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Abstract 

 
In recent years, the use of Artificial Intelligence (AI) has increased across numerous 

sectors. In recruitment, this shift has transformed the landscape, shaped its practices and 

introduced new opportunities and challenges. AI can assist HR professionals in their 

recruitment process by streamlining efficiency and enhancing hiring processes. However, 

increased use of AI in recruitment can create challenges to be dealt with by human 

employees, including the need for oversight, regulation, and bias mitigation. These 

challenges become especially prevalent in the public sector due to bureaucratic 

constraints, political influences, and multiple stakeholders creating barriers that make 

structural and technological advancements difficult to implement. Consequently, this 

leaves HR professionals to navigate the new recruitment environment. 

 

While existing literature primarily focuses on the private sector or the broader global 

context, limited research exists on how HR professionals in the Swedish public sector 

perceive the integration of AI in the recruitment process. Therefore, the primary research 

purpose of this study was to explore and understand HR professionals’ trust in AI-driven 

recruitment in the Swedish Public sector. Furthermore, we sought to explore what specific 

factors converge to foster, shape, and influence HR professionals’ trust in AI, and if they 

lead to observable outcomes. This purpose was addressed through a qualitative and 

exploratory research design, collecting data through semi-structured interviews with HR 

professionals from two public sector organizations in Sweden.  

 

The empirical findings showed that HR professionals’ trust in AI-driven recruitment is 

not a linear process with a final step. Rather, it is a complex phenomenon with interaction 

between various factors. The results present trust as a continuous, evolving process, 

shaped by a feedback loop of experience and reflection. A conceptual framework was 

produced to present the results and illustrate how contextual factors shape HR 

professionals’ trust with influence from individual mediators, leading to a set of 

observable outcomes. Overarching systemic pressures that guide the process throughout 

were identified as dynamic tensions. Various barriers to trust and successful AI 

implementation were identified, including an existing knowledge gap, insufficient 

training, and a lack of system integration. Additionally, one’s individual propensity to 

trust in technology was a driving force behind trust in AI. The conclusions drawn from 

our research contribute to the ongoing theoretical, practical, social, and ethical debate. 

The findings offer insights into the topic of trust in AI-driven recruitment and further the 

existing literature and models on trust. Our conceptual framework can be used as a 

practical tool by various stakeholders, including HR professionals, managers, and 

organizations to better understand the factors that shape trust in AI-driven recruitment.  

 

Keywords: Human Resource Management, Recruitment, Artificial Intelligence, 

Artificial Intelligence in Recruitment, Automation, Public Sector, Resistance to Change, 

Trust 
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Key Concepts 

Artificial Intelligence: Process realized by artificial intelligence typically requiring 

human intelligence (Geetha & Reddy, 2018, pp. 64-65). Coined by computer scientist and 

co-founder of the discipline of artificial intelligence John McCarthy in 1956, AI is the 

making of intelligent machines and computer programs able to learn, adapt, identify, and 

correct (McCarthy, 2007, pp. 2-13). 

 

Artificial Intelligence in Recruitment: AI systems able to perform tasks in human 

resource management, including candidate screening, performance evaluations, facial 

and voice analysis during candidate interviews, training, and development (Mariani & 

Lozada, 2023, p. 1). 

 

Human Resource Management: Defined as a strategic and coordinated approach to 

managing the employment, development and the overall well-being of the individuals 

within an organization. Covers activities such as human capital management, corporate 

social responsibility, recruitment and selection (Armstrong 2014, pp. 4-5).  

 

Public Sector Organizations: An entity that is owned and operated by the government 

and exists to provide services to citizens and benefits all of society (IGI Global n.d). 

Public sector organizations function under complex bureaucratic structures and political 

influences, embedded in institutional contexts that influence decision-making and 

learning processes (Robertson & Seneviratne, 1995, p. 548). 

 

Recruitment: Defined as activities and practices undertaken by an organization with the 

primary focus of attracting and identifying potential employees. Recruitment is an 

important aspect of effective HRM since it draws an important resource into the 

organization: human capital (Barber, 1998, pp. 1-5). 

 

Resistance to Change: An attitude or behavior of an individual that arises in opposition 

to change and can frustrate the purpose of change goals (Damawan & Azizah, 2020, p. 

49). 

 

Trust: Can be defined as a willingness to take risks. To take such risks, what  

one party entrusts to another must be of importance to them, thereby making them  

vulnerable. This willingness needs to occur without the need to monitor or control the  

other party (Mayer et al., 1995). 

 

Trust in Automation: Refers to the belief that an automated system will help achieve  

one’s goals in situations where uncertainty exists, without the need for constant  

monitoring or control. When trust is too high it can lead to misuse of the system, while  

when trust is too low it can lead to disuse of the system (Lee & See, 2004). 
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1. Introduction 

This chapter aims to give an overall understanding of the problem background, outlining 

the relevance and significance of the chosen topic. Furthermore, it will introduce the 

identified research gap, research purpose, and research question, and finally discuss 

research delimitations.  

 

1.1 Problem Background 

 

1.1.1 Historical Relevance of Human Resource Management  

Understanding the historical development of human resource management is critical to 

understand its current role in organizations. Most research connects the origins of HRM 

to the industrial revolution in the 1800s, but HRM can be traced back long before this. In 

ancient times, humans already showed signs of labor division. Tasks were divided based 

on skills such as gathering resources or hunting. However, the major contribution to its 

development came during the industrial revolution (Goswami, 2018, p. 129). HRM has 

evolved significantly over the past century, transitioning from earlier terms like welfare, 

labor management and personnel management, to what became recognized as Human 

Resource Management in the 1980s. The term HRM was introduced by US academics 

Charles Fombrun, Michael Beer and their colleagues, and though initially met with 

criticism it later gained acceptance. HRM was accepted as a more holistic view of the 

traditional personnel management and shifted the focus toward viewing people as assets 

rather than variable costs (Armstrong, 2014, p. 4).  

 

During recent years, HR departments have come to play a major role in training, staffing 

and assisting in the managing of people. This is so employees and the organization 

themselves are performing at maximum capability. In a global business perspective, 

HRM has replaced more traditional management practices (Goswami, 2018, p. 129). 

Additionally, the increased competitive pressure in today's business world makes it 

critical to adopt successful human resource practices. Specifically, the process of 

attracting, selecting, and recruiting talent is vital for organizational success. Delery and 

Shaw (2001, p. 175) argue that organizational performance is linked to three different 

employee characteristics: empowerment, motivation and ability. Furthermore, the process 

of recruitment and selection can help retain ability and motivation within an organization. 

