly pertinent to this 

study. First, it elucidates how managers conceptualise fairness in the absence of a universally 

accepted standard. Given the multifaceted nature of fairness in algorithmic hiring, 

encompassing distributive, procedural, and interactional justice (Gilliland, 1993), as well as 

competing technical metrics that are frequently mathematically incompatible (Chouldechova, 

2017; Barocas et al., 2020; Fabris et al., 2025), it is incumbent upon managers to actively 
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construct their own working understanding of what fairness means for their organisation. 

This interpretive process is influenced by prior experience, perceived legal obligations, and 

assessments of reputational and ethical risk (Drage et al., 2022; Mittelstadt, 2019). 

 

Secondly, sensemaking theory provides a rationale for how managers allocate responsibility 

for fairness. In the context of SMEs, where formal accountability structures are often limited 

(Cardon & Stevens, 2004; Rismayadi, 2024), the question of whether fairness is the 

responsibility of the vendor, the manager, or a shared organisational concern remains 

unresolved by default. The manner in which managers interpret this question, whether 

perceiving themselves as accountable or deferring to vendor assurances, directly impacts the 

governance practices that subsequently emerge (Kellogg et al., 2019; Bogen & Rieke, 2018). 

 

Thirdly, sensemaking theory posits that these interpretive processes are not static. These tools 

are subject to continuous evolution as managers engage with them over time, observe their 

outcomes, receive feedback from candidates or colleagues, and respond to external pressures, 

such as the imminent 2026 compliance deadline (Turner et al., 2023; Rigotti & 

Fosch-Villaronga, 2024). Consequently, the pursuit of fairness in AI-based hiring cannot be 

regarded as a stable organisational position, but rather as an ongoing interpretive 

accomplishment. 

 

A recognised limitation of sensemaking theory is its breadth. Because it focuses on meaning 

construction rather than action, it cannot, by itself, predict or fully explain what managers 

will do with a tool once they have made sense of it (Weick, 1995; Turner et al., 2023). Two 

managers who both interpret an AI screening tool as essentially objective may nevertheless 

behave very differently; one may never consult score explanations, while another reviews 

them routinely before making any shortlisting decision. As Kellogg et al. (2019) demonstrate, 

the relationship between workers' interpretations of algorithmic systems and their actual 

interactions with them is mediated by the structural and technological context in which those 

systems are deployed, a dimension that sensemaking theory alone cannot capture. 

Sensemaking cannot account for this behavioural variation because it operates at the level of 

interpretation rather than action. This is not a weakness of sensemaking theory per se; it was 

never designed to explain behaviour (Weick, 1995). It is, however, a boundary condition that 

requires the present study to draw on a complementary theoretical lens. Affordance theory 

addresses precisely this gap by examining how the technology itself constrains and enables 
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what managers can do, independently of, but in interaction with, their interpretation of it 

(Gilstrap, 2019; Greene, 2019). 

 

3.3 Affordance Theory: Bridging Interpretation and Behaviour 
While sensemaking explains how managers interpret and construct meaning around fairness, 

the analysis would be incomplete without attending to a second constraint on their behaviour: 

the technology itself. Managers do not act in a vacuum; they act through tools that make 

certain actions possible and others impossible, easier, harder, or invisible (Gilstrap, 2019; 

Greene, 2019). A manager who wishes to review why a candidate was given a low score 

cannot do so if the tool does not explain the score. A manager who intends to screen carefully 

cannot avoid bulk rejection if the tool's interface makes individual review impractical at 

scale. Sensemaking and behaviour are therefore shaped not only by interpretation but also by 

what the technology makes possible. Affordance theory addresses this constraint directly. To 

incorporate this dimension, the present study draws on affordance theory (Gilstrap, 2019; 

Greene, 2019). Affordances are defined as the action possibilities a technology offers to a 

user, the things a tool makes possible, easier, harder, or invisible, which are actualised 

through the concrete interaction between user and tool (Gilstrap, 2019). 

 

In the context of AI-based CV screening and ranking, tools generally offer a range of specific 

affordances. These include the ability to override a low-ranked candidate's score, 

automatically bulk-reject the bottom portion of the ranking, view or conceal explanations for 

why a candidate was scored as they were, adjust weighting parameters, and set automated 

shortlisting thresholds. Each of these affordances has direct implications for fairness. The 

bulk-reject function, for instance, can amplify proxy discrimination by removing candidates 

at scale without individual review. Conversely, the override function can serve as a safeguard 

if actualised. The score explanation function can support procedural transparency if utilised; 

otherwise, it remains a dormant feature. 

 

Affordance theory makes two contributions that sensemaking alone cannot. Firstly, it 

underscores that the very tool can shape the boundaries of what is possible, regardless of the 

manager's individual perspective. The absence of a functionality that provides a rationale for 

the assigned scores precludes the tool from supporting transparency, irrespective of the 

manager's inclination towards fairness. Second, and more importantly for this study, 
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affordance theory elucidates how identical interpretations can yield disparate behaviours. The 

actualisation of a given affordance by a manager is contingent upon their interpretation of 

their role, the tool, and their responsibility for fairness (Greene, 2019). 

 

This critical connection between the two theories is pivotal in understanding the subject 

matter. In this case, sensemaking has produced an interpretive stance. To illustrate, a manager 

who has come to see the tool as essentially objective and the vendor as responsible for 

fairness can be cited. According to the principles of affordance theory, this manager is 

predicted not to utilise override functions, audit features, or manual review steps. This 

prediction is based on the assumption that the manager's sensemaking has led to the framing 

of these functions, features, and steps as being unnecessary. Conversely, a manager who has 

discerned the tool as beneficial but potentially biased, and who perceives themselves as 

responsible for achieving fair outcomes, is more likely to actualise the affordances that 

support oversight. The discrepancy between the tool's capabilities and the manager's actions 

is the crux of determining fair outcomes in practice. 

 

3.4 An Integrated Framework: From Interpretation to Practice 
When considered as a whole, these three theoretical components form a coherent and 

non-redundant analytical framework. The socio-technical perspective posits that AI-based 

hiring invariably transpires within the confines of an organisational framework, wherein 

predefined constraints, vendor dependencies, governance informality, and regulatory 

pressures collectively determine the boundaries of what is deemed feasible and what is 

accorded value. These elements, rather than being peripheral factors, are foundational 

components in the actualisation of fairness (Kellogg et al., 2019; Fabris et al., 2025). 

Sensemaking theory provides the primary analytical lens for examining how managers 

navigate the inherent ambiguity of AI-based fairness. This includes how managers define 

fairness, who they believe is responsible for it, and how their interpretations of fairness 

evolve (Weick, 1995; Turner et al., 2023). Affordance theory offers a mechanism for 

connecting these interpretations to behaviour. By examining which affordances of the tool are 

actualised or ignored, the study can trace how managerial sensemaking translates into 

concrete hiring practices and oversight decisions (Gilstrap, 2019; Greene, 2019). 
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This integrated framework facilitates the investigation of the research question at both the 

interpretive and behavioural levels. The sequence of events described by the framework can 

be outlined as such: the organisational context determines the possibilities → managers 

interpret the technology and their responsibility → these interpretations dictate which 

affordances are actualised → outcomes emerge from this interaction that are fair. Fairness, 

therefore, is not regarded as a static property of an algorithm or a compliance checkbox, but 

rather as an emergent organisational outcome shaped by the interaction between how 

managers construct meaning and what the technology makes possible. This is of particular 

significance for Swedish SMEs as they approach the EU AI Act deadline of August 2026. In 

the absence of formal governance frameworks, the interpretation and implementation of 

fairness is often determined by the everyday interpretive and practical decisions of individual 

managers (Mittelstadt, 2019; Naidu, 2025). 
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4.​ Methodology 

____________________________________________________________ 
This chapter presents the philosophical and methodological foundations of the study. It 

presents the interpretivist perspective guiding the research and the abductive approach used 

to explore the topic. This chapter also describes the research design, including data 

collection and analysis methods, while addressing issues of research quality, reflexivity, and 

ethical considerations relevant to the study. 

___________________________________________________________________________ 

 

4.1 Research Philosophy  
This study is grounded in an interpretivist research philosophy. Rather than seeking universal 

laws or objective measurements, interpretivism holds that social reality is shaped by human 

experience, meaning, and interpretation (Collis & Hussey, 2014). This is the appropriate 

philosophical starting point for a study that asks how managers understand and enact fairness, 

because fairness is not a fixed, measurable property. It is something that people construct 

differently depending on who they are, what organisation they work in, and what tools they 

use. 

 

The ontological position of this study is relativism. In practice, this means the researchers do 

not assume there is a single correct version of fair AI-based hiring that all organisations 

should aspire to. Instead, the study accepts that multiple valid realities coexist; a founder at a 

five-person startup and an HR manager at a 200-person scale-up may both be operating in 

good faith and yet construct entirely different understandings of what fair recruitment means. 

What matters for this study is not which of them is objectively right, but how those different 

understandings emerge and what consequences they have for what each person actually does. 

A relativist ontology acknowledges the existence of multiple realities influenced by social 

and organisational settings rather than a singular, objective reality, as emphasised in the 

extant literature (Easterby-Smith et al., 2015). 

 

From an epistemological perspective, the study aligns with an interpretivist theory of 

knowledge. Understanding is derived from the perspectives and interpretations of the 

participants themselves, co-produced through the interaction between researcher and 

participant during the interview phase (Collis & Hussey, 2014). The researcher's role is not to 
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uncover an objective truth about fairness in AI hiring, but to understand how these truths are 

constructed, negotiated, and enacted in practice. 

 

For the reader, this philosophical stance has two practical implications. First, the findings of 

this study should not be read as a definitive account of how Swedish SMEs govern AI hiring 

fairness. They are an interpretive account, grounded in empirical data but shaped by the 

researchers' theoretical choices and analytical judgments. Second, the study does not aim to 

generalise statistically, to claim that a certain percentage of Swedish SMEs behave in a 

particular way. It aims to generalise analytically, to develop and refine a theoretical 

understanding of how and why fairness is constructed differently across organisational 

contexts. This kind of analytical generalisation is the appropriate and intended contribution of 

interpretivist, qualitative research (Collis & Hussey, 2014). 

 

This philosophical stance significantly influences the research design. The study employs 

qualitative techniques, specifically semi-structured interviews, which facilitate a 

comprehensive examination of participants' subjective interpretations and organisational 

practices. The interpretivist and relativist viewpoint enables the study to capture the 

complexity and heterogeneity in how fairness-related issues are addressed across various 

organisational settings, which is precisely the variation this study seeks to understand and 

theorise. 

 

4.2 Research Approach 
This study adopts an abductive research approach, which is particularly suitable for 

exploratory qualitative research that seeks to both understand empirical phenomena and 

contribute to theoretical development. Abductive reasoning can be understood as a 

combination of inductive and deductive approaches. It entails an iterative process where the 

researcher alternates between empirical evidence and preexisting theoretical frameworks 

(Easterby-Smith et al., 2015). Abduction enables a more adaptable and dynamic interaction 

with both data and theory as opposed to rigidly developing theory from evidence (induction) 

or testing predetermined hypotheses (deduction). 

 

The nature of the study topic influences the decision to use an abductive approach. The study 

is exploratory in nature and seeks to understand how SMEs interpret and govern fairness in 
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AI-based recruiting. Nevertheless, it draws on current literature on algorithmic bias, AI 

ethics, and fairness in recruitment, meaning the research is guided by sensitising concepts 

from prior research rather than starting from a completely new phenomenon. However, the 

complexity and dynamic nature of the topic require openness to fresh perspectives arising 

from empirical findings. In practice, this study's abductive method entails an iterative 

transition between theory and data. Patterns and themes identified in the interview material 

are consistently compared with current theoretical concepts throughout the data collection 

and analysis stages. When contradictions or unexpected findings appear, they encourage 

further engagement with the literature and refinement of interpretations (Easterby-Smith et 

al., 2015). 

 

The interpretivist research philosophy adopted in this study is well-suited to the abductive 

approach. Both allow for flexibility in the research process and emphasise the importance of 

comprehending context-specific meanings. The study captures practitioners' real-world 

experiences and contributes to broader conversations on fairness in AI-based hiring by 

combining empirical investigation with theoretical engagement. 

 

4.3 Research Design 
4.3.1 Data Collection Method 
The present study collects primary empirical data through semi-structured interviews with 

individuals involved in the adoption and usage of AI-based hiring tools within SMEs. For this 

study, SMEs are defined broadly to encompass all enterprises with fewer than 250 

employees, in line with the European Commission's tiered definition. This definition includes 

micro-enterprises (fewer than 10 employees), small enterprises (10-49 employees), and 

medium-sized enterprises (50-249 employees) (European Commission, 2003; European 

Commission, n.d.). While the strict SME category under EC Recommendation 2003/361/EC 

begins at 10 employees, this study extends the sampling to include micro-enterprises because 

these organisations face comparable or greater governance challenges under the EU AI Act, 

and because the smallest organisations in the Swedish recruitment landscape are particularly 

under-represented in the existing fairness literature. The combined sample therefore captures 

variation across the full small-organisation spectrum, ranging from five-person firms to 

organisations approaching the 250-employee threshold. The utilisation of interviews in 

qualitative research is predicated on their capacity to elicit comprehensive, detailed 
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information about participants' experiences, interpretations, and organisational practices (Bell 

et al., 2022). Qualitative interviews are particularly well-suited to examining how participants 

comprehend and interpret experiences in their own contexts, as they are guided discussions 

centred on questions and answers related to a specific topic (Easterby-Smith et al., 2015). The 

interview technique is especially appropriate for this study because the research question 

focuses on how recruitment practitioners in Swedish SMEs interpret fairness and how those 

interpretations shape their oversight practices. The intricacies of internal decision-making 

procedures, the nuances of fairness interpretations, and the subtleties of organisational 

practices that are not readily observable are pivotal to a comprehensive understanding of this 

subject. Consequently, interviews facilitate access to participants' perspectives and enable 

researchers to investigate the meanings and justifications underlying organisational actions. 