With the changing global climate, organizations can no longer solely rely on the 

effectiveness of selling a service or product. Instead, to achieve continued success, 

organizations are dependent on attracting individuals who possess the ability to respond 

to this changing climate. It is crucial for organizations to retain individuals who are an 

asset to the firm rather than a liability. Who an organization views as an asset depends on 

their individual requirements (Bach, 2009 p. 115). 

 

1.1.2 Organizational Change and Technological Acceptance in the Public 

Sector 

The public sector is often perceived as somewhat inert when it comes to organizational 

change, especially compared to the private sector, where profit-driven incentives 

accelerate transformation. Bureaucratic constraints, political influences, and multiple 
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stakeholders create barriers that make structural and technological advancements more 

difficult to implement (Robertson & Seneviratne, 1995, pp. 548-549). This resistance to 

change becomes particularly relevant in the context of HR, where professionals in public 

institutions may struggle with the adoption of new technologies due to regulatory 

challenges and deep-rooted workplace norms (Malik et al., 2021, p. 658). 

 

The Covid-19 pandemic disproportionately impacted public sector organizations, which 

further highlighted the public sector’s challenges in adapting to change. Employees faced 

uncertainties such as shifting roles, loss of autonomy, and concerns over job security, all 

of which disrupted organizational routines, which is argued to amplify resistance (Malik 

et al., 2021, pp. 658-659). While research suggests that proper training, leadership 

support, and effective communication can mitigate resistance, integrating technological 

advancements into public sector HR processes remains a relatively new process that 

requires careful consideration. Understanding the underlying causes of this resistance is 

crucial for ensuring smooth and effective AI implementation in hiring practices (Malik et 

al., 2021, p. 661). 

 

1.1.3 The Technological Shift and the Rise of AI in the Fourth Industrial 

Revolution 

During the 21st century there have been major advancements linked to the rapid growth 

of technology. Klaus Schwab, the founder and chairman of the World Economic Forum, 

coined the term fourth industrial revolution to describe these advancements. It is 

described as more than just technology-driven developments and more as a power-

disruptive type of innovation that will impact core sectors in different ways (Xu et al., 

2018, pp. 90-91).  

 

In 2011, the shift towards the fourth industrial revolution began. With it came rapid 

technological advancements and digitalization at a previously unprecedented rate. Its 

effects were further amplified by the Covid-19 pandemic, particularly its aftermath. 

Organizations and their labor forces were not exempt from the transformation that ensued. 

Automation crept its way into every corner of organizational culture and became a tool 

used daily in organizations around the world. Almost overnight, virtual workspaces 

became the new offices. Remote work, telework, and autonomous responsibilities 

skyrocketed, and collaboration with machines grew commonplace (Mariani & Lozada, 

2023, pp. 1-2). With this, tasks previously operated by human intelligence could be 

replaced with artificial intelligence, wherein machines or software perform functions 

alongside humans, or in their place (Geetha & Reddy, 2018, p. 65).  

 

Artificial Intelligence became the frontrunner of the wide array of technological 

advances. AI refers to the development of computer systems that can perform tasks 

typically requiring human intelligence, such as problem-solving, pattern recognition, and 

decision-making (Mariani & Lozada, 2023, pp. 1-4). 

 

The use of AI aims to improve or increase efficiency in development, production or the 

trade of goods and services. These kinds of developments often revolve around 

automation within operations. AI is rapidly enabling the development of radically 

transformed business models to address various needs. There is strong evidence for rapid 

digitalization in general, and specifically the increasing usage of AI will transform society 

and businesses within most sectors (Vinnova, 2018, p. 33). 
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Most AI is programmed to operate on algorithms. Algorithms are, simply put, the 

instructions the AI follows to perform a certain function. Algorithms can drive machine 

learning or facilitate the completion of repetitive tasks. Additionally, algorithms can be 

used in predictive behavior (Wisskirchen et al., 2017, p. 11). Algorithmic decision-

making systems (ADMS) are increasingly being adopted by firms in recruitment 

processes. These systems rely on historical data to make predictions about candidates and 

are trained on previous application data, such as qualifications or years of experience 

(Wisskirchen et al., 2017, pp. 11-12).  

 

1.1.4 AI Integration in the Swedish Context 

Sweden is one of the leading countries when it comes to the use of digital technologies. 

This has been a significant driver for Sweden’s economic performance in recent years. 

More specifically, OECD (2018, p. 13) states that “The economy has the highest share of 

value added produced by the information and communication technologies (ICTs) sector 

among OECD countries and is among the top ten exporters of ICT services worldwide”. 

By analyzing the timeline from 2016 to 2035, predictions showed that the economic 

growth potential for Sweden could double with the implementation of AI, as opposed to 

without AI implementation (Vinnova, 2018, p. 34). Sweden is projected to have a 

significant growth potential for AI-developing companies compared to other countries 

(Vinnova, 2018, p. 39). 

 

Sweden has a strong technical starting point, and automation is already high in various 

sectors. The Swedish infrastructure for data traffic is well prepared for AI 

implementation, which is an essential baseline for its adoption. A significant identified 

weakness with AI in Sweden is that standards are lacking. With industry standards for 

information being absent it can cause a major bottleneck for its development. 

Additionally, there is a lack of knowledge surrounding AI, which decreases companies’ 

initiatives to implement it. The competence around AI needs to increase for Sweden to 

remain globally competitive. Furthermore, there is a lack of policy and regulation around 

AI which can cause potential ethical and transparency risks which hinder the development 

of trust in AI (Vinnova, 2018, pp. 51-58).  

 

What most defines a country as successful in AI-development is the formulation of 

national goals and strategies. Sweden today does not have a national strategy for AI. The 

government digitalization strategy from 2017 mentions AI and in what areas it could 

benefit. However, SKLs strategy for e-society does not mention AI. Sweden has a history 

of relatively high levels of delegation and shared decision-making that has usually worked 

well. However, since AI is developing rapidly, Sweden might need to consider if this 

approach aligns with the high demands (Vinnova, 2018, p. 65). Additionally, in Sweden, 

the way policies are designed leads to stable relationships among key actors and there is 

a high reliance on informal discussions to resolve implementation problems (Elmore, 

1986 p. 212). This may put in questions if Sweden’s slow decision-making process and 

decentralized policy system will be able to keep up with the fast-moving demands. 

 

1.1.5 AI in the Swedish Public Sector 

In their study, Berman et al. (2024) explore the use of AI in the Swedish Public 

Employment Service, specifically when it comes to decision-making. Their findings 
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show that despite Sweden being extremely advanced when it comes to AI, there is a gap 

between ambitions and actual application outcomes. Despite AI promising greater 

efficiency connected to decision-making, in practice issues arise around transparency, 

interpretability and stakeholder engagement. This is mainly due to the systems not being 

transparent and the lack of technical understanding among Public Service Employment 

management. In some cases, the economic pressure to achieve efficiency might take away 

from ethical aspects and stakeholder engagement.  

 

Vinnova (2018, pp. 59-67) sent out a survey to 560 respondents including government 

agencies, municipalities, and county regions to gain an understanding of AI within the 

Swedish public sector. Overall, there is a positive view of AI and its benefits to the public 

sector. 60% of the respondents believe that AI could fairly or very significantly benefit 

their operations in terms of quality and efficiency. Additionally, many of the respondents 

also believe that their work environment would benefit from it. For Sweden to adopt AI 

practices, incentives and guidance from leadership is an important factor. Of the 

respondents who have a strategy and plan to implement AI, 13 out of 19 respondents said 

directives from management are the reason for the initiated work. In contrast, many 

respondents addressed that AI is not being discussed and therefore lacks a grasp on the 

topic. In the study, municipalities address that their lack of knowledge and lack of time 

is the biggest hindrance for its implementation. Some respondents disclosed that they 

know nothing about AI and that AI seemed vague. Despite this, 80% of all municipalities 

believe that AI would benefit their practices in terms of effectiveness, quality, and service. 

In the public sector, the governance situation is complex due to local self-government. 

However, the study shows a high willingness to collaborate and find joint solutions. 

Despite that, this step might seem overwhelming for organizations, decreasing progress. 

 

Furthermore, the study shows that the strategic work with AI within the public sector is 

significantly limited, with only 5% of the respondents saying they have adopted a plan or 

strategy for the work. However, 10% of respondents have already started working with 

AI to some degree. Most work done in the public sector is connected to pilot projects 

instead of actual implementations. A majority, however, disclose that they have no plans 

to engage in projects revolving AI (Vinnova, 2018, p. 65). Several respondents disclosed 

that they have other more basic digitalization projects they need to deal with before 

considering AI (Vinnova, 2018, p. 67). The Swedish public sector is a small market for 

digitalized tools and systems. Therefore, the willingness to invest decreases, especially in 

the municipal sector where there is a limited willingness to pay. This have resulted in an 

underinvestment in IT in the public sector. Moreover, the existing systems are quite 

custom-built to meet specific criteria of the organization. These systems are old, and its 

providers have almost complete monopoly in their area (Vinnova, 2018, p. 69).  

 

1.1.6 AI in Recruitment 

The introduction of artificial intelligence in the recruitment process arose as one of the 

most prominent trends in 2018 (Upadhyay & Khandelwal, 2018, p. 255). By mid-April 

of 2020, 86% of organizations were incorporating new virtual technology in their 

recruitment process (Drage & Mackereth, 2022, p. 1). A 2020 study of 500 mid-sized 

organizations from different industries and countries found that 24% of organizations 

already implemented new automation or AI in their recruitment, and another 56% 

intended to do so in the coming year (Sage People, 2020, p. 16). AI adoption in 

recruitment post Covid-19 continues to surge. Research shows that it can increase 
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efficiency, eliminate labor costs, and decrease downtime (Mariani & Lozada, 2023, p. 1). 

The collaboration between humans and the machine is not uniform; digital systems can 

collaborate with human labor, or they can replace the labor and even its employer. One 

of the areas primarily facing an undeniable increase in automation is human resource 

management. This sees a significant change in an environment previously reliant on 

interpersonal relationships between human parties. With human competences being 

digitally captured, AI can assist HRM in several areas, most notably in the recruitment 

process (Abu Orabi et al., 2024, pp. 846-847).  

 

AI is rapidly transforming HRM and recruitment, taking on tasks that were once time-

consuming and resource heavy. One of its most common applications is advertising job 

openings and matching potential candidates with suitable roles. Beyond that, AI plays a 

crucial role in screening large volumes of applicants, filtering out the most promising 

candidates based on experience, skills, and personality traits (Abu Orabi et al., 2024, pp. 

846-847). In an era of high-volume hiring, AI significantly lightens the administrative 

workload for recruiters. Tasks like scanning thousands of resumes, identifying keywords, 

and ranking candidates based on suitability become seamless. This automation allows HR 

professionals to focus on strategic decision-making rather than getting bogged down in 

repetitive processes (Upadhyay & Khandelwal, 2018, p. 256). 

 

AI does not just speed up recruitment, it reshapes it. AI-powered tools can communicate 

with candidates, send acceptance or rejection notices, provide personalized feedback, and 

even match applicants to alternative roles if they are not the right fit for a given position 

(Upadhyay & Khandelwal, 2018, pp. 256-257). AI is also used in performance 

evaluations, facial and voice analysis, employee training, and professional development 

(Mariani & Lozada, 2023, p.1). Beyond hiring, AI enhances the quality of talent 

acquisition, ensuring that organizations find the best-fit candidates efficiently (Geetha & 

Reddy, 2018, p. 68). Though AI serves as a powerful tool for making more informed, 

data-driven hiring decisions, it should be understood as augmenting rather than replacing 

humans in decision-making processes (Jarrahi, 2018, p. 578). From an organizational 

perspective, AI-driven recruitment is an attractive investment. It is cost-effective, requires 

no time off or vacation days, and operates without bias from external factors (Mahmoud 

et al., 2019, p. 4). 

 

Despite AI's ability to speed through tedious and monotonous functions, human 

recruitment professionals remain indispensable. Tasks such as rapport-building, cultural 

and personality fit assessments, final hiring decisions, and negotiation talks still require 

human involvement. As recruiters increasingly rely on AI assistance, it is crucial that they 

understand their mechanical counterpart (Upadhyay & Khandelwal, 2018, p.256).  

 

1.1.7 Challenges of AI use in HR  

HR professionals are at the forefront of a transformative shift in talent acquisition, where 

AI-driven recruitment technologies are reshaping traditional hiring processes. While AI 

offers groundbreaking efficiencies in candidate screening, predictive analytics, and 

decision-making, it simultaneously introduces concerns around transparency, bias, and 

accountability (Bornstein, 2018, pp. 521-530). One of the primary risks associated with 

the use of AI is AI bias. This phenomenon refers to algorithms inheriting human prejudice 

and biases, causing possible discrimination in data-driven decisions. Bias is a prejudice 

against certain people based on stereotypes. AI systems are programmed to avoid 
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exhibiting bias by ignoring predominant sources of bias such as names, names of 

educational institutions attended, gender, race, and age. In fact, there are AI-distribution 

companies (HireVue, Retorio, myInterview) who claim their AI-powered human 

resources assist in encouraging corporate diversity, equality, and inclusion goals (Drage 

& Mackereth, 2022, pp. 2-4). Despite the contextual relevance of this debate, there is not 

much academic literature investigating AI ethics. This is surprising considering the 

increasing implementation of AI tools in recruitment. With prevalence comes challenges. 