By engaging in direct dialogue with founders, HR managers, talent acquisition specialists, 

and recruitment professionals, researchers can gain insights into how fairness concerns are 

perceived, prioritised, and addressed during the implementation and utilisation of AI-based 

recruiting tools. 

 

This study focuses specifically on the pre-selection stage of the hiring process, encompassing 

automated CV screening and candidate ranking. The selection of this scope is predicated on 

three factors. First, this is the stage at which proxy discrimination is most structurally 

embedded, as algorithms process large volumes of candidate data using features that may 

function as proxies for protected characteristics before any human review occurs (Sheard, 

2022; Raghavan et al., 2020). Second, the EU AI Act explicitly classifies this stage as 

high-risk under Annex III, point 4, designating it as the most legally consequential phase of 

the hiring process for SME deployers (European Parliament and Council of the European 

Union, 2024). Third, this is the stage at which the affordances examined in this study, 

including override functions, bulk-rejection tools, score explanations, and shortlisting 

thresholds, are most directly consequential for fairness outcomes (Gilstrap, 2019; Greene, 

2019). Subsequent phases of the hiring process, including video interview analysis and 

reference checking, fall outside the scope of this study. 
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4.3.2 Multiple-Case Study 
This study adopts a qualitative case study research strategy, which is well-suited to the 

exploratory nature of the research question: how do recruitment practitioners in Swedish 

SMEs interpret fairness when using AI-based hiring tools, and how do those interpretations 

shape their oversight practices? When the goal is to obtain a comprehensive understanding of 

intricate social phenomena in their natural environment, case study research is particularly 

suitable (Collis & Hussey, 2014). A case study method allows for a thorough examination of 

these dynamics since fairness in AI-based hiring encompasses organisational policies, 

decision-making procedures, and contextual factors. The case study approach's capacity to 

analyse contemporary phenomena in which the boundaries between the phenomenon and its 

setting are not clearly defined is one of its main advantages. The organisational settings in 

which AI-based recruiting tools are used in this study are inseparable from the 

fairness-related factors that shape their use. Therefore, it is necessary to attend to 

organisational structures, norms, and practices to understand how fairness is interpreted and 

enacted. This study is designed as a multiple-case study, drawing on empirical data from 

participants across several Swedish SMEs rather than focusing on a single organisation. This 

design choice is justified by three reasons specific to the research question and theoretical 

framework of this study. 

 

First, the theoretical framework predicts that fairness interpretations will vary significantly 

across organisational contexts. A founder at a ten-person startup will make sense of an AI 

screening tool very differently from a People and Culture manager at a 200-person scale-up. 

These differences in sensemaking, and their consequences for affordance actualisation, are 

central to what this study seeks to understand. A single-case design would produce a rich 

portrait of one organisation's fairness governance. Still, it could not reveal whether the 

patterns observed are idiosyncratic to that organisation or reflect broader dynamics in the 

Swedish SME context. Multiple cases are necessary to capture this variation and to assess its 

theoretical significance. 

 

Second, the affordance dimension of the theoretical framework specifically requires 

cross-case comparison. To understand whether a particular affordance, such as a score 

explanation function or a human override option, is actualised or ignored, it is analytically 

more powerful to observe how the same affordance is engaged across different organisational 
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contexts than to examine it within a single setting. Differences between cases reveal how 

sensemaking shapes affordance actualisation in ways that a single case cannot demonstrate. 

 

Third, the Swedish SME population is heterogeneous across sectors, organisational sizes, and 

levels of digital maturity. A multiple-case design allows the study to capture this 

heterogeneity while still identifying cross-case patterns. The limitation of this approach, that 

depth per case is reduced compared to a single intensive case study, is accepted as a 

reasonable and deliberate trade-off, given that the study's primary aim is to identify patterns 

and variation across contexts rather than to produce an exhaustive portrait of one organisation 

(Yin, 2017). The interpretivist research philosophy used in this study is closely aligned with 

the case study approach. Both emphasise the significance of subjective experience, context, 

and meaning. Case study research allows for analytical generalisation, in which findings can 

contribute to a broader theoretical understanding without striving for statistical generalisation 

(Collis & Hussey, 2014). The observations gathered from multiple SME cases can therefore 

contribute to more nuanced conceptualisations of how fairness is interpreted and 

operationalised in practice 

 

The study draws on data from 12 recruitment practitioners representing variation in 

organisational size, industry sector, and level of AI tool integration. Cases include both 

organisations that use integrated applicant tracking systems with embedded AI ranking 

features and those that use standalone psychometric assessment tools. This variation is 

deliberate: by including organisations at different stages of AI adoption and with different 

tool configurations, the study is positioned to observe how the same theoretical dynamics, 

sensemaking, affordance actualisation, and socio-technical context play out under 

meaningfully different conditions, strengthening the analytical generalizability of the findings 

(Yin, 2017). 

 

4.3.3 Interview Design  
Semi-structured interviews provide a balance between structure and flexibility. In this 

approach, a series of guiding yet open-ended questions will allow the interviewer to delve 

deeper into any interesting topics that may emerge during the interview. Because it enables 

participants to introduce relevant issues that researchers did not anticipate, this flexibility is 

especially helpful in exploratory studies (Bell et al., 2022). Moreover, exploratory research 
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benefits from openness and adaptability, as it enables more in-depth conversations and 

findings (Easterby-Smith et al., 2015). The interview guide is structured around three topic 

areas that map directly onto the study's theoretical framework. The initial area of inquiry 

focuses on the participants' definitions and conceptualisations of fairness within their 

respective organisational contexts. This investigation delves into the meanings attributed to 

fairness and how these meanings have evolved through participants' experiences with 

AI-based tools. This area corresponds to the sensemaking dimension of the framework, 

examining the interpretive processes through which managers construct an understanding of 

what fairness means for their organisation. The second area of inquiry focuses on the 

participants' understanding of their individual roles and responsibilities regarding fairness 

outcomes, including whether they perceive accountability to lie with themselves, their 

organisation, or their vendor. This addresses the allocation-of-responsibility dimension of 

sensemaking, which is particularly significant in SME contexts where formal accountability 

structures are often absent. The third area of inquiry focuses on the capabilities enabled by 

the tool and the participants' actions in relation to these capabilities. This includes the 

frequency and manner in which participants utilise override functions, request score 

explanations, conduct manual reviews, or establish shortlisting parameters. This corresponds 

to the affordance actualisation dimension of the framework, connecting managerial 

interpretation to observable hiring behaviour and oversight practice. 

 

A total of 12 interviews were conducted with people in relevant positions, including 

founders, HR managers, and recruitment professionals. By conducting interviews with a 

variety of actors in this organisational context, the study captures diverse perspectives on the 

decision-making process, governance mechanisms, and responsibilities related to the use of 

AI in hiring. For exploratory qualitative research, when the objective is to gain deep insight 

rather than statistical generalisation, the number of interviews is suitable. The interviews took 

place via video conferencing platforms for the convenience of the interviewer and the 

interviewee. All participants were Swedish, and the interviews were therefore conducted in 

Swedish to ensure that their expressions and meanings were captured as accurately as 

possible. With the participants’ consent, all interviews were audio‑recorded to ensure the 

accuracy of the material and subsequently transcribed and translated into English for analysis. 

 

A recognised limitation of self-report data is social desirability bias, whereby participants 

may describe their practices in ways that reflect positively on themselves rather than 
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accurately representing their behaviour (Podsakoff et al., 2003). To mitigate this, the 

interview guide prioritises behavioural and indirect questions, asking participants to describe 

specific past situations and actions rather than their general values or intentions, as concrete 

behavioural accounts are less susceptible to impression management than direct questions 

about ethical practices. 

 

The three topic areas of the interview guide map directly onto the study's theoretical 

framework, ensuring that the empirical data collected is analytically aligned with the 

concepts developed in Chapter 3. Questions in Area 1 are designed to elicit sensemaking 

processes by exploring how participants construct meaning around fairness, what fairness 

means to them in practice, how their understanding has developed through their experience 

with AI tools, and what they believe it means for their organisation. Questions in Area 2 

address the allocation of responsibility, a key dimension of sensemaking theory that is 

particularly significant in SME contexts where formal accountability structures are often 

absent. These questions reveal whether participants attribute responsibility for fairness 

outcomes to themselves, their organisation, or the AI vendor. Questions in Area 3 

operationalise affordance theory by asking participants to describe specific behaviours and 

actions in relation to the tool's features. By asking participants to describe concrete situations 

rather than general values, these questions reveal which affordances, override functions, score 

explanations, bulk-rejection tools, and shortlisting thresholds are actualised or ignored in 

practice, and connect managerial interpretation to observable hiring behaviour and oversight 

practice. A complete collection of the interview questions is found in Appendix 1 

 

4.3.4 Sampling  
This study will employ non-probability sampling, which is frequently used in qualitative 

research when the objective is to gain in-depth perspectives from people with relevant 

experience rather than to achieve statistical representativeness. Participants directly involved 

in the implementation, adoption, and use of AI-based hiring tools in SMEs will be identified 

through purposive sampling. Using purposive sampling, participants are selected based on 

their knowledge, expertise, or experience in the subject under study, enabling a focus on 

individuals who can provide significant and relevant insights (Collis & Hussey, 2014). 

Participants who actively engage with AI-based hiring or are responsible for decisions 
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regarding its usage should be included, since the primary goal is to understand how fairness is 

interpreted and what practices follow from those interpretations. 

 

The sampling criteria for this study include individuals who: (1) work in organizations with 

5-249 employees in Sweden, this study extends slightly beyond the EU Commission's strict 

SME definition of 10 or more employees to include micro-enterprises, as these organizations 

face comparable or greater governance challenges under the EU AI Act, (2) are involved in 

hiring or HR decision-making, and (3) possess experience utilizing or implementing AI-based 

hiring tools. In addition, to guarantee a diversity of viewpoints, attempts will also be made to 

include participants from different roles, such as founders, HR managers, and recruiting 

specialists. Qualitative sampling techniques frequently seek to capture different forms of the 

phenomenon to build a more comprehensive understanding of the topic (Easterby-Smith et 

al., 2015). 

 

It is also necessary to acknowledge an anticipated empirical possibility: some participants 

may not have consciously considered fairness in relation to their use of AI-based hiring tools. 

Rather than treating this as a methodological obstacle, this study regards it as a theoretically 

significant finding in its own right. From a sensemaking perspective, the absence of active 

fairness consideration represents a form of displaced or unreflective meaning-making, in 

which the tool is adopted without triggering the interpretive processes that would normally 

accompany an ambiguous or ethically complex organisational decision (Weick, 1995; Turner 

et al., 2023). This maps directly onto the automation paradox identified by Ajunwa (2020), in 

which tools are deployed under the assumption of objectivity without the organisational 

oversight necessary to detect or correct bias. Participants who have not considered fairness 

therefore provide important evidence about the gap between regulatory expectations and 

actual organisational practice, which is central to the study's research question. An overview 

of the twelve interview participants (see Table 1) is presented in Appendix 2. 

 

4.4 Data Analysis  
This study uses thematic analysis as the primary method for analysing the empirical data, 

following the reflexive thematic analysis approach developed by Braun and Clarke (2019). 

Reflexive thematic analysis is a flexible, widely used method for identifying, analysing, and 

interpreting patterns and themes in qualitative data. It is particularly appropriate for 
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interpretivist research that seeks to understand how individuals construct meaning within 

specific organisational settings. The method emphasises the researcher's active role in 

interpreting and constructing themes rather than assuming that themes simply "emerge" from 

the data. This aligns with the interpretivist epistemology that guides this study, in which 

knowledge is co-produced through engagement with the material rather than discovered as a 

pre-existing fact. Braun and Clarke (2019) further note that the approach is well-suited to 

studies that aim to understand subjective meanings and socially constructed realities, as 

themes are shaped by the researcher's theoretical lens, analytical choices, and reflexive 

engagement with the data. 

 

The exploratory and context-sensitive nature of the research question further supports the use 

of thematic analysis. The study aims to understand how recruitment practitioners in Swedish 

SMEs perceive fairness in AI-based hiring and how these perceptions translate into oversight 

practices. These interpretations are complex, nuanced, and potentially divergent across 

organisational contexts. Thematic analysis enables a rich and thorough examination of 

patterns across cases while maintaining the contextual depth that an interpretivist study of 

this kind requires. 

 

The analysis follows the abductive logic established in section 4.2. Building on Thompson's 

(2022) account of abductive thematic analysis, the analysis moves iteratively between 

empirical data and the theoretical concepts developed in Chapter 3. New patterns identified in 

the interview material are continuously compared with the existing theoretical framework. 

Where contradictions or unexpected findings emerge, they prompt further engagement with 

the literature and refinement of the interpretation. Reflexivity is a central component of this 

method: the researchers acknowledge their role in shaping the analysis through their 

theoretical choices, their interpretive judgments, and their engagement with the data. The aim 

is analytical rigour and transparency rather than positivist objectivity, ensuring that 

interpretations are theoretically informed and grounded in the empirical material. 