For instance, Amazon was previously developing an AI-driven recruitment software but 

stopped after discovering it identified proxy indicators for gender from the candidates 

resumes and consequently discriminated against female candidates (Dastin, 2018). 

Facebook’s algorithm has also been exposed for showing men and women different 

advertisements based on the field’s gender distribution (Hao, 2021) 

 

As AI algorithms increasingly influence hiring outcomes, HR professionals must navigate 

a complex landscape, ensuring that automated decisions remain explainable, ethical, and 

aligned with organizational and legal standards. Yanamala (2024, p. 15-20) highlight that 

without adequate human oversight, AI-powered recruitment can inadvertently reinforce 

systemic biases and lead to ethical and legal challenges. Striking the right balance 

between automation and human judgment is crucial; HR professionals must not only 

interpret and validate AI-generated insights but also advocate for fairness, inclusivity, 

and compliance in hiring practices. This evolving landscape demands a proactive 

approach wherein HR leaders must develop AI governance frameworks, establish 

accountability mechanisms, and foster a culture of responsible AI use to ensure that 

technological advancements enhance rather than undermine equitable recruitment. The 

rapid integration of AI in recruitment processes previously dominated by human labor 

leaves HR professionals to navigate a foreign environment that, though rife with 

opportunities, presents unprecedented challenges. Balancing and mitigating the two is not 

yet something AI is equipped to maneuver, making human HRM professionals the 

frontrunners of the ongoing digital transformation.  

 

1.2 Research Gap 

In prior literature, the adoption of AI-driven tools in HRM functions has been explored 

to different extents and in different contexts. As such, recommendations for future 

research have been outlined, some proving particularly relevant for our thesis.  

 

1.2.1 Gap 1: Limited insight into HR professionals’ perceptions of AI 

adoption in the recruitment process 

In their study on AI adoption among HR managers, Suseno et al. (2022) explore HR 

managers’ beliefs, AI anxiety, and change readiness by collecting data from 417 HR 

managers in China. Their findings conclude that HR managers’ personal views on AI 

adoption influences their change readiness, and that high-performance work systems can 

exacerbate the effects of AI anxiety. For future research, the authors recommend 

exploring the perceptions and beliefs of general employees, not just HR managers. 

Furthermore, future research can explore change readiness for AI adoption in different 

types of firms and different geographical contexts. The authors also recommend 

researching individual employees’ subjective and personal experiences with AI, and how 

this influences their own change readiness. Additionally, the use of different perspectives 

and theories is necessary in future research.  
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In their study, Arora and Mittal (2024) explore the change in perception that AI 

technology brings in different HR functions, and how this impacts adoption intention in 

HR professionals. The cross-sectional data from 264 HR professionals in Indian e-

commerce organizations found that perception of change notably impacts AI adoption in 

HR. The authors mention that literature on trust in AI is hitherto limited. For future 

research, the authors recommend longitudinal data on how employees feel about the use 

of AI in HR functions. Furthermore, future research can explore the dynamics of human 

employees’ emotions and challenges experienced when using AI and aim to identify the 

biggest barriers to HR AI adoption.  

 

1.2.2 Gap 2: The need for human oversight when adopting AI in HR 

In their study, Drage and Mackereth (2022) explore if AI-assisted recruitment can help 

reduce biases and make the process fairer. Their findings conclude that the notion of AI 

reducing bias in recruitment is misleading. Furthermore, the authors discuss the problem 

around HR professionals being overly excited by the potential of AI without possessing 

a basic understanding of its limitations. Rather than assuming AI will single handedly 

solve employee issues related to processing large applicant volumes, it is important that 

these systems are being critically monitored.  

 

Sandeep et al. (2025) examine in their study the influence of organizational resources on 

AI implementation in recruitment. Their findings show that HR skills and open 

innovation play a critical role in AI implementation, along with financial resources and 

IT infrastructure. These factors can help enable effective AI implementation which can 

lead to increased competitive advantage. In the study, the authors outline various 

recommendations for future research on this topic. One recommendation is the need to 

further research the lack of transparency in AI-driven recruitment since it can decrease 

managerial trust of the systems. Specifically, further exploration is needed of the role of 

human oversight and the trustworthiness in AI applications. Additionally, future studies 

should focus on the resistance to cultural change and the lack of training in HR 

professionals, to understand how these factors influence the adoption of AI. 

 

1.2.3 Gap 3: Expanding domain specific- and geographical contexts 

Hunkenschroer and Luetge (2022) explore 51 different articles in their literature review 

on the ethics behind AI-assisted recruitment. Their aim is to discuss various ethical 

opportunities and risks, additionally identify gaps in the previously conducted research. 

The authors mention how there are general guidelines and previous research done on the 

application of AI but criticizes the lack of domain-specific work. Additionally, there is a 

need to further investigate the perceived fairness of AI-assisted recruitment. Specifically, 

individuals' attitudes and perceptions need to be considered as AI rapidly becomes more 

deployed. Future research should explore the contextual and interactional factors that 

influence individuals' perceptions of AI. 

 

Berman et al. (2024) explore the adoption of AI in the Swedish Public Employment 

Service in their study, specifically related to its trustworthiness in decision-making. Their 

findings conclude that AI might promise increased efficiency related to decision-making, 

but creates issues with transparency, interpretability and stakeholder engagement. The 

authors mention how previous studies have predominantly been done in the United States. 
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The Swedish context is therefore an important new angle since Swedish transparency 

laws are stricter compared to the United States.  

 

1.2.4 Gap 4: Limited exploration of public sector organizations 

In their literature review, Madan and Ashok (2023) discuss AI adoption in the public 

sector and the underlined potential benefits and risks with its adoption. For future 

research, the authors recommend exploring a broader range of technologies and more 

diverse public sector contexts and developing the existing research on AI in public 

administration. Furthermore, the authors have created a future research agenda suggesting 

future recommendations for research. Some of the questions designed by the authors for 

future research are specifically catered to investigate AI adoption and AI implementation, 

found particularly relevant for this/our thesis. For instance, the authors raise questions 

like the effect of technology, organizational and environmental contextual constructions 

on AI adoption by the public sector. Additionally, how AI is managed in the public sector 

and its unique attributes.   

 

In their study, Di Vaio et al. (2020) investigate how data intelligence and analytics 

improve the decision-making process in the public sector through a biometric analysis of 

161 articles published between 2017-2021. The authors recommend future research to 

collect primary data from respondents in public sector organizations to investigate human 

AI, AI, and data intelligence applications and the primary challenges faced in the 

transition.  

 

1.2.5 Chosen research gap 

Based on the prior literature, we have identified several research gaps. There is a notable 

need for future research to explore the individual perceptions of HR professionals in AI 

adoption, and the challenges resulting from collaboration between AI systems and human 

employees. There is also a need to identify the influence of factors like management 

support, training and familiarity, and personal perceptions. Additionally, a need for more 

domain-specific research is required. Most previously conducted research has focused on 

the United States and Asia, and the unexplored Swedish context offers a unique 

perspective. There is also a need to further investigate the adoption of AI in HRM 

functions in the public sector, and the organizational factors that influence technological 

transitions in that context.  

 

1.3 Research Purpose 

The research purpose of this thesis is to gain a deeper insight into how HR professionals 

are navigating a new recruitment environment wherein AI tools have been increasingly 

integrated. Following this AI-driven shift, the recruitment landscape has undergone 

fundamental changes, facing both new opportunities and challenges. On the one hand, AI 

systems can assist HR professionals significantly in their recruitment process in a 

meaningful way. It can streamline efficiency, enhance hiring processes, and improve 

decision-making by completing administrative tasks, reduce downtime, and processing 

large volumes of data. However, on the other hand, it can create new challenges to be 

dealt with by their human counterparts, including need for oversight, regulation, bias 

mitigation. These considerations are felt particularly in the public sector, where the use 

of AI tools has increased, but still lags due to a lack of technological understanding and 
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needing to balance stakeholder engagement and ethical concerns with economic pressure 

and success. As the use of new tools in the recruitment process often requires the direct 

involvement of HR professionals, it indirectly becomes their role to manage and mitigate 

the recruitment practices to ensure transparency, bias, hiring decisions, and regulatory 

compliance.  

 

In our study, we want to explore how HR professionals interpret and resonate around AI 

adoption in their jobs, and whether they feel adequately prepared to oversee and 

collaborate with new tools or not. The primary purpose of this research is to explore how 

these factors converge to foster, nurture, and maintain HR professionals’ trust in AI-

driven recruitment, and what influences and shapes their trust. Furthermore, we want to 

discover if their trust leads to any observable outcomes. Secondarily, the study aims to 

explore how HR professionals’ new responsibilities have changed their perception of and 

trust in AI tools in recruitment. Through this, light can be shed on other organizational 

factors like resistance to change and change management strategies that shape the 

perceived trust and willingness to welcome AI into the recruitment process. Finally, the 

aim of our study is to contribute valuable insights for other HR professionals, public 

sector organizations, strategic and operational managers, and to existing literature on this 

topic.  

 

The aim is also to explore the concepts mentioned above within a specific context: the 

public sector in Sweden. There is an identifiable research gap for how AI adoption is 

perceived and practically implemented for both the geographic and the domain scope, 

especially for Swedish organizations. Additionally, in Sweden, the market for digitalized 

tools is still small, and large organizations are unwilling to invest in new developments, 

which can decrease involvement in AI implementation (Vinnova, 2018, p. 69). The 

potential resistance to technological change advancements in the public sector and the 

barriers to implementation can influence the perceptions of its HR employees and can 

produce meaningful results.  

 

1.4 Research Question 

Based on the problem background, identified research gap and research purpose, the 

following research question has been derived: 

 

“How do HR professionals in the Swedish public sector perceive the integration of AI 

tools in recruitment, and what factors shape their trust in AI and influence its practical 

use?” 

 

1.5 Delimitations 

To ensure a feasible research process, several delimitations have been established. 

Specifically, these delimitations underpin the scope of the study and what the research 

really aims to explore from a practical standpoint. While still recognized for their 

potential shortcomings, they were established purposefully to improve the quality of the 

study.  

 

One of the principal delimitations is that the study is limited to a specific geographic 

context, Sweden. Largely due to the time constraints, resource availability and feasibility, 

the study will only address Swedish companies. However, the geographic scope is also 
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due to a relevant research gap. The study acknowledges how this geographical focus may 

limit the transferability of the results. HR professionals’ trust in AI-tools may be 

influenced by factors such as local labor laws, national restrictions, organizational culture 

and norms. This may vary significantly depending on the country. This could influence 

HR professionals' experience with AI implementation. As such, while the study can 

provide relevant insights, the results might not be transferable to other geographical 

contexts. 

 

Similarly, we have chosen to only include public sector organizations in our study. This 

is because the public sector landscape could potentially influence HR professionals’ trust 

in a significant way, due to bureaucratic constraints, slower change processes, and 

cultural and structural characteristics (Robertson & Seneviratne, 1995, p. 548). Though 

relevant to the public sector, the findings may not be transferable to private sector 

organizations.  

 

The study focuses exclusively on HR professionals, excluding other stakeholders such as 

managers, candidates and external suppliers. These other stakeholders may also influence 

HR professionals’ trust in AI-driven recruitment, but we chose to narrow our scope to 

only HR professionals to allow for a more in-depth exploration of the phenomenon. 

Additionally, the study is limited to exploring only one of many tasks HR professionals 

might use AI for. Other tasks, like performance evaluation or employee development 

where AI could be used may also affect the workers’ trust in AI tools, even when used in 

recruitment. The study specifically focuses on AI-assisted recruitment, which can 

produce meaningful insight into trust dynamics and human oversight techniques. 

However, it might not fully capture HR professionals’ experience with AI adoption in all 

aspects of HR.  

 

Another delimitation is the lack of a longitudinal perspective. The interviews will explore 

the employees’ current trust and perception of AI-driven recruitment, views that may 

change as AI-tools in the recruitment process continue to develop. As our aim is to 

explore individuals’ experiences and attitudes, we want our research design to allow for 

such insights. As such, we will use a qualitative approach.  
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2. Theoretical Framework 

This chapter aims to present the theoretical background for the study by presenting 

various concepts, frameworks, models, and theories concerning the chosen research 

direction. Topics covered are related to human resource management, artificial 

intelligence, trust, regulations, ethics, and public sector organizational change. Based on 

this previous literature, a conceptual framework has been drafted and presented.   