 

In practice, the analysis is structured directly by the two primary theoretical lenses of the 

framework developed in Chapter 3. Sensemaking theory directs attention to how participants 

construct meaning around fairness and responsibility: how they define fairness in their own 

words, how they describe their understanding of what the AI tool produces, and how they 

articulate who is accountable for fairness outcomes. Affordance theory directs attention to the 
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observable behavioural dimension: which features of the tool participants describe using, 

which they ignore, which they appear unaware of, and how those patterns of actualisation 

translate into specific oversight practices. The socio-technical perspective situates both of 

these dimensions within the organisational context that shapes what is possible. This dual 

focus produces three analytical categories used throughout the coding process, described in 

section 4.4.1: sensemaking patterns, affordance actualisation, and organisational context 

factors. These categories are not imposed as rigid coding rules but serve as sensitising 

concepts that guide the initial reading of the data while remaining open to patterns that 

emerge inductively from the interview material itself, consistent with the study's abductive 

approach. 

 

The analysis follows the six phases of reflexive thematic analysis outlined by Braun and 

Clarke (2019). In the first phase, the researchers familiarise themselves with the data by 

reading all interview transcripts in full and recording initial observations. In the second 

phase, initial codes are systematically generated across the dataset to identify features 

relevant to the research question and the theoretical framework. In the third phase, codes are 

grouped into potential themes. In the fourth phase, themes are reviewed against the full 

dataset to ensure that they accurately and comprehensively represent the empirical material. 

In the fifth phase, themes are defined and named in relation to the theoretical framework, 

ensuring that the findings speak directly to the research question. In the sixth phase, findings 

are written up with supporting evidence drawn directly from the interview transcripts, making 

the connection between data and interpretation transparent and traceable. Throughout, 

comparisons are drawn across cases to identify both common patterns and meaningful 

variation in how Swedish SME practitioners interpret and enact fairness in AI-based hiring. 

 

4.4.1 Coding Structure  
The study follows Thompson's (2022) abductive thematic analysis, which progressively 

abstracts interpretations by iteratively moving between theoretical concepts and empirical 

data. Thompson (2022) further explains how a coding process can provide clarity and 

structure when analysing empirical data. The study's coding procedure was divided into three 

levels: first-order codes, second-order themes, and aggregated dimensions to guarantee 

analytical rigour and transparency. Quotes and insights were collected directly from the 12 

interview transcripts and made up the first-order codes. These codes guaranteed that the 
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initial phases of analysis stayed rooted in the empirical data while capturing participants' 

personal expressions. To find recurrent patterns, tensions, and common meanings, first-order 

codes from several interviews were compared and clustered to create second-order themes. 

The interpretative layer of the study, where the data began to coalesce into more 

comprehensive conceptual categories, was represented by these themes. Aggregated 

dimensions represented the highest level of abstraction. They offered the conceptual 

foundation for the results and connected the emerging themes to the study's theoretical 

framework. These dimensions were developed by iteratively integrating theoretical 

frameworks and empirical patterns through abductive reasoning, ensuring that the final 

interpretation was both conceptually grounded and data-driven. The first dimension captures 

sensemaking patterns, how participants define fairness, how they describe their understanding 

of the tool's logic, and how they articulate responsibility for fairness outcomes. The second 

dimension captures affordance actualisation: the tool features participants use, ignore, or 

appear unaware of. The third dimension captures organisational context factors, governance 

structures, resource constraints, and cultural norms that shape both sensemaking and the use 

of affordances. These categories serve as sensitising concepts rather than rigid codes. They 

guide the initial analysis while remaining open to patterns that emerge from the data and fall 

outside these predetermined categories, consistent with the abductive approach. By 

establishing a methodical and verifiable pathway from unprocessed interview data to 

conceptual ideas, these three analytical levels enhanced the legitimacy and explanatory power 

of the theme analysis. The full coding structure can be found in Appendix 3. 

 

4.5 Research Quality  
In qualitative research, traditional standards such as validity and reliability are less relevant 

within an interpretivist philosophy, which emphasises context-dependent knowledge and 

subjective meaning. Instead, other criteria that more accurately represent the nature of 

interpretative inquiry are used to evaluate qualitative research, such as credibility, 

transferability, dependability and confirmability. According to Collis and Hussey (2014), 

these standards are especially appropriate for evaluating qualitative research because they 

account for the socially constructed, context-specific nature of findings.  
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4.5.1 Credibility  
The degree to which the results fairly reflect participant viewpoints and the social reality 

being studied is referred to as credibility. According to Collis and Hussey (2014), credibility 

in qualitative research is achieved by ensuring that participants' meanings and interpretations 

are captured as accurately as possible. The inclusion of semi-structured interviews, which let 

participants share their experiences and opinions in their own terms, increases the study's 

trustworthiness. The interpretivist emphasis on comprehending subjective meanings is 

consistent with this method. To ensure that participants' replies are accurately represented, 

interviews are recorded and transcribed. 

 

Furthermore, Bell & Bryman (2006) emphasise the crucial role of ethical research procedures 

in producing reliable results. The research enhances the validity and reliability of the data 

gathered by ensuring informed consent and fostering an environment in which participants 

can speak openly. Capturing multiple perspectives on fairness-related practices also enhances 

credibility by involving participants from various organisational roles. 

 

One interview (IP6) is included in paraphrased form due to a recording failure. While this 

limits the use of direct verbatim quotation from this participant, the substantive content was 

captured in detailed notes during the interview and is presented in the findings alongside 

paraphrased indications of the participant's framing. 

 

 

4.5.2 Transferability 
Transferability concerns the extent to which the findings can be applicable or relevant to 

other contexts. According to Collis and Hussey (2014), qualitative research aims toward 

analytical generalisation, in which findings can enrich broader theoretical knowledge, rather 

than statistical generalisation. The study provides detailed descriptions of the research 

background, including the features of SMEs, the organisational environment, and the specific 

recruitment procedures examined, to facilitate transferability. Readers can assess the 

applicability of the findings across different circumstances thanks to this 'thick description'. 

Additionally, by identifying patterns across firms, a multiple-case study design enhances 

transferability. Comparing several examples enables more robust insights that may be 

applicable beyond a single setting, as suggested by Collis and Hussey (2014). 
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4.5.3 Dependability  
The regularity and openness of the research process are referred to as dependability. Collis 

and Hussey (2014) state that, for the research process to be understood and assessed, 

qualitative research should provide a clear, methodological explanation of how the study was 

conducted. Dependability in this study is ensured by maintaining a thorough record of the 

research process, including detailed explanations of data collection, analytical techniques, 

and research design. While allowing flexibility for participants to introduce relevant insights, 

semi-structured interview guides help ensure consistency across interviews. Additionally, the 

clear description of the abductive research technique demonstrates how the researchers 

iteratively alternated between theoretical frameworks and empirical data. By making the 

analytical process traceable, this openness increases the study’s dependability.   

 

4.5.4 Confirmability 
The degree to which the conclusions are based on the data rather than being shaped by 

researcher bias is known as confirmability. According to Collis and Hussey (2014), 

transparency and the capacity to link interpretations to empirical data are key components of 

confirmability in qualitative research. Accordingly, the research employs a systematic 

thematic analysis to ensure that themes are derived from the data and grounded in empirical 

observations. Additionally, the researcher participates in reflexive practice, recognising their 

role in interpretation and critically considering how their theoretical stance and presumptions 

could influence the study. Furthermore, Bell & Bryman (2006) emphasise that producing 

trustworthy research requires ethical awareness and reflexivity. The study improves 

confirmability by being transparent about methodological decisions and maintaining a clear 

connection between data and results.   

 

4.6 Ethical Considerations  
The quality and reliability of qualitative research depend heavily on ethical issues, especially 

when human subjects and sensitive organisational practices are involved. According to Bell 

& Bryman (2006), informed consent, confidentiality, and the prevention of harm are all 

necessary for ethical research. It is particularly relevant given that this study examines how 

recruitment practitioners interpret fairness, a topic that may require conversations about bias, 

responsibility and organisational procedures. All participants are provided with 

44 



 

comprehensive information on their rights as participants, the study's goal, and how the data 

will be utilised. Participants are made aware that participation is completely optional and that 

they may withdraw at any time without consequence. This is especially crucial given the 

sensitivity of reflecting on fairness in the application of AI technologies within organisations. 

Anonymity and confidentiality are given top priority during the whole research process. In 

line with Bell & Bryman (2006), all identifying information, such as names and company 

names, is removed during transcription to help guarantee that participants may communicate 

freely without fear of repercussions. This is especially important in SME contexts where 

people and organisations would otherwise be easily recognisable. 

 

Additionally, the study complies with the General Data Protection Regulation (GDPR), which 

governs the handling of personal data in the EU. Only essential information is gathered, 

stored safely, and accessed solely by the researchers. To ensure both legal compliance and 

ethical data management, participants are informed about how their data will be used and 

about their rights to access and delete it.  
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5.​ Empirical Findings 

____________________________________________________________ 
This chapter presents the empirical findings from twelve semi-structured interviews 

conducted with recruitment practitioners working in Swedish SMEs between May 4 and May 

21, 2026. The findings explore participants’ perspectives on fairness in AI-based hiring, their 

views on responsibility and accountability, and their experiences of interacting with AI 

recruitment tools. By identifying patterns across the cases, the chapter highlights how 

organisational practices and interpretations shape the use and perceived fairness of AI in 

recruitment processes. 

___________________________________________________________________________ 

 

5.1 How to Define Fairness 
One of the most consistent findings across the dataset is the near-universal emphasis on 

human judgment as the foundation of fair recruitment. Without exception, all twelve 

participants articulate some version of the principle that AI may support the process but must 

never replace the human being at the point of final decision. This shared norm surfaced 

across organisational sizes, tool configurations, and levels of AI adoption, making it the 

strongest and most stable empirical finding of the study. 

 

5.1.1 Fairness as Human Judgment in Final Decisions  
Across all participants, the most immediate and recurring definition of fairness is that a 

human being must make the final hiring decision. AI tools are consistently framed as 

decision-support instruments, not decision-makers. Several participants expressed this with 

particular force. IP11, a Talent Acquisition Partner, stated: "The interview is always the most 

important thing, the real interview between human beings". IP7, a recruiter who works with 

several AI tools, including ChatGPT and LinkedIn AI, was among the most explicit: "I would 

never rely on AI alone, not when it comes to people". The same participant added: "AI as a 

decision-maker, no". 

 

Similar positions were expressed throughout the sample. IP1 described the division clearly: 

"It is always me who makes the final assessment, not the tool". IP2, a project assistant 

working in a politically governed organisation, framed it as a matter of institutional principle: 

"The decision is always the employer's". IP9, a freelance recruiter specialising in security 
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recruitment, added: "Never an automatic stop". IP10, a recruitment consultant with broad 

ATS experience, expressed discomfort at the absence of human contact in fully automated 

processes: "I feel a bit unwell when I see processes where a candidate has never met a human 

being". IP12, a former CEO of a recruitment firm, framed the issue as one of structural 

exclusion: "How many millions of people are not sitting there wondering why they got a no?". 

 

IP6, a Talent Acquisition and Employer Branding professional, articulated the same position 

when describing how AI tool outputs are treated within their team. IP6 described their 

organisation's tools as functioning as an anchor rather than as a decision-maker, with the final 

assessment always made by the human recruiter. IP6 reinforced this framing with a concrete 

example raised unprompted during the interview: a candidate who had not used the 

organisation's required system for the specified three years had nevertheless been advanced 

through the process despite the AI screening flagging them as a non-match, on the basis that 

their broader experience and demonstrated competence in the interview compensated for the 

missing keyword. This candidate is currently employed at the organisation. 

 

This principle extended even to participants whose tools technically enable automated 

rejection. IP5, a People Business Partner and the one clear exception to the dominant pattern 

(discussed in section 5.1.3), was also the only participant who reported implementing a hard 

automated cutoff based on Alva Labs match scores. The contrast between IP5 and the 

remaining eleven participants on this point is one of the most analytically significant findings 

in the dataset. 

 

5.1.2 Fairness as Holistic Combined Assessment 
Alongside the human-judgment principle, all twelve participants articulate a second 

conception of fairness: that no single tool, score, or data point should be treated as definitive. 

Participants consistently describe recruitment as a process of combining multiple inputs 

before arriving at a judgment. The term "combined assessment" appeared explicitly or 

implicitly in all interviews. 

 

IP12 described the process as assembling a puzzle: "I see recruitment as a puzzle". IP3 and 

IP4, both working with their own psychometric test platforms, used the phrase "It is a 

combined assessment” and specified that test results function as an input among many, rather 
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than as a gate. IP4 was direct: "The tests are more of an add-on than an absolute deciding 

factor". IP9 drew the line clearly: "The test is a discussion basis, not a watershed". The same 

participant added: "I don't think a test result should erase a good track record". IP10 was 

similarly explicit: "It's not the tests that are decisive". 

 

IP6 expressed a parallel position, describing tests as being used primarily to identify 

deviations from the impression formed in the interview rather than as a basis for exclusion. A 

candidate would not be removed because of a particular test result; instead, the result would 

be discussed in a follow-up interview where the candidate could explain their experience of 

the test, including factors such as fatigue, stress, or unfavourable testing conditions. IP6 

emphasised that personality cannot be assessed without meeting the candidate in person, and 

that the test platform provides one dimension of evidence among several rather than a final 

verdict. 

 

This holistic conception of fairness also includes an awareness of the limits of any single 

screening step. IP12 noted: "You can be deceived in every step". This framing positions 

fairness not as the product of any single tool working correctly, but as the result of a 

multi-layered human process in which different sources of information are weighed against 

one another. No participant in this study, except for IP5, treats AI screening output as a 

self-sufficient basis for candidate elimination. 