 

2.1 Theoretical Background 

2.1.1 Recruitment in Human Resource Management 

The term “human resource management” originates from the term “personnel 

management” that was used up until the mid-1970s. The reason behind its transformation 

was the recognition of the importance of human resource practices and its link to the 

company's success. Additionally, research was pointing towards how practices could be 

more effective and growing overall professionalism in the area (Schuler & Jackson, 2005, 

p. 12).  

 

Armstrong (2014, pp. 4-5) defines Human Resource Management as a strategic and 

coordinated approach to managing the employment, development, and the overall well-

being of the individuals within an organization. It covers activities like human capital 

management, corporate social responsibility, recruitment and selection. The goal of HRM 

is to support an organization in achieving its goals by adopting HR strategies that also are 

adjusted to the business strategies. Additionally, ensuring that the organization has skilled 

people while encouraging an ethical approach. 

 

HRM professionals are tasked with appointing suitable organizational roles to individuals 

outside the company. These practices are classified by the more traditional terms 

recruitment and selection. This entails effective communication with external individuals, 

current employees transitioning to new roles, and those departing from the organization 

(Miller & Gordon, 2014, pp. 3-4). Barber (1998, pp. 4-5) defines recruitment as activities 

and practices undertaken by an organization with the primary focus of attracting and 

identifying potential employees. The author further underlines the importance of 

distinguishing the recruitment practices from their outcomes, and how the 

correspondence between these two are far from perfect. Karim et al. (2021, p. 19) define 

recruitment as the process of generating a selection of qualified people to apply for vacant 

positions in an organization. The recruitment process can be seen as the entry point of 

gathering workforce for the company and that its selection is critical for achieving overall 

strategic objectives. However, organizations adopt different recruitment practices to 

achieve these goals. Barber (1998, pp. 1-2) argues that recruitment is an important aspect 

of effective HRM since it draws an important resource into the organization: human 

capital. Later efforts, such as training, selection, and compensation are strongly dependent 

on the quality of the human capital acquired through the recruitment process. 

Additionally, human resource practices are crucial for an organization's survival since 

they are linked to different bottom line measures, such as profitability and return on 

assets. Beyond recruitment's importance for business aspects, recruitment also holds 

importance for individuals. Recruitment influences different applicants' job decisions and 

since work plays a central role in many people’s lives it can have a substantial impact on 

individuals' well-being.  
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2.1.2 Recruitment Process 

There is extensive research done on the recruitment process and its stages and phases. 

There are opposing views on the number of phases, and on when one phase ends and 

when another begins. Barber (1998) argues that while distinct stages in the recruitment 

process may exist, these stages can sometimes overlap or extend, making the distinction 

of beginning from end difficult. The author continues by dividing the recruitment process 

into three phases: generating applicants, maintaining applicant status, and influencing job 

choice (Barber, 1998, pp.12-14). In the first phase, generating applicants, the applicant 

population becomes an applicant pool. This begins with extensive search to generate 

candidates for open positions. As such, the employer tries to generate a pool of applicants, 

while the applicant tries to generate a pool of multiple job opportunities. The aim of this 

stage is to identify individuals who will align with the organization's needs. Interaction 

in this phase is largely impersonal (Barber, 1998, pp. 17-19). Later, in the maintaining 

applicant status phase, specific applicants are recruited by the company. The aim during 

this stage is for the organization to retain the interest of the applicants, which can be done 

through various interactive procedures, like screening or psychological testing. 

Throughout this process, the contact is more interpersonal, and the interactions are more 

detailed and time-consuming compared to the previous phase. This phase might influence 

the applicant's perspective of the organization. Thereafter, it is time for the organization 

to narrow down the pool of applicants and acquire enough information to proceed to the 

next phase (Barber, 1998, pp. 53-54). This phase is influencing job choice, where the 

applicants decide whether to accept or deny the offer. Here the primary aim is to 

understand an applicant's decision making to persuade the individual. This is important 

since it can determine how quickly an open position can be filled (Barber, 1998, pp. 94-

95).  

 

Recruiters generally focus their efforts more on the first two stages, given that once the 

individuals have reached stage three, they have, throughout the process, gathered enough 

information about the organization to make a job decision. Additionally, applicants who 

do not want to apply for or receive the job have already vanished by the last stage in the 

recruitment process (Allen et al., 2007, p. 1706).  

 

Karim et al. (2021, p. 19-20) presents a model for the five most important stages in the 

recruitment process (See figure 1). The first stage is recruitment objectives, where the 

organization determines different aims, including but not limited to retention rate, number 

of positions, and number of applicants. Stage two is strategy development, wherein a 

strategy based on insights made in stage one is developed. This includes evaluations of 

who, where, and when to recruit. The third stage is recruitment activities, revolving 

around recruitment advertisement and message. In this stage, things like recruitment 

sources and timeliness are discussed. Stage four is intervening/process variables, which 

discusses variables that influence the relationship between recruitment activities and 

recruitment outcomes. These variables include applicant interest, applicant attention, and 

applicant comprehension. Lastly, stage five is recruitment results, which involves review 

and assessment of the recruitment. The organization gains valuable insights from this 

stage by comparing outcomes to objectives.  
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Figure 1. A model of the stages in the recruitment process (Karim et al., 2021, p. 20). 

Karim et al. (2021, pp. 20-22) go on to discuss how some researchers argue that the 

sources of recruitment can be divided into internal and external sources. Internal sources 

of recruitment imply hiring a person from within an organization to fill an open position. 

This can be done through staffing methods like promotions, transfers, and employee 

referrals. On the contrary, external sources instead refer to attracting candidates from 

outside the organization to fill an open position. This can be done through advertisement, 

e-recruitment, and employment agencies.  

 

2.1.3 Defining Trust: The Trust Model 

Table 1. Various definitions of trust throughout the existing literature. 

Source Definition 

Mayer et al. (1995) Trust can be defined as a willingness to  

take risks. To take such risks, what  

one party entrusts to another must be of  

importance to them, thereby making them  

vulnerable. This willingness needs to 

occur without the need to monitor or 

control the other party. 

 

Lewicki et al. (1998) Presents a distinction between trust and 

distrust. Trust is defined as confident 

positive expectations around another 

party’s conduct, while distrust is defined 

as confident negative expectations around 

another party’s conduct. 

 

McAllister (1995) Interpersonal trust is defined as to which 

extent an individual is confident in, and 

willing to act on the words, decisions and 

actions of another individual. 
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Moorman et al. (1992) The willingness to rely with confidence in 

an exchange partner. 