 

5.1.3 Fairness as Systematic Screening: The Critical Outlier 

IP5 occupies a unique and analytically important position in the dataset. Unlike all other 

participants, IP5 has operationalised fairness not as human judgment but as procedural 

consistency enforced by automated thresholds. Working as a People Business Partner, IP5 

uses Alva Labs with a minimum match percentage requirement; candidates below this 

threshold are automatically rejected. IP5 describes this not as a trade-off against fairness, but 

as an expression of it: "Yes, it is an automatic no-thank-you". The same participant added: "I 

need to make some kind of limitation". 

 

IP5's justification for this approach is explicitly fairness-based: the systematic threshold 

removes the risk of individual human bias and ensures that all candidates with a match score 

below a certain threshold are treated equally. From IP5's perspective, the consistent 
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application of an objective criterion is fairer than allowing individual judgment to vary per 

candidate. This is a coherent sensemaking framework, but it is the inverse of the dominant 

logic articulated by the other eleven participants, who see precisely this kind of automated 

elimination as the fairness risk rather than the fairness solution. IP5 also places more explicit 

trust in vendor certification than any other participant: "I know that Alva Labs is certified in 

some way, I don't know exactly what". This combination, automated cutoff, vendor-delegated 

accountability, and a sensemaking framework that equates systematic screening with fairness, 

makes IP5 the single case in which the conditions for the automation paradox are most fully 

realised in practice. 

 

5.2 How Practitioners Locate Responsibility 
The second major dimension of sensemaking examined in this study concerns how 

participants understand and locate responsibility for fairness outcomes. Three distinct 

patterns emerged from the data. 

 

5.2.1 Personal Ownership of Responsibility 

The most common pattern across the dataset is clear and explicit personal ownership. The 

majority of participants describe responsibility for fair outcomes as residing with themselves, 

not with the tool or the vendor. 

 

IP11 stated without hesitation: "It is, of course, my responsibility as a Talent Acquisition 

Partner". IP7 used similar language: "To the highest degree, my responsibility". IP3 described 

the situation as unambiguous: "It is hard and clearly our responsibility". IP10 extended this 

to the organisational level: "We as a company carry a very large responsibility". IP8, a 

founder working with interim and recruitment assignments, acknowledged the cognitive 

demands this places on practitioners: "It is my responsibility as a recruiter to always keep in 

the back of my mind that AI has made a weighted assessment". IP5 also asserted personal 

responsibility: "We have a responsibility to ensure that the process is conducted fairly". 

 

IP6 articulated the same position when asked about the possibility of systematic ranking bias 

against particular candidate groups. Responsibility for detecting such bias rested with the 

recruiter, and the practice of conducting interviews with candidates regardless of the CV 

screening results was explicitly framed as a safeguard against this risk. IP6 articulated this as 
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the reason human interviews remain a non-negotiable step in the process: they serve as the 

layer at which structural bias in the screening output can be identified and corrected. 

 

This shared rhetoric of personal ownership is significant. It reflects a genuine normative 

commitment to being the responsible actor in the process. However, as the following two 

patterns demonstrate, the gap between declared responsibility and actual capacity to act on it 

is often substantial. 

 

5.2.2 Responsibility Displaced to Vendor or Client 
Several participants simultaneously assert personal responsibility and describe practical 

conditions in which responsibility has effectively been displaced elsewhere. IP12 identified a 

recurring pattern in which the client organisation, rather than the recruiter, is the more direct 

source of discriminatory screening criteria: "It is usually the client that discriminates more 

than the tests". The same participant elaborated with two further examples: "Clients set 

requirements for impeccable Swedish in order to screen out people from other countries", and 

"Clients want a certain type of profile, a thirty-year-old with a lot of experience, no one over 

fifty". 

 

IP7 identified a similar dynamic: "The client wanted only female candidates, which creates its 

own discrimination". These observations locate the origin of discriminatory screening 

upstream of both the AI tool and the recruitment practitioner. 

 

Vendor displacement is also present in the dataset, particularly regarding regulatory 

compliance. IP5's statement that Alva Labs is "certified in some way" is the clearest example: 

the practitioner has accepted vendor certification as a sufficient proxy for their own 

assessment of the tool's fairness. IP8 expressed a similar reliance: "We trust that the tools 

handle those requirements". IP1 was direct about the limits of their own regulatory 

engagement: "I am not directly affected by those regulations, really". 

 

IP6's account adds an additional dimension to this displacement pattern. The decision to 

adopt Teamtailor and Alva Labs had been taken collectively at the organisational level, with 

limited subsequent training provided to individual users. IP6's response to the question about 

the EU AI Act began with uncertainty about whether the regulation applied to the 
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organisation, and continued by framing the selection of certified AI tools as the principal 

compliance measure. The same response then acknowledged, almost reflexively, that 

organisational understanding of the regulation itself might nevertheless be valuable. This 

combination of vendor-led compliance assurance and a dawning recognition of a direct 

organisational obligation captures the transitional governance position that several 

participants in this study occupy as the August 2026 deadline approaches. 

 

For participants working in recruitment agencies and consultancies, there is an additional 

structural layer: IP12 observed that test companies themselves operate in an ambiguous zone, 

providing limited information about the scoring rationale precisely to limit their own 

exposure to accountability.  

 

5.2.3 Capacity Gaps Limiting the Ability to Act on Responsibility 

A third pattern that cuts across the dataset is the acknowledgement that even where 

responsibility is clearly felt, practical capacity to fulfil it is limited. Time pressure is the most 

commonly cited constraint. 

 

IP10 described the fundamental tension: "You don't sit and review every AI decision when you 

do not even have time to do it manually". IP11 acknowledged a technical limitation: "But I 

am not that technically knowledgeable". IP8 noted an experience constraint: "We have not 

used it long enough to say anything". IP3 cited organisational scale: “We are not that many 

[to implement AI properly]". 

 

IP6's account reflects a related but distinct form of capacity gap. The collective decision to 

adopt the platforms had been taken with limited subsequent investment in user training. IP6 

and colleagues conducted their own research and learned through use, with vendor chat 

support serving as the primary reference for specific questions. While this approach is 

workable for routine operation, it leaves practitioners without a systematic foundation in how 

the tools' outputs are produced or what governance obligations attach to their use, precisely 

the capacity that the EU AI Act's transparency and oversight obligations presuppose. 

 

These capacity gaps are not framed by participants as excuses but as straightforward 

descriptions of their working conditions. They are also consequential. A practitioner who 
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genuinely believes they are responsible for fair outcomes but lacks the technical knowledge, 

time, or organisational scale to audit algorithmic outputs is in a position where accountability 

is declared but cannot be exercised in practice. This gap between normative responsibility 

and operational capacity is one of the most practically significant findings in the dataset, 

particularly in light of the EU AI Act's obligations as of August 2026. 

 

5.3 How Practitioners Interact with Tool Features 

The third analytical dimension concerns the specific features and affordances of AI tools that 

participants describe using, ignoring, or being unaware of. Five distinct patterns of affordance 

actualisation emerged from the data. 

 

5.3.1 AI Screening Affordances Rejected, Used Selectively, or Used Fully 

Participants' relationships with AI screening features fall along a spectrum from active 

rejection to full reliance, with the majority occupying a middle position in which the 

affordance is used but treated as advisory rather than determinative. 

 

At one end of the spectrum, several participants describe actively choosing not to use AI 

ranking and screening features, typically because direct experience had demonstrated the 

tool's unreliability. IP11 was unambiguous: "It ranks people incorrectly". The same 

participant added that this was a collective assessment: "None of us does it, we have 

concluded that it is too poor". IP10 described a concrete experience of inaccuracy: "It was 

incorrect, even when a candidate was ten out of ten, it didn't match at all". The resulting 

practice was a return to manual review: "We are very analogue". IP2 described a similar 

decision: "We do not use the system to rank automatically, we do that manually". IP3 reported 

that AI had not been integrated into their platform at all: "We do not have AI integrated in the 

platform today". 

 

In the middle of the spectrum, several participants use AI screening actively but treat its 

output as one input among several. IP6 captures this middle position particularly clearly. 

Teamtailor's CV screening function is actively used to identify candidates who do not match 

the required criteria, such as specific system experience or technical competencies. However, 

the affordance is interpreted as an indicator rather than a filter: candidates flagged as 

non-matching may still advance to an interview if the human reviewer judges that broader 
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experience compensates for the specific gap. IP6's concrete illustration, the now-employed 

candidate who had been advanced despite the screening flagging them as a non-match 

because adjacent system experience and interview performance compensated for the missing 

criterion, represents this practice in operation. IP7 and IP8 describe similar uses of AI 

screening as a sorting aid that surfaces candidates for human review without replacing that 

review. 

 

At the other end of the spectrum, IP5 has actualised AI screening as an automatic cutoff, as 

discussed in section 5.1.3. 

 

These cases collectively illustrate that the rejection or actualisation of affordances is 

grounded in practical experience and sensemaking rather than in principled positions for or 

against AI. Practitioners are not ideologically opposed to AI ranking, nor are they uncritically 

enthusiastic; they have made interpretive judgments about where the tool's output can be 

trusted and where it cannot, and they have configured their practice accordingly. 

 

5.3.2 AI Used to Interrupt Human Bias  
A smaller but particularly notable pattern, not represented in the existing literature on AI 

hiring governance, was identified in two participants who use AI tools specifically to counter 

their own potential biases or those of hiring managers. 

 

IP10 described masking candidate information before using AI to generate a combined 

assessment: "Masks all candidate information and asks AI to make an overall assessment". 

This same participant uses the tool's output strategically in conversations with hiring 

managers: "It has helped me challenge managers who may be biased". IP10 also reported 

withholding detailed test information to prevent managers from forming biased impressions: 

"I usually just say the test went well, just so they won't become biased". 

 

IP7 described a similar practice of anonymising candidate information before loading it into 

ChatGPT for evaluation. In this use case, AI is not the source of the fairness risk; it is the 

instrument through which human bias is interrupted. This represents an emergent, 

practitioner-driven governance innovation that inverts the typical concern that AI introduces 

bias into recruitment. 
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5.3.3 Score Explanation Affordances: Present and Absent  
Participants' accounts of score explanation features, whether the tool explains why a 

candidate received a particular score, reveal a significant divide in both tool capability and 

practitioner behaviour. 

 

Among participants whose tools provide score explanations, several describe actively using 

them. IP1 noted: "They often give a small description that shows why the person scored the 

way they did", and described being able to review detailed components of the ranking. IP9, 

who is formally certified in their tool, described returning score explanations directly to 

candidates: "Candidates receive a number of pages of text about their results", and "I always 

give feedback on test results to the candidate". IP10 described sharing the screen with 

candidates to walk through the results together. 

 

IP6 sits between active engagement and absence in this dimension. The Alva Labs platform 

provides personality and logical test outputs that IP6 reviews in detail, examining how the 

candidate's profile combines across multiple traits. The function of this review is not to make 

exclusion decisions but to prepare follow-up conversations: deviations or unexpected results 

become discussion points in the interview that follows. This use of the score explanation 

affordance closely parallels IP1's practice, although IP6 does not describe returning 

explanations directly to candidates as IP9 does. 

 

In contrast, several participants describe situations in which explanations are either absent or 

not communicated to candidates. IP12 returned to the structural critique: "How many millions 

are not sitting there wondering why they got a no?". The same participant observed that test 

companies deliberately limit the information they provide to reduce their exposure to 

accountability. IP5 reported that the organisation had not discussed score explanation 

internally: "Internally, we have not talked about it specifically". 
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5.3.4 The Override Affordance: Active Use versus Dormancy  
One of the clearest points of divergence in affordance actualisation concerns the human 

override, the option to disregard, supplement, or reverse AI tool rankings in individual 

candidate cases. 

 

Among the majority of participants, override is not merely available but actively and 

routinely exercised. IP1 described having advanced candidates with Alva Labs scores as low 

as 23 out of 100, all the way to employment: "I have had people with 23 out of 100 in Alva 

Labs, and they went all the way to being hired". IP1's practice upon a low score is direct 

engagement: "I call the candidate and ask how they think about the result". IP7 described 

presenting what they termed a "golden candidate" alongside the main candidates: "Sometimes 

I present a gem on the side of the main candidates". IP9 was categorical: "Never an 

automatic stop". IP10 and IP9 both noted that the role requirements determine how much 

weight a score carries: "It depends on what the role requires". 

 

IP6's account of the now-employed candidate who had been flagged as a non-match by 

Teamtailor is a direct example of override in practice. The CV screening output indicated that 

the candidate did not meet the system-experience criterion; the human reviewer judged that 

adjacent experience and interview performance constituted sufficient evidence to override the 

screening output; the candidate was advanced, interviewed further, and hired. From an 

affordance perspective, this is the override affordance functioning exactly as the dominant 

fairness framework in this dataset requires. 

 

IP5 is again the exception. For this participant, the override affordance is structurally dormant 

below the cutoff threshold: candidates who do not reach the minimum match percentage do 

not advance to human review. The affordance exists within the tool but has been disabled by 

the organisation due to the implementation of the automated cutoff. 

 

5.3.5 Training, Onboarding, and Tool Literacy 
Participants' accounts of how they learned to use their tools reveal significant variation in the 

quality and completeness of onboarding, with direct implications for which affordances are 

known and used. 
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IP11 described having received no onboarding at all: "No introduction whatsoever to how to 

use it". Both IP11 and IP7 described their learning process as "learning by doing". IP1 was 

uncertain about what had been agreed at the vendor level: "I have no idea what has been said 

at the supplier level". IP11 was unaware of whether vendor support was available: "There 

might be [vendor support]. I actually don't know". 

 

IP6 described a similar onboarding experience. Teamtailor and Alva Labs had been selected 

collectively by the organisation, but practitioners had received limited formal training in how 

to use them effectively. They conducted their own research and learned during use. IP6 

credited Teamtailor's chat support function as a valuable resource for resolving specific 

questions, particularly when building or adjusting candidate profiles, which suggests that 

high-quality vendor chat support can partially compensate for the absence of formal 

onboarding. 

 

In contrast, IP9 had received formal certification in their tool and described having completed 

certification courses. IP5 reported that all hiring managers had received training in how the 

tests function, and that the organisation had received an introduction and training when the 

system was purchased. 

 

This variation in tool literacy is not trivial. A practitioner who is unaware that a score 

explanation feature exists cannot actualise it, even if they are disposed toward transparency. 

Onboarding gaps, therefore, create a structural barrier between practitioners' intent and the 

actualisation of affordances. 

 

5.4 Cross-Case Patterns 

This section synthesises the findings from sections 5.1 through 5.3 into seven cross-case 

patterns that characterise the dataset as a whole. These patterns form the empirical foundation 

for the analytical discussion in Chapter 6. 

 

Pattern 1 - Human-first philosophy (12/12) 

Every participant, without exception, states that human judgment must remain central and 

that AI must not function as a decision-maker. This is the strongest and most consistent 

empirical finding of the study. Even IP5, which operationalises fairness through automated 
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thresholds, does not describe AI as the decision-maker; the threshold was set by a human and 

is reviewed periodically. 

 

Pattern 2 - AI for efficiency, not evaluation (11/12) 

With the single exception of IP5, all participants draw a clear distinction between using AI to 

manage administrative volume and using it to evaluate candidates. IP10 articulated the 

primary driver: "A major reason for buying the service is that you don't have time to do it 

manually". IP7 described managing twelve to thirteen parallel processes with up to thirty 

candidates each. AI is adopted to handle this load, not to replace judgment. 

 

Pattern 3 - Regulatory awareness concentrated in vendor relationships (11/12) 

Only IP3 discussed the EU AI Act explicitly and in analytical depth. IP4 mentioned it in 

passing. IP6's response revealed the transitional position in which awareness is dawning, yet 

vendor certification remains the primary compliance mechanism. The remaining participants 

either cited GDPR as their primary regulatory framework, adopted a "wait and see" stance, or 

did not engage with the regulation at all. This pattern is structurally connected to vendor 

dependency: participants who use third-party platforms have largely shifted regulatory 

compliance responsibility to the vendor. The low direct engagement with the EU AI Act is 

therefore not simply a knowledge gap; it reflects a governance architecture in which 

practitioners believe the vendor is handling compliance on their behalf. 

 

Pattern 4 - Combined assessment as universal norm (12/12) 

Every participant in the study articulates some version of the principle that a combined, 

multi-source assessment is necessary for fair recruitment. No participant believes any single 

tool output or score is sufficient to determine candidate outcomes. This is the behavioural 

counterpart to Pattern 1: fairness requires both a human judge and multiple inputs. 

 

Pattern 5 - Test timing variation 

The majority of participants (IP1, IP3, IP6, IP7, IP8, IP9, IP10) use psychometric or 

AI-assisted tests after a first human interview, treating the test as a tool to deepen the 

conversation rather than as an initial filter. IP5 uses pre-interview tests and has implemented 

a hard cutoff score. This variation maps directly onto different sensemaking frameworks: for 

most participants, the test is a discussion input; for IP5, it is a qualifying threshold. 
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Pattern 6 - Risk of missing non-standard candidates (IP6, IP7, IP9, IP10, IP12) 

Several of the most experienced participants explicitly discuss the risk that AI tools may 

overlook candidates who do not fit standard career profiles. IP7 distinguishes between 

A-candidates (those who fit the algorithm's pattern) and B-candidates (those who may be 

equally or more suitable but who do not surface through automated screening). IP10 raised 

the case of the "eccentric" candidate, the startup professional with a non-linear career 

trajectory that appears to be a poor match on paper. IP9 flagged the risk of the labour market 

becoming uniform if screening relies too heavily on algorithmic pattern-matching: "The 

danger of going only by tests is that the labour market becomes monotonous". IP12 described 

the dark horse candidate who would never emerge from a purely algorithmic process. IP6 

provided one of the most concrete examples in the dataset: a now-employed candidate who 

had been flagged as a non-match by Teamtailor's CV screening because they lacked the 

specific system-experience criterion, but who had been advanced by human review based on 

adjacent experience and competence demonstrated in the interview. This finding maps onto 

the proxy discrimination mechanism described in section 2.2: career path linearity functions 

as a proxy for cultural fit with the algorithm's training distribution, and candidates whose 

careers deviate from that distribution are systematically disadvantaged. 

 

Pattern 7 - AI as bias-interruption tool (IP7, IP10).  

Two participants describe using AI specifically to counter human bias rather than as a 

potential source of it. This minority practice, using AI to mask candidate information, 

challenge biased managers, and anonymise evaluations, represents an emergent governance 

innovation that is not represented in the existing literature on AI hiring governance. 
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6.​ Analysis & Discussion 

____________________________________________________________ 
This chapter analyses the empirical findings through the integrated theoretical framework 

developed earlier in the study. It explores how managerial interpretations of fairness and 

responsibility influence the use of AI recruitment tools, and how organisational contexts 

shape these processes. The chapter also examines a critical case illustrating the automation 

paradox and discusses the study’s broader theoretical contributions and limitations. 

___________________________________________________________________________ 

 

6.1 Sensemaking: How Practitioners Construct Fairness and Responsibility 
Weick's (1995) sensemaking framework posits that individuals and organisations interpret 

novel, ambiguous, or uncertain phenomena by drawing on prior experience, contextual cues, 

and organisational norms. The introduction of AI-based hiring tools into Swedish SMEs 

represents precisely such a disruptive encounter. The empirical findings reveal two distinct 

sensemaking domains: how fairness is defined and how responsibility is located. 

The near-universal construction of fairness as requiring human judgment, the strongest 

pattern in the dataset, reflects a coherent and deeply held interpretive stance. Participants do 

not arrive at this position through engagement with formal fairness definitions or regulatory 

frameworks. Rather, it emerges from professional experience, from having observed tool 

failures, from intuitions about candidate dignity, and from occupational norms about what 

good recruitment looks like. This is sensemaking in Weick's (1995) sense: meaning 

constructed through retrospective engagement with concrete experience rather than deduced 

from abstract principles. 

 

The ‘combined assessment’ norm, present in all twelve participants, is a parallel sensemaking 

construct. It operationalises fairness not as any specific procedural criterion, but as a felt 

obligation to weigh multiple inputs before forming a judgment. This aligns closely with 

Gilliland's (1993) procedural and interactional justice dimensions, suggesting that 

practitioners intuitively approach fairness from an organisational justice frame rather than a 

machine-learning metrics frame, even when using algorithmic tools. Van den Broek et al. 

(2025) found that AI adoption tends to displace situated human judgment with a standardised 

metric-driven version of fairness. The present data suggest that in Swedish SMEs, at least 
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under current conditions of modest AI integration, this displacement has not yet occurred: 

practitioners are actively resisting it through the ‘combined assessment’ norm. 

 

The responsibility dimension of sensemaking is more complex. The dominant rhetoric of 

personal ownership is genuine; participants are not being evasive when they claim 

responsibility. But the simultaneous presence of displacement patterns (for vendors and 

clients) and capacity gaps (in time, technical knowledge, and organisational scale) reveals 

that declared responsibility and operational responsibility are not equivalent. Mittelstadt 

(2019) argues that ethical principles alone cannot guarantee responsible AI use without 

organisational mechanisms to implement them. The present findings support this argument 

empirically: the principle of personal responsibility is almost universally held, but the 

mechanisms necessary to enact it, audit capacity, technical literacy, and time for manual 

review, are frequently absent. 

 

The regulatory awareness finding adds a further layer to this picture. The low direct 

engagement with the EU AI Act among participants who use vendor platforms is not simply a 

knowledge gap. It is a structural feature of a governance architecture in which vendors have 

positioned themselves as the compliance-responsible actor. When IP5 says Alva Labs is 

"certified in some way", and IP8 says "we trust that the tools handle those requirements", 

they are not being negligent; they are making a reasonable inference from the vendor 

relationship. The IP6 case is particularly illustrative here: the participant's response to the EU 

AI Act question moves in real time from initial uncertainty about whether the regulation 

applies, through the vendor-certification framing that dominates the dataset, to a dawning 

acknowledgement that organisational understanding of the regulation might be valuable. This 

is sensemaking happening live during the research encounter itself, the practitioner is in the 

process of constructing meaning around a regulatory obligation they had not previously 

connected to their work. 

 

But as Bogen and Rieke (2018) and Pasquale (2015) argue, vendor assurances are a poor 

substitute for an independent audit. The sensemaking framework that positions the vendor as 

the compliance actor removes the practitioner's motivation to engage directly with regulatory 

obligations, creating precisely the accountability gap that the EU AI Act's deployer 

obligations are designed to address. The IP6 case suggests that this gap may begin to close 

once the regulation becomes more visible to practitioners, but it also reveals that closing the 

60 



 

gap will require active intervention. Practitioners are unlikely to construct an accurate 

sensemaking of their own obligations without prompts from regulators, vendors, or external 

advisors. 

 

6.2 Affordance Actualisation: From Interpretation to Practice 
Sensemaking explains how practitioners construct meaning around AI tools. Affordance 

theory (Gilstrap, 2019; Greene, 2019) explains how those interpretations translate into 

specific behaviours. The empirical findings reveal a clear pattern: the affordances 

practitioners actualise are largely consistent with their sensemaking frameworks, and the 

affordances they ignore or are unaware of correspond to the gaps in their governance practice. 

 

Practitioners who have found the AI screening tool unreliable (IP11, IP10) reject the 

screening affordance entirely and revert to manual review. This is a case of affordance 

rejection grounded in direct experience. The tool offers the possibility of automated ranking; 

the practitioner's interpretation, formed through failed encounters with the feature, leads them 

not to actualise it. This finding is consistent with Greene's (2019) observation that 

actualisation is contingent on the user's interpretation of the tool's value and reliability. 

 

A more common pattern, exemplified by IP6, IP7, and IP8, is selective actualisation: the 

screening affordance is used, but its output is interpreted as advisory rather than 

determinative. IP6's account of the now-employed candidate who had been flagged as a 

non-match but was advanced anyway is a particularly clean example of this selective 

actualisation. The screening affordance produced a verdict; the human reviewer treated that 

verdict as an input to a broader judgment; the override affordance was actualised; the 

candidate was hired. From a theoretical perspective, this sequence demonstrates that the same 

affordance can yield very different fairness outcomes depending on the surrounding 

sensemaking framework. Where the framework treats the screening output as authoritative, 

the candidate would have been excluded. Where the framework treats it as advisory, the 

candidate progresses. 

 

Practitioners who actively use the override affordance (IP1, IP6, IP7, IP9, IP10) are those 

whose sensemaking has framed AI output as a useful but fallible input rather than an 

authoritative judgment. For these participants, the override is not an exceptional measure; it is 
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a routine part of their process. IP1's practice of calling candidates with low scores to 

understand the result before deciding is a particularly clear example: the override affordance 

is actualised through a behavioural routine that treats the score as a question rather than an 

answer. 

 

The score explanation affordance reveals an important dimension of the tool-governance 

relationship. Among participants whose tools provide explanations (IP1, IP6, IP9), the feature 

is actively used. IP9, formally certified in their tool, returns explanations directly to 

candidates as a form of procedural transparency. IP6 uses the explanations internally to 

prepare follow-up conversations, treating deviations or unexpected results as discussion 

points rather than verdicts. This represents affordance actualisation that directly supports the 

interactional justice dimension that Gilliland (1993) identifies as central to perceived fairness. 

Among participants whose tools do not provide explanations (IP12's observation about test 

companies), or who have not engaged with this feature (IP5), the result is a transparency gap 

that corresponds to what Lavanchy et al. (2023) identify as a core source of candidate fairness 

concerns: the inability to understand or contest algorithmic decisions. 

 

The most theoretically significant affordance finding is the onboarding gap. IP11's account of 

receiving no introduction to the tool and learning by doing, and IP6's parallel account of 

self-directed learning supplemented by vendor chat support, reflect a broader pattern in which 

practitioners are expected to actualise affordances they were never told existed. From an 

affordance theory perspective, an unknown feature is a dormant affordance by default. This 

means that the governance implications of a tool depend not only on what features it contains, 

but on whether those features are visible and accessible to the practitioners using it. Vendor 

onboarding quality is therefore a governance variable, not merely a customer satisfaction 

concern. The fact that IP6 specifically credited Teamtailor's chat function as partial 

compensation for the lack of formal training suggests that vendor design choices about user 

support, not only product features, directly shape what fairness governance is operationally 

possible. 

 

The practice of using AI to interrupt human bias, described by IP10 and IP7, represents an 

unusual and theoretically notable form of affordance actualisation. Both practitioners have 

taken standard AI tool features, text analysis, and information masking and actualised them in 

a way that inverts the typical concern about AI in hiring. Rather than worrying that the tool 
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introduces bias, they use it to detect and counteract bias in human judgment. This emergent 

practice is not described in the existing governance literature on AI hiring (Raghavan et al., 

2020; Fabris et al., 2025) and represents a practitioner-driven innovation that warrants 

attention in future research. 

 

6.3 Organisational Context: How Structure Shapes Sensemaking and 

Affordance Use 
The socio-technical perspective adopted in this study holds that fairness outcomes are not 

produced by algorithms or by individuals alone, but by the interaction between technology, 

organisational context, and interpretive practice (Kellogg et al., 2019; Fabris et al., 2025). 

The empirical findings support this perspective across several dimensions. 