 

Deutsch (1958) Trust can be defined as a situation where a 

person expects an event to occur, and the 

occurrence and their expectations 

influences their behavior. The potential 

negative motivational consequences of the 

expectation not being confirmed are 

greater than the positive motivational 

consequences if it is confirmed.  

 

Lee & See (2004) Trust in automation: the belief that an 

agent will help achieve an individual’s 

goals in a situation characterized by 

uncertainty and vulnerability. 

 

 

There are numerous different definitions of trust throughout the existing literature. 

However, for the purpose of our research we have chosen to adopt one of the most widely 

recognized, accepted, and frequently used definitions of trust: “the willingness of a party 

to be vulnerable to the actions of another party based on the expectation that the other 

will perform a particular action important to the trustor, irrespective of the ability to 

monitor or control that other party” (Mayer et al., 1995, p. 712).  

 

Mayer et al. (1995) have created The Trust Model, also known as the integrative model 

of organizational trust. The model defines trust as a willingness to take risks. In order to 

take such risks, what one party trusts another with needs to be of importance to the former, 

rendering them vulnerable. This willingness needs to be done without having to monitor 

or control the other party. Being vulnerable is defined as having something important at 

stake, something which could be lost. Despite trust often being synonymous with 

cooperation, it is critical to distinguish the difference between the two. One party could 

cooperate with another, which appears like there is trust involved in the process, but none 

of the parties are necessarily putting anything at risk. Trust does not have to be a mutual 

phenomenon and is not reciprocal. With their model, the author emphasizes that trust 

depends on the relationships and contexts, rather than being something trait-like. When 

it comes to how much trust an individual can gather, three different aspects are explored: 

the perceptions about someone's ability, benevolence, and integrity. Benevolence is 

defined as the extent to which an individual wants to do good for a trusting party and act 

in their best interest. Integrity is defined as the perception that a party will fulfil promised 

agreements. Each of these three factors contribute to trust in an organization. 

Furthermore, research goes on to discuss the relationship between trust and distrust. Trust 

and distrust are explained as being on the same spectrum, meaning that a complete lack 

of trust and distrust are the same thing. An interesting aspect of trust is how different 

cultures can affect an individual's trust, specifically task versus relationship-oriented 

cultures. Task-oriented cultures have shown to have higher initial trust, while 

relationship-oriented have shown to need time to develop trust (Mayer et al., 1995). The 

behavior of Nordic managers can be characterized by planning and order. There is a big 

focus on delegation and communication with subordinates making them more employee 

and relationship-oriented, rather than task-oriented (Lindell & Arvonen, 1996, p. 81).  
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Solberg et al. (2022) have created a conceptual framework based on The Trust Model by 

Mayer et al., (1995). Their aim was to elaborate on the already existing model and connect 

it to how people build trust in AI-tools when making decisions. The authors argue that 

the previously traditional way of viewing trust in terms of aspects such as ability, 

benevolence and integrity can still work when discussing trust in AI. However, they 

propose a new way of thinking, specifically that the perceived trustworthiness of an AI 

decision can be based on performance, processes and purpose. The perceived risks of 

using an AI will decrease as a user expect positive outcomes of an AIs performance, 

process and purpose. Additionally, if a person’s perceived control over an AI system is 

high it will positively benefit the perceived trustworthiness and therefore the trust in the 

system. In simpler terms, if a person feels like they have control over the AI system, they 

are more likely to trust it. Furthermore, the authors introduce the perceived situational 

risk, which means if a person feels the situation is precarious it will decrease their trust. 

Lastly, the outcomes of relying on an AI-system will adjust a person’s perceptions of 

trustworthiness and situational risk, therefore shaping their trust.  

 

2.1.4 The Applicant Attribution-Reaction Theory 

Ployhart and Harold (2004) introduces a framework called Applicant Attribution-

Reaction Theory, which helps explain attributional processes in how applicants react to 

hiring experiences. AART suggests that an applicant's behavioral, affective, and cognitive 

reactions, like fairness and motivation, are not shaped by the hiring process itself but 

rather by an attributional process. The theory begins with an objective event that will 

prompt an attributional search. These events can be meeting with an HR professional or 

completing a test, since they might create a stressful and unfavorable environment for the 

candidate. Greenberg (2001) further supports this claim. The author notes that 

unfavorable outcomes encourage the applicant to consider a more detailed analysis of the 

situation and whether they were treated fairly, which aligns with the principles of fairness 

heuristics theory. In simpler terms, a rejected candidate will question and scrutinize the 

selection process further and might engage in a more detailed attributional analysis. 

Negative events for the applicants are more likely to influence their perceived situation 

of the event since they violate their expectations more strongly. Furthermore, these 

expectations, also referred to as justice rules, lead to either perceived satisfaction or 

violation. The candidate compares the perceived experience of the recruitment and 

selection process to what they originally expected. The applicant then evaluates the cause 

of the event, and the specific cause is not as important compared to the attributional 

dimensions of the cause. For example, if an applicant were to not perform well on a test 

during the recruitment process, they might claim that the test is not job related or lack of 

time to prepare, blaming external and uncontrollable variables. Lastly, based on this 

attributional analysis, the candidate takes on different behavioral, attitudinal and 

cognitive reactions. Observing this from a theoretical perspective thus means that fairness 

in a hiring process is due to internal and controllable causes, while unfairness is due to 

external and uncontrollable causes. This means that perceptions such as fairness are only 

byproducts of attributional analysis, rather than a direct outcome of the hiring process. 

AART as a framework helps explain why applicants react in a certain way rather than 

simply measuring their reactions. 
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2.1.5 AI in Recruitment  

Artificial Intelligence (AI) has been defined in various ways by scholars and practitioners. 

John McCarthy, often referred to as the father and co-founder of AI describes AI as the 

capability of machines to perform tasks that typically require human intelligence, such as 

problem-solving, learning, and decision-making (McCarthy, 2007, pp. 2-3). However, AI 

can also be regarded as a field of study that aims to create systems capable of autonomous 

reasoning and interaction with their environment (McCarthy, 2007, pp. 2-3). These 

definitions may highlight the dual nature of AI as both a scientific discipline and a 

technological innovation. 