 

Resource and time pressure are the most consistently cited organisational factors shaping AI 

adoption and use. IP10's observation that "a major reason for buying the service is that you 

don't have time to do it manually" captures the fundamental driver across the dataset. IP7's 

description of managing twelve to thirteen parallel processes illustrates the volume conditions 

under which AI tools become operationally necessary. This finding is consistent with Iyelolu 

et al. (2024) and Rismayadi (2024) on SME adoption barriers: AI is adopted primarily as a 

scalability solution rather than as a fairness intervention. The fairness implications of this 

adoption motivation are significant: tools deployed primarily to save time are less likely to 

trigger the interpretive scrutiny that might surface fairness concerns. 

 

Organisational size and informality shape governance in ways that correspond to the 

theoretical framework's predictions. IP10's description of being "very analogue" and lacking 

even an internal ATS, IP3's acknowledgement that the organisation is "not that many", and 

IP4's note that the organisation fluctuates between five and ten employees, all reflect the 

conditions that Cardon and Stevens (2004) and Keir (2019) identify as characteristic of SME 

HR practice: informal, centralised, and resource-constrained. IP6 adds a further dimension to 

this picture: the platforms had been adopted collectively at the organisational level, but 

training and ongoing governance had not received commensurate investment, leaving 

individual users to develop their own practices through self-directed learning and vendor chat 

support. In such settings, formal governance frameworks for AI oversight cannot emerge 
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because there is no institutional infrastructure to support them. Fairness governance, where it 

occurs, depends entirely on the individual practitioner. 

 

The client relationship as a source of discriminatory criteria, identified by IP12 and IP7, 

points to an organisational context factor that has received little attention in the algorithmic 

fairness literature. For recruitment agencies and consultants, the fairness risk does not 

originate primarily with the AI tool. It originates with the client's specification. When a client 

requests "impeccable Swedish", a particular age profile, or a specific gender, the recruitment 

practitioner is placed in the position of either complying with a discriminatory brief or 

challenging the client relationship. ATS technical limitations compound this: IP9's 

observation that not all ATS systems can read CVs with columns or complex layouts means 

that candidates who use non-standard formatting are disadvantaged before any human review 

occurs. These structural factors, client criteria, ATS parsing, and onboarding quality are 

governance variables that fall outside the practitioner's immediate control yet directly shape 

fairness outcomes. 

 

6.4 The Automation Paradox in Practice: The IP5 Case 
Ajunwa (2020) defines the automation paradox as the phenomenon whereby tools designed to 

reduce bias end up perpetuating it precisely because they are deployed without the oversight 

necessary to detect or correct it. The IP5 case represents the most complete instantiation of 

this paradox in the dataset, and one of the most theoretically rich individual cases in the 

study. It is not, however, a case of unreflective deployment. IP5 has actively and deliberately 

designed the recruitment process to be systematic, and frames that systematicity as a fairness 

improvement. The case, therefore, matters not as an example of negligence but as an example 

of how the conditions of the automation paradox can be produced through a coherent and 

internally consistent sensemaking framework. 

 

In methodological terms, IP5 functions as what qualitative researchers describe as a deviant 

case (Yin, 2017): a case that departs from the dominant pattern in ways that illuminate the 

conditions under which the dominant pattern holds. The other eleven participants consistently 

construct fairness as requiring human judgment in final decisions and treat AI outputs as 

advisory inputs to a combined assessment. IP5 inverts both of these positions. Examining this 

inversion reveals what is doing the work within the dominant pattern: practitioners' active 
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interpretive resistance to delegating evaluative authority to algorithms. Where that resistance 

is absent, replaced by a framework that equates systematic application with fairness, the 

affordances of the tool produce a materially different recruitment process. 

 

IP5's sensemaking is internally coherent. If individual human judgment is the source of bias, 

then replacing individual judgment with a consistent algorithmic threshold removes the bias. 

This reasoning is not without foundation. It reflects one strand of the algorithmic fairness 

literature, particularly the technical fairness tradition (Binns, 2017), in which consistency, 

statistical parity, and uniform application are treated as fairness criteria in their own right. 

From this perspective, the introduction of a clear cutoff threshold is a fairness improvement 

precisely because it removes the variance introduced by individual recruiter judgment. The 

other eleven participants in this study, however, are operating within a fundamentally 

different fairness tradition, one closer to Gilliland's (1993) organisational justice framework 

and to the procedural and interactional justice concerns articulated by Newman et al. (2020). 

Within this tradition, fairness requires individualised consideration, the possibility of appeal, 

and a procedural openness to context that an automated threshold by definition cannot 

provide. The two traditions are not merely different in emphasis; they often produce 

incompatible recommendations. Binns (2017) and Chouldechova (2017) both demonstrate 

that competing fairness metrics are frequently mathematically incompatible, meaning that 

satisfying one definition often requires sacrificing another. IP5's case shows what happens 

when one of these definitions is operationalised in practice without the practitioner being 

aware that an alternative tradition exists, and that the other eleven participants in this study 

are working within it. 

 

The contrast with the practitioners articulating the alternative tradition is sharp. IP9's concern 

that "the labour market becomes monotonous" if screening relies too heavily on tests captures 

the diversity argument against systematic threshold filtering. IP10's awareness that "AI is 

trained on historical data, and if the history is skewed, the same bias is reproduced" 

articulates the structural argument that automated thresholds applied to historically biased 

data reproduce that bias at scale. IP6's concrete example of advancing a candidate flagged as 

a non-match articulates the individualised argument: that the very kinds of candidates whose 

value lies in non-standard backgrounds will be filtered out by systematic application of a 

uniform criterion. These are not abstract objections. They are theoretical positions articulated 
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by experienced practitioners in the recruitment community and constitute a sustained critique 

of the framework on which IP5's process depends. 

 

The affordance dimension of the case compounds these theoretical concerns. IP5 is the only 

participant in the study who has actualised the automatic cutoff affordance. All other 

participants with access to similar features have either rejected them, ignored them, or kept 

them dormant by ensuring that human review precedes any screening decision. IP6's account 

is particularly illuminating in this respect: the same Alva Labs platform that IP5 uses as an 

automated cutoff is used by IP6 as a discussion-preparation tool, and the same Teamtailor 

screening function that might in principle exclude candidates is used by IP6 to surface 

candidates for review rather than to remove them. The platform's affordances are identical; 

the practitioners' sensemaking frameworks are different; the fairness outcomes diverge 

accordingly. From an affordance-theory perspective (Gilstrap, 2019; Greene, 2019), this is the 

clearest empirical demonstration in the dataset that affordances lack inherent fairness 

properties. They are made fair or unfair through the interpretive frameworks that guide their 

actualisation. 

 

The responsibility dimension further compounds the case's theoretical significance. IP5 both 

asserts personal responsibility for fairness and simultaneously delegates the technical validity 

of the threshold to the vendor: "I know that Alva Labs is certified in some way, I don't know 

exactly what". This combination, personal responsibility declared, vendor accountability 

assumed, automated cutoff operationalised, is precisely the configuration that produces the 

accountability gap that Bogen and Rieke (2018) and Pasquale (2015) identify as the most 

consequential governance failure in AI-based hiring. The tool is deployed as a fairness 

mechanism, but its actual fairness properties are unknown to the deployer, and no 

independent audit is possible or planned. The vendor's certification, whatever it consists of, 

has been treated as a substitute for the deployer's own assessment of whether the tool 

produces fair outcomes for the candidates being subjected to its threshold. 

 

This case is directly relevant to the EU AI Act's obligations as of August 2026. Automated 

CV screening with hard cutoff thresholds is classified as a high-risk application under Annex 

III, point 4 (European Parliament and Council of the European Union, 2024). The obligations 

on deployers include human oversight, transparency, bias monitoring, and technical 

documentation. Article 14 explicitly identifies automation bias, the tendency to over-reliance 
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on algorithmic outputs, as the central risk that human oversight mechanisms must counteract 

(European Parliament and Council of the European Union, 2024, Art. 14). IP5's configuration 

is not a case of automation bias in the conventional sense, because the practitioner is not 

failing to scrutinise the tool. It is a more theoretically interesting case: a sensemaking 

framework in which the systematic application of the tool's output is itself constructed as the 

fairness intervention. From the regulation's perspective, however, the practical outcome, 

candidates eliminated by an algorithmic threshold without human review of the rejection, is 

precisely what Article 14 is designed to prevent. An inspector applying Article 14 to IP5's 

process would find a configuration in which the cutoff threshold operates as a de facto 

decision-maker, in which no individualised human oversight precedes rejection at the 

threshold, in which the deployer cannot articulate the technical basis on which the threshold's 

fairness properties have been validated, and in which the vendor's certification is being used 

as a proxy for the deployer's own due diligence. None of these features would satisfy the 

Article 14 requirement in its current form. 

 

The IP5 case is therefore both an empirical outlier and a theoretical anchor for the study. It 

shows what the automation paradox looks like when realised in practice, not through neglect 

but through coherent reasoning operating within a particular fairness tradition. It shows how 

the same affordances can produce opposed outcomes under different sensemaking 

frameworks. And it shows what the EU AI Act's deployer obligations will encounter when 

they come into force in organisations whose internal fairness reasoning is built on 

assumptions that the regulation does not share. For Swedish SMEs approaching August 2026, 

IP5 is not an isolated curiosity. It is a warning about the configuration of sensemaking and 

affordance actualisation that the regulation is specifically designed to address, and a 

demonstration that the conditions for that configuration already exist in the field. 

 

6.5 Contributions, Limitations, and Directions for Future Research 
This study makes three interconnected contributions to the literature on AI-based hiring 

governance. 

 

First, it provides empirical evidence that the sensemaking frameworks through which 

Swedish SME practitioners construct fairness are predominantly human-centred and 

multi-input, rather than algorithmically delegated. The universality of the combined 
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assessment norm, the consistent presence of override practices among most participants, and 

the active interpretive resistance to treating AI scores as decisive, visible in cases from IP1's 

hiring of a 23/100 candidate to IP6's hiring of a non-match-flagged candidate, collectively 

challenge the pessimistic trajectory of the Van den Broek et al. (2025) account. In that 

account, AI adoption progressively displaces contextually sensitive human judgment with 

metric-driven proceduralism. In the current Swedish SME context, that displacement has not 

yet occurred. The IP5 case nevertheless suggests that the conditions for it exist and can be 

realised when a particular combination of sensemaking, organisational pressure, and 

affordance actualisation converges. 

 

Second, the study identifies a practitioner-driven governance innovation, using AI to interrupt 

human bias rather than as a source of bias, that is not represented in the existing governance 

literature. This finding suggests that algorithmic tools need not be understood exclusively as 

fairness risks; under certain sensemaking frameworks, they can function as fairness 

instruments. This has implications for how governance frameworks and practitioner training 

are designed. 

 

Third, the study provides empirical grounding for the accountability gap identified in the 

theoretical and regulatory literature, but reframes it as a structural feature of the SME vendor 

relationship rather than a simple awareness problem. The displacement of regulatory 

compliance to vendor certification, visible in IP5's "certified in some way", IP8's trust that 

"the tools handle those requirements", and IP6's transition from initial uncertainty about EU 

AI Act applicability to acknowledgement that organisational understanding might be 

valuable, combined with limited operational capacity for independent audit, means that the 

EU AI Act's deployer obligations are approaching an SME population that has reasonably but 

incorrectly inferred that vendor relationships will handle compliance on their behalf. This has 

direct implications for how compliance support, vendor disclosure requirements, and 

SME-specific guidance should be designed in the period leading up to the August 2026 

deadline. 

 

The study has several limitations that bound the scope of its findings. The sample, while 

theoretically diverse, is limited to twelve participants, and one interview (IP6) is included in 

paraphrased form due to a recording failure during the session. All participants are based in 

Sweden, and the findings may not transfer directly to other national contexts with different 

68 



 

regulatory environments, organisational cultures, or levels of digital maturity. The reliance on 

self-report data introduces the possibility of social desirability bias, mitigated but not 

eliminated by the behavioural and indirect question design described in section 4.3.3. Finally, 

the study examines a moment in time immediately preceding the EU AI Act's August 2026 

deadline; practitioner sensemaking and governance practices are likely to evolve as 

regulatory pressure intensifies. 

 

Future research should extend this study in three directions. First, a longitudinal investigation 

of how sensemaking frameworks and governance practices change as the EU AI Act's 

obligations become enforceable would provide important insight into whether regulatory 

pressure shifts practitioner behaviour in the ways the legislation intends. The IP6 case, where 

sensemaking around the regulation appeared to begin during the research encounter itself, 

suggests that the period immediately following August 2026 will be a particularly rich 

window for studying this shift. Second, research that includes the vendor perspective, how AI 

recruiting tool companies communicate fairness, design affordances, and understand their 

own compliance obligations, would illuminate the other half of the accountability relationship 

that this study can only observe from the deployer side. Third, comparative research across 

EU member states would enable assessment of whether the patterns identified here are 

specific to the Swedish context or reflect broader dynamics of SME AI governance across the 

single market. 
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7.​ Conclusion & Future Research 

____________________________________________________________ 
This chapter concludes the study by returning to the research question and summarising the 

central findings. It discusses the theoretical and practical implications of the study for 

organisations, technology vendors, and policymakers, while also reflecting on the broader 

societal and ethical issues connected to AI-based recruitment. The chapter ends by 

addressing the study’s limitations and suggesting directions for future research. 

___________________________________________________________________________ 

 

7.1 Returning to the Research Question 
This study set out to answer how recruitment practitioners in Swedish SMEs interpret 

fairness when using AI-based hiring tools, and how those interpretations shape their oversight 

practices. The empirical evidence from 12 semi-structured interviews supports a clear central 

conclusion: fairness in AI-based hiring within Swedish SMEs is constructed primarily 

through interpretive practice rather than through formal governance frameworks, regulatory 

engagement, or the technical specifications of the tools themselves. 

 

The dominant interpretation, articulated by every participant in the study, is that fairness 

requires retaining human judgment in the final decision and combining multiple sources of 

evidence into a single, integrated assessment. This sensemaking framework is remarkably 

stable across organisational sizes, sectors, and levels of AI tool integration. It is also actively 

defended: participants describe their refusal to delegate evaluative authority to algorithmic 

outputs as a deliberate professional stance, grounded in occupational experience and an 

intuitive grasp of organisational justice principles rather than in formal training or regulatory 

mandate. 

 

This interpretation translates into observable affordance behaviour. Practitioners who 

construct AI as a decision-support tool rather than a decision-maker routinely actualise the 

override affordance, treat score outputs as discussion inputs, and configure their processes so 

that human review precedes every consequential decision. The one participant who departs 

from this pattern, IP5, has constructed a competing sensemaking framework in which 

systematic algorithmic screening is itself understood as the fairness intervention. The contrast 

between the eleven cases and the one outlier illustrates the central theoretical claim of this 

70 



 

study: the same tool yields different fairness outcomes depending on the interpretive 

framework surrounding its use. 

 

A second, structurally embedded finding qualifies this picture. Regulatory awareness of the 

EU AI Act among participants using third-party vendor platforms is largely absent, not 

because practitioners are inattentive, but because they have reasonably inferred that 

compliance is the vendor's responsibility. This vendor-delegation pattern produces an 

accountability gap that the regulation's deployer obligations are specifically designed to 

address, but that the deployers themselves do not perceive as their own. As the August 2026 

deadline approaches, this is the governance configuration that Swedish SMEs are bringing 

into the enforcement window for the regulation. 

 

7.2 Theoretical Implications 
This study makes three interconnected theoretical contributions to the literature on AI-based 

hiring governance. 

 

First, it provides empirical evidence that the displacement of human judgment by algorithmic 

proceduralism, documented by Van den Broek et al. (2025) in a large multinational HR 

department, has not occurred in the Swedish SME context studied here. On the contrary, 

practitioners are actively constructing and defending a human-centred fairness framework 

that resists this displacement. This finding does not contradict Van den Broek et al. (2025). 

Still, it qualifies the trajectory: the conditions under which AI tools come to dominate 

fairness interpretation are not universal, and the SME context appears to produce dynamics 

different from those in the large-enterprise context in which most prior research has been 

conducted. The combination of professional autonomy, lower-volume hiring, and the absence 

of dedicated HR analytics functions creates an organisational setting in which individual 

practitioner judgment retains greater interpretive authority over how AI tool outputs are used. 

 

Second, the study identifies a practitioner-driven governance innovation that does not appear 

in the existing literature: the use of AI tools specifically to interrupt human bias rather than as 

a potential source of bias. Two participants, IP7 and IP10, mask or anonymise candidate 

information before using AI to generate assessments, then use the algorithmic output 

strategically in conversations with hiring managers to challenge biased framings. This inverts 
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the dominant theoretical framing of AI as a fairness risk, and suggests that under certain 

sensemaking conditions, algorithmic tools can be actualised as fairness instruments. The 

finding has direct implications for how governance frameworks and practitioner training are 

designed. Rather than treating AI use as something to be constrained, training and guidance 

could acknowledge that experienced practitioners can deploy AI affordances in ways that 

actively support fairness. 

 

Third, the study contributes a structural reframing of the accountability gap identified in the 

theoretical and regulatory literature (Bogen & Rieke, 2018; Pasquale, 2015; Mittelstadt, 

2019). Existing accounts treat the gap primarily as a problem of practitioner awareness or 

capacity. The present findings show that the gap is also a product of the SME vendor 

relationship: practitioners delegate compliance responsibility to vendor certification, not 

because they are negligent, but because the vendor relationship is structurally positioned as 

the locus of compliance assurance. This reframing has direct policy implications. Closing the 

accountability gap will require attention not only to deployer education but to the architecture 

of vendor disclosure, audit access, and the contractual relationship through which SMEs 

acquire AI tools. 

 

The integration of sensemaking and affordance theory, with the socio-technical perspective as 

backdrop, proved analytically generative. Sensemaking accounted for how practitioners 

constructed meaning around fairness and responsibility. Affordance theory explained why 

similar interpretations produced different behaviours depending on what the tool made 

possible. The socio-technical perspective is situated within both the organisational and 

regulatory context that bound what was feasible. The chain from context, through 

interpretation, to affordance actualisation, to fairness outcome, is traced clearly through the 

empirical material, and the framework should travel productively to other settings in which 

AI tools are deployed within organisations that lack formal governance infrastructure. 
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7.3 Practical Implications  
The findings of this study have direct implications for three groups of actors: practitioners 

working in Swedish SMEs, vendors of AI-based hiring tools, and policymakers responsible 

for implementing the EU AI Act. 

 

For practitioners, the study suggests that the human-centred fairness frameworks already in 

place across the sample are largely consistent with the spirit of the EU AI Act's human 

oversight obligations. Practitioners who maintain combined assessment practices, who 

actualise the override affordance routinely, and who treat AI outputs as inputs rather than 

verdicts are already operating in ways that align with Article 14's requirements. However, the 

regulation also requires technical documentation, bias monitoring, and transparency 

obligations that practitioners largely do not engage with directly. The practical implication is 

that SME practitioners may not need to overhaul their fairness practice. Still, they will need 

to develop a clearer understanding of the specific deployer obligations that attach to their use 

of AI tools, particularly where their vendors do not communicate these obligations 

proactively. 

 

For vendors of AI-based hiring tools, the findings reveal that onboarding quality, 

score-explanation features, and ongoing user support are not merely commercial 

considerations but rather governance variables. Practitioners who do not know that a feature 

exists cannot actualise it. Practitioners who do not understand how a score is generated 

cannot meaningfully oversee its use. The reliance of IP6 and others on vendor chat support as 

the principal reference resource indicates that vendors are already functioning as an informal 

governance infrastructure for SME deployers, whether they intend to or not. Vendors that 

take this role seriously, by designing accessible explanations, providing structured 

onboarding, and communicating regulatory obligations clearly, will be supporting the 

compliance position of the SME population they serve. 

 

For policymakers, the study identifies a specific structural risk: the current implementation 

framework for the EU AI Act may not adequately address it. The vendor-delegation pattern 

documented here means that SME deployers are entering the August 2026 enforcement 

window with a sensemaking framework in which they believe the vendor is handling 

compliance. Without active intervention, this gap is unlikely to close. Policy responses could 
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include vendor disclosure requirements that make deployer obligations explicit at the point of 

tool acquisition, SME-specific guidance from supervisory authorities that translates the 

regulation into operational language for practitioners without legal expertise, and sectoral 

training initiatives that build the interpretive capacity required for meaningful human 

oversight. The IP6 case, in which sensemaking around the regulation appeared to begin 

during the research encounter itself, suggests that practitioners are receptive to engagement 

on these issues once the regulation is brought to their attention. The window between now 

and August 2026 represents an opportunity for proactive engagement that should not be 

allowed to close passively. 

 

7.4 Societal and Ethical Consequences  
The findings of this study carry consequences that extend beyond the immediate practitioners 

and organisations interviewed. They concern the candidates whose access to employment 

depends on how AI tools are deployed, the structural composition of the Swedish labour 

market, the wider European policy environment in which the EU AI Act is being 

implemented, and the future shape of the recruitment profession itself. This section examines 

each of these consequences in turn. 

 

The most direct consequence concerns candidates who are subject to AI-based screening 

without their knowledge or meaningful recourse. Across the dataset, only a minority of 

participants describe returning score explanations to candidates in a form that would allow 

the candidate to understand or contest the basis of an algorithmic decision. IP9, who is 

formally certified in their assessment tool, returns detailed score explanations to candidates 

and treats this transparency as part of the candidate experience. IP1 and IP6 review 

explanations internally, although they do not consistently return them to candidates. The 

remaining participants either do not engage with score explanation features or have observed 

that the tools they use do not provide them in a usable form. IP12 identified this absence as a 

structural feature of the test-vendor market itself, noting that test companies deliberately limit 

the information they provide to reduce their exposure to accountability. The interactional 

justice dimension that Gilliland (1993) identifies as central to perceived fairness is 

consistently underdeveloped, even in organisations that otherwise maintain strong 

human-centred practices. IP12's observation that millions of candidates receive only generic 

rejection messages and never learn why their applications were unsuccessful captures a 
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structural feature of contemporary recruitment that AI-based tools intensify rather than 

alleviate. The candidate experience of algorithmic rejection, without explanation and without 

appeal, has implications for trust in employer institutions and for the democratic legitimacy 

of the allocation of access to employment. As AI screening becomes more prevalent, this 

experience will become more common, not less. The fairness question is not only whether 

algorithms make accurate decisions but also whether the candidates affected by those 

decisions are treated with the procedural dignity that organisational justice scholarship has 

consistently identified as central to perceptions of fairness (Newman et al., 2020; Lavanchy et 

al., 2023). 

 

A second societal consequence concerns the structural risk that AI screening will 

systematically disadvantage candidates who do not conform to standard career profiles. 

Several participants identified this risk directly. IP7's distinction between A-candidates and 

B-candidates, where A-candidates fit the algorithm's pattern and B-candidates bring potential 

that does not surface through algorithmic screening, articulates the mechanism with 

precision. IP10's description of the non-linear startup professional, IP12's dark-horse 

candidate, and IP9's warning that excessive reliance on algorithmic screening risks producing 

a "monotonous" labour market all converge on the same concern. IP6's example of the 

now-employed candidate who had been flagged as a non-match by Teamtailor illustrates what 

is at stake at the individual level: had the screening output been treated as authoritative rather 

than advisory, that candidate would not be working. The same logic applies at the population 

scale. If algorithmic screening becomes the dominant mode of pre-selection and the override 

affordance falls into disuse, as it has in the IP5 case, the labour market risks becoming 

progressively more homogeneous. Candidates with non-linear career backgrounds, from 

underrepresented groups, or outside the cultural and educational templates encoded in 

training data would be filtered out at the pre-selection stage before any human reviewer ever 

encountered their application. This is the proxy discrimination mechanism described in 

section 2.2 operating at scale: career path linearity, language fluency conventions, 

employment gap patterns, and educational credentials all function as proxies for cultural fit 

with the algorithm's training distribution, and candidates whose careers deviate from that 

distribution are systematically disadvantaged. The fairness risk is not the algorithm itself but 

the structural concentration of decision-making power in the hands of systems whose biases 

operate at scale and below the threshold of individual visibility. 
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A third consequence concerns the unequal distribution of AI governance capacity across 

organisational sizes. Large enterprises possess dedicated compliance teams, in-house data 

science capacity, and the institutional resources to interrogate vendor claims. SMEs, which 

constitute the majority of European employers, do not. The result is a regulatory environment 

in which the same obligations apply uniformly, but the practical capacity to discharge them 

does not. The EU AI Act is, in this respect, an example of a regulation whose effectiveness 

will depend heavily on whether the structural inequalities of governance capacity are 

addressed alongside the formal obligations. Without such attention, the regulation risks 

producing nominal compliance among the most resourced actors while leaving the larger 

population of SME deployers in a position of declared but operationally unfulfillable 

accountability. The capacity gaps documented in section 5.2.3, IP10's lack of time to review 

every AI decision, IP11's acknowledgement of limited technical knowledge, and IP6's 

reliance on vendor chat support in the absence of formal training are not individual 

deficiencies. They are the structural features of SME operation. Regulatory frameworks that 

do not account for these features will result in uneven enforcement, with the SME deployer 

population either falling out of compliance by chance or developing nominal documentation 

that satisfies formal requirements while failing to address the underlying governance 

problem. 

 

A fourth consequence concerns the future of the recruitment profession itself. IP7's 

observation that "my job will not exist for much longer" because AI is taking over the tasks 

for which external recruiters have historically been paid (sourcing, search, initial assessment) 

reflects a structural concern within the profession that this study's findings can address. The 

empirical material shows that the practitioners interviewed are not passive recipients of 

technological change. They are active interpreters who are shaping what AI-augmented 

recruitment looks like in practice, defending the role of human judgment in consequential 

decisions, and developing new practices, including the bias-interruption practice identified in 

section 5.3.2, that did not exist before AI tools became available. The recruitment profession 

is therefore not being eliminated by AI but transformed by it. The transformation, however, 

depends on practitioners retaining the interpretive authority to shape the tools' deployment. 

Where that authority is ceded, whether to vendor defaults, to managerial pressure for 

efficiency, or to a sensemaking framework that equates systematic process with fairness, as in 

the IP5 case, the value of the human practitioner is correspondingly reduced. The 

professional future of recruitment, in other words, is bound up with the same fairness 
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question that this study has examined. Recruiters who maintain the combined-assessment 

principle and the override affordance retain a distinctive professional contribution. Recruiters 

who do not are increasingly being replaced by algorithmic systems whose outputs they 

accept. 

 

Finally, the study has consequences for the orientation of AI ethics scholarship and practice. 

Much of the existing literature frames fairness as a property of the algorithm, a 

metric-selection problem, or a compliance checkbox. The present findings suggest that 

fairness is constructed through interpretive practice within organisational contexts, and that 

the most consequential fairness interventions are not technical adjustments to algorithms but 

the cultivation of sensemaking frameworks and affordance practices that preserve human 

judgment, candidate dignity, and structural openness to non-standard candidates. The 

implication is that AI ethics in practice is closer to an organisational and interpretive 

challenge than to a technical one, and that the appropriate response is to support the 

development of fair practices rather than simply specify them. The interpretive layer is not a 

residual factor that follows from technical and regulatory choices. It is the primary site at 

which fairness is constituted in the day-to-day reality of recruitment, and it deserves the same 

level of analytical and practical attention that has historically been directed toward the 

algorithm itself. 

 

7.5 Limitations and Future Research  
The findings of this study should be read with several limitations in mind. The sample, while 

theoretically diverse across roles, organisational sizes, and tool configurations, is limited to 

twelve participants drawn from the Swedish recruitment context. The findings are not 

statistically representative of Swedish SMEs as a population, nor are they intended to be. The 

contribution of qualitative research of this kind is analytical generalisation, the development 

and refinement of theoretical understanding through close engagement with concrete cases, 

rather than statistical generalisation across populations. 

 

One interview, IP6, was reconstructed from detailed contemporaneous notes following a 

recording failure. The substantive content was preserved and reported in paraphrased form 

throughout the empirical and analytical chapters, but no direct verbatim quotation was 
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possible from this interview. This limitation has been acknowledged transparently in the 

methodology and findings chapters. 

 

The reliance on self-report data through semi-structured interviews introduces the possibility 

of social desirability bias. Participants may have described their practices in ways that reflect 

favourably on themselves or their organisations, rather than fully capturing their actual 

behaviour. The interview design mitigated this risk by prioritising behavioural and indirect 

questions, but the limitation cannot be fully eliminated. Findings about practitioner 

sensemaking are robust insofar as they reflect what practitioners are willing to articulate 

about their work; they cannot capture what practitioners do without realising or what they 

would prefer not to discuss. 

 

The study captures a specific moment in time, immediately preceding the August 2026 

enforcement of the EU AI Act's deployer obligations. Practitioner sensemaking and 

governance practices are likely to evolve as regulatory pressure intensifies. The 

vendor-delegation pattern identified here may erode as deployers become aware of their own 

obligations. The IP6 case, in which sensemaking around the regulation appeared to begin 

during the research interview itself, suggests that this evolution is already underway in some 

organisations. A longitudinal study spanning the implementation window would capture this 

evolution directly. 

 

Finally, the study is bounded geographically to Sweden and culturally to a specific national 

context characterised by high institutional trust, flat hierarchies, and consensus-based 

decision-making. The dynamics identified here may not transfer directly to other European 

contexts with different cultural defaults around authority, regulatory engagement, and 

institutional accountability. The EU AI Act applies uniformly across all member states, but 

deployers' interpretive practices will likely vary substantially across national contexts. 

 

Three directions for future research follow from these limitations and from the findings 

themselves. 

 

First, a longitudinal investigation of how sensemaking frameworks and governance practices 

change as the EU AI Act's deployer obligations become enforceable would provide insight 

into whether regulatory pressure shifts practitioner behaviour in the ways the legislation 
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intends. The IP6 case suggests that the period immediately following August 2026 will be a 

particularly rich window for studying this shift. A panel study following a sample of 

practitioners across the enforcement transition would identify which practices change, which 

remain stable, and under what conditions regulatory pressure translates into operational 

practice. 

 

Second, research that includes the vendor perspective would illuminate the other half of the 

accountability relationship, which this study can observe only from the deployer side. How 

AI hiring tool companies communicate fairness obligations, design their score explanation 

and override affordances, and understand their own compliance responsibilities are critical 

questions that the present study cannot answer. A complementary study based on vendor 

interviews, combined with content analysis of vendor documentation, onboarding materials, 

and product interfaces, would complete the analytical picture of the deployer-vendor 

relationship, which this thesis describes only from one side. 

 

Third, comparative research across EU member states would enable assessment of whether 

the patterns identified here are specific to the Swedish context or reflect broader dynamics of 

SME AI governance across the single market. The combination of national regulatory 

uniformity under the EU AI Act and cross-national variation in cultural, organisational, and 

labour market context provides a natural setting for comparative work. Studies in member 

states with different governance traditions, including those with more adversarial regulatory 

environments or more developed labour-market protections, would help establish the 

boundaries of the patterns documented here. 

 

The broader research agenda these findings support is one in which AI fairness scholarship 

attends seriously to the organisational and interpretive practices through which fairness is 

actually constructed in deployment contexts. Algorithm-centred and metric-centred 

approaches to fairness have generated substantial theoretical insight. Still, they cannot 

account for what happens when tools are placed in the hands of practitioners working within 

particular organisational and regulatory environments. The present study has demonstrated 

that the interpretive layer is not a residual factor but a primary determinant of fairness 

outcomes. The opportunity now is to develop research programmes that take this layer 

seriously across a wider range of contexts, sectors, and AI applications. 
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9. Appendix 
Appendix 1: Survey Preface Text & Survey Questions 

Survey Preface Text 

 

Hello! 

 

Our names are Felix Jeppsson and Vendela Johansson, and we are studying Digital Business 

at Jönköping International Business School. We are currently writing our master’s thesis, in 

which we investigate how Swedish companies use AI-based hiring tools in practice, such as 

tools for CV screening or candidate ranking, and how people working in recruitment relate to 

questions of fairness in that process. 

 

The interview will take approximately 30-45 minutes, and there are no right or wrong 

answers. We are genuinely interested in your experiences and in understanding what the 

process looks like in your everyday work. 

 

Before we begin, there are a few things we would like to inform you about:​

Participation is completely voluntary, and you may withdraw at any time without having to 

explain why. Everything you share with us will be anonymised, meaning neither your name 

nor your employer will be mentioned in the thesis. The interview will be recorded and 

transcribed to enable accurate analysis, but the recording will be accessed only by the two of 

us and will be deleted once the thesis is completed. We comply with GDPR regulations, and 

you have the right to request deletion of your data at any time. 

 

Is it okay with you if we record the interview? 

 

Interview Questions 

Introduction and Context Setting 

-​ Could you start by telling us a little about your role and what the recruitment process 

usually looks like in your organisation? 

-​ Can you describe what a typical recruitment process looks like today, from the 

moment an application is received until someone is invited for an interview? 
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Area 1: How Fairness is Understood 

-​ When you think about whether your recruitment process works well, what does 

“working well” mean to you? 

-​ Has there ever been a situation where you looked at the tool’s results and felt that 

something did not seem right? If so, what happened? 

-​ If a candidate who was ranked low by the tool later turned out to be an excellent hire 

through another channel, how would you reflect on that? 

 

Area 2: Who is Responsible for Fairness 

-​ When you chose this tool, what did the vendor tell you about how it works, and how 

much of that information were you actually able to verify? 

-​ If it turned out that the tool systematically ranked a certain group of candidates lower, 

for example, women or people from a certain background, whose responsibility would 

it be to detect that, and how would that work in practice? 

-​ The EU AI Act will introduce specific requirements for companies using AI in 

recruitment from August 2026. How do you think about that from a practical 

perspective? 

 

Area 3: What They Actually Do with the Tool 

-​ Can you describe the most recent time you used the tool to screen candidates for a 

specific position? What did you actually do, step by step? 

-​ When the tool gives a candidate a low score, what happens then? Is there any process 

for reviewing that decision, or does a low score in practice mean that the application 

process ends there? 

-​ Have you ever overridden the tool’s ranking, for example, by promoting a low-ranked 

candidate or removing a highly ranked one? If so, what led to that decision? 

-​ Does the tool explain why a candidate received a certain score, and if so, do you 

actually look at those explanations? 

 

Closing 

-​ If a colleague at another company asked you for advice before implementing an 

AI-based hiring tool, what would you tell them to watch out for? 
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Appendix 2: Interview Participants 

Table 1: Overview of interview participants, containing the participants' role, the industry they work 

in, their most used AI tools and the duration of the interview. Categories for AI tools:  

Integrated applicant tracking systems with embedded AI features: Teamtailor, Talentech 

Standalone psychometric assessment platforms: Alva Labs, Jobmatch Talent, and proprietary 

in-house platforms.  

Generic generative AI tools (used for CV summarisation and drafting candidate communications): 

ChatGPT, Claude, LinkedIn AI, Microsoft Copilot.  

Swedish recruitment-focused AI platform: Ponty.  

AI-assisted CV review feature within an applicant tracking system: CV Copilot 

Code Role Key AI Tools Used Industry of Business Duration 

IP1 Recruiting 

consultant 

CV Copilot, Alva Labs, Claude IT & tech 50 min 

IP2 Project 

assistant 

Talentech, Copilot for writing HR Consultancy 60 min 

IP3 Assessment 

consultant 

Own test platform Talent assessment 55 min 

IP4 Chief 

Product 

Officer 

Own test platform Talent assessment 45 min 

IP5 People 

Business 

Partner 

Alva Labs Customer service 45 min 

IP6 Talent 

Acquisition 

Teamtailor, Alva Labs HR Consultancy 45 min 

IP7 Talent 

Acquisition 

Teamtailor Copilot, ChatGPT, 

LinkedIn AI 

HR Consultancy 70 min 

IP8 Founder, 

interim/ 

Ponty, a new AI tool, LinkedIn Interim Management 55 min 
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recruitment 

IP9 Freelance 

recruiter, 

security 

Jobmatch Talent HR Consultancy 45 min 

IP10 Recruitment 

consultant 

Multiple ATS, ChatGPT, Claude HR Consultancy  55 min 

IP11 Talent 

Acquisition 

Partner 

Teamtailor, ChatGPT Enterprise, 

LinkedIn 

Production 45 min 

IP12 Former 

CEO of a 

recruitment 

firm 

LinkedIn, various HR Consultancy 50 min 
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Appendix 3: Coding Structure 

A complete coding structure demonstrating first-order codes, second-order themes and 

aggregated dimensions collected through the interview data.    

 

Figure 3: Coding structure: Sensemaking: how practitioners locate responsibility 
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Figure 4: Coding structure: Sensemaking: how practitioners define fairness 
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Figure 5: Coding structure: Affordance actualisation: tool features used and ignored 
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Figure 6: Coding structure: Organisational context 
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Appendix 4: Declaration of AI (Artificial Intelligence) 

 

DECLARATION 
We hereby declare that this thesis represents our own work. 

 

We declare that we have obtained the necessary ethical approval (e.g., GDPR) and 

acknowledged my/our obligations and the rights of the participants/respondents in the 

research. 

 

We have read and applied Jönköping University's current research ethics guidelines with 

regard to the use of an artificial intelligence (AI) tool in this work, as presented in the Course 

Guide. During the preparation of this work, the author(s) used the following AI tools and the 

purpose for their use: 

 

Claude (Anthropic) and Microsoft Copilot were used to improve the structure, language, and 

readability of written sections, suggest phrasing and academic formulations, support literature 

searches by recommending search terms and databases, and provide feedback on clarity and 

argumentation. These tools were not used to generate scientific insights, theoretical 

arguments, empirical conclusions, or recommendations. All literature was independently 

identified, read, evaluated, and cited by the authors. 

 

Microsoft Teams was used to conduct and automatically transcribe the semi-structured 

interviews. Transcriptions were reviewed against the original recordings and the authors' 

contemporaneous notes to ensure accuracy.  

 

Grammarly was used to support grammar, spelling, and language clarity. It was not used to 

generate ideas, arguments, or content. 

 

As authors, we have reviewed and edited the content as needed and take full responsibility for 

the thesis. 
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Signature: Felix Jeppsson 

 

Date: 2026-05-24 

 

Signature: Vendela Johansson 

 

Date: 2026-05-24 
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Appendix 5: GDPR Application 

 

 

 

Please note that this form can only be used if sensitive data is not processed in the thesis 

and if consent has been given by the study participants 

 

Date: 2026-05-14 

 

Application for processing of personal data in thesis work (GDPR) 

 

Course code: JMBV27 

Supervisor name: Ryan Michael Rumble 

Student name: Felix Jeppsson ​ ​ ​ E-mail: jefe21pf@student.ju.se  

Student name: Vendela Johansson ​ ​ ​ E-mail: jove20ee@student.ju.se  

 

Application details 

We are collecting personal data as part of our master's thesis, looking into how HR 

professionals and managers in Swedish SMEs interpret fairness when using AI-based hiring 

tools, and how those interpretations shape their oversight practices. We collect the data 

through semi-structured interviews done over video calls (Microsoft Teams), and we only use 

it for academic research. 

 

Which categories of personal data which will be processed? 

This is for HR professionals, managers, founders, and recruitment specialists working at 

micro, small, and medium-sized Swedish companies (ones with 5-249 employees). 

 

Which kind of personal data will be collected? 

Name, job title, employer/company name, and email address for contact purposes. Audio 
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recordings and transcripts of interviews will also be collected. 

 

How will the personal data be safely stored? 

Personal data will be stored securely on the researchers' personal computers in 

password-protected files. Access to raw data is restricted solely to Felix Jeppsson and 

Vendela Johansson. Audio recordings will be stored temporarily until transcription is 

complete, after which they will be deleted. All remaining personal data will be permanently 

deleted upon completion and submission of the thesis. 

 

Specify if the personal data will be transferred to a third party, that is, other than JIBS.  

If yes, please  

No. Personal data will not be transferred to any third party. All identifying information,  

including participant names and company names, will be anonymised in the final thesis prior 

to publication.  

 

By signing the form, the supervisor certifies that the design of the thesis meets the  

requirements of the Data Protection Regulation. This includes that informed consent will be  

obtained and that sensitive personal data will  

not be processed.  

 

By signing the form, the student certifies that the implementation of the thesis work will  

follow the approved framework and Jönköping International Business School’s instructions.  

The student further certifies that the personal data will be deleted when the thesis work has  

been completed. 
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