 

AI can be categorized based on its capabilities and functions. In their paper, Goertzel 

(2014) touches on a range of existing definitions and literature on artificial intelligence 

and artificial general intelligence. A common classification distinguishes between 

Narrow AI, which is designed for specific tasks like language processing or image 

recognition, and General AI, which can perform a broad range of cognitive functions like 

humans. (Goertzel, 2014, pp. 1-3). More recently, discussions about Super AI, which 

would surpass human intelligence, have emerged, though it remains largely theoretical 

(Brundage, 2015, p. 33). Another classification considers AI based on its learning 

approaches, such as rule-based AI, machine learning, and deep learning (Ongsulee, 2017, 

pp. 1-5). 

 

Theoretical perspectives on AI vary significantly. In his paper, Smolenski (1987, pp. 95-

108) presents two of the major approaches. Symbolic AI, rooted in logic and rule-based 

systems, assumes that intelligence can be represented through explicit rules and symbols. 

In contrast, connectionist approaches model intelligence based on the brain’s architecture 

and the way biological neurons function. More recent approaches integrate hybrid 

models, combining symbolic reasoning with deep learning to enhance AI's interpretability 

and adaptability (Marcus, 2018, p. 20). 

 

In the field of Human Resource Management (HRM), AI is being applied in various ways 

to enhance efficiency and decision-making, as outlined by Prikshat et al. (2023) in their 

literature review on AI in HRM. AI tools in recruitment leverage machine learning 

algorithms to screen resumes, predict candidate suitability, and streamline employee 

queries and onboarding processes. Additionally, predictive analytics helps HR 

professionals anticipate workforce trends and develop strategic talent management 

initiatives. 

 

While AI in HRM offers substantial benefits, concerns regarding bias, transparency, and 

ethical considerations remain prominent. In their paper, Chiappini (2024) addresses the 

legal boundaries of AI. At the European level, the regulation of AI has been shaped by 

multiple legislative and policy documents aimed at providing a clear and adaptable 

definition. Initially, the European Parliament's 2017 resolution on civil law rules for 

robotics emphasized the need for a flexible, innovation-friendly definition of AI and 

robotics. This resolution highlighted key characteristics of AI systems, including 

autonomy, interconnectivity, and adaptability. The European Commission later refined 

this understanding, defining AI as systems capable of displaying intelligent behavior, 

analyzing their environment, and making decisions with some degree of autonomy. These 

systems can exist purely as software, for instance voice assistants and image recognition 

tools, or be integrated into hardware, such as autonomous vehicles and drones. 
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The AI Act, first proposed by the European Commission in 2021, introduced a more 

detailed and regulatory-focused definition, considering AI as “a machine-based system 

that is designed to operate with varying levels of autonomy and that may exhibit 

adaptiveness after deployment, and that, for explicit or implicit objectives, infers, from 

the input it receives, how to generate outputs such as predictions, content, 

recommendations, or decisions that can influence physical or virtual environments” 

(Artificial Intelligence Act, n.d., para. 1). The EU’s regulatory approach is risk-based, 

categorizing AI systems into four levels: unacceptable risk (e.g., manipulative systems), 

high risk (e.g., AI in healthcare or recruitment), limited risk (e.g., chatbots and deep fakes, 

requiring transparency measures), and minimal or no risk (e.g., most AI-driven 

automation tools) (Chiappini, 2024, pp. 7-10).  

 

2.1.6 AI Ethical Concerns and Regulation  

The rapid and fundamental shift in how workplaces operate in the new technological 

environment has also introduced a new legal, ethical, and technical environment. Current 

law does not yet accurately address the use of AI and algorithms in recruitment. This lack 

of clarity poses a threat to several fundamental rights (Jobin et al., 2019, pp. 389-393). In 

their paper, Dwivedi et al. (2021) dive into the practice and policy ethics of AI. Today, 

AI is predominantly present in western countries, and its wide implementation has driven 

forth liability and equity concerns. In the case of AI, guaranteeing compliance in all areas 

finds itself a difficult task. Mainly because handing over the recruitment reins and letting 

AI make decisions means their human counterpart cannot accurately justify or defend the 

AI’s decision-making. This lack of transparency and nuance exhibited by AI classifies it 

as something of a black box system according to the authors. According to the EU GDPR 

laws, letting AI take life changing decisions in lieu of a real person is not always permitted 

(Dwivedi et al., 2021, p. 8). In HRM, this concern is exacerbated when recruitment 

professionals are not equipped to accurately interpret and oversee AI systems. The 

consequent primary concerns include workers' rights and wellbeing, parity and equal 

opportunity, transparency, and compliance.  

 

AI and its algorithms have been shown to propagate bias and discrimination against 

protected classes in recruitment, as outlined by Sullivan (2018). In these cases, it can 

jumpstart a vicious cycle, considering the AI predicts and selects future candidates based 

on the pre-existing employee data it was programmed with. In AI, this is driven by 

systemic assumptions. Some recruitment practices beyond standard AI adoption can even 

make employers liable for discrimination, particularly when AI plays a role in employee 

selection. According to Mariani and Lozada (2023), the more human oversight is 

removed, the greater the risk of error and bias. This risk is particularly evident in video-

based AI recruitment tools, such as transcription analysis, facial recognition technology, 

and emotion recognition technology. According to EU Artificial Intelligence Act (n.d.), 

“Human oversight shall aim to prevent or minimize the risks to health, safety or 

fundamental rights that may emerge when a high-risk AI system is used in accordance 

with its intended purpose or under conditions of reasonably foreseeable misuse, in 

particular where such risks persist despite the application of other requirements set out 

in this section” (European Union, 2024, Article 14). As mentioned above, one of these 

risks is AI bias. AI bias in these tools has been scrutinized, as they have been found to 

alter their perception of candidates’ personality traits based on superficial factors. For 
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example, AI adjusted its evaluation of candidates depending on their outfit choice, face, 

body language, sex, and race (Fergus, 2021, pp. 13-17). 

 

There is also an argument for AI bias extending beyond just programming and resulting 

from a sociotechnical embracement of human behavior (Waller et al., 2024, pp. 1044-

1045). The risk of unfair recruitment processes is impending, especially in workplaces 

that fail to audit their AI systems (Drage & Mackereth, 2022, p. 3). AI’s reliance on past 

data introduces concerns about bias, as it can perpetuate discrimination based on 

candidates' perceived attributes (Drage & Mackereth, 2022, p. 17). To mitigate this, AI 

in recruitment employs three primary technical methods: pre-processing, which modifies 

the training data to reduce bias; in-processing, which adjusts the model itself to minimize 

the influence of attributes like gender or race; and post-processing, which does not alter 

the data or model but instead assesses system outputs to adjust for fairness (Waller et al., 

2024, p. 1048). 

 

Some recommendations to prevent bias include human-in-the-loop approach and human 

oversight can be used for making the final decision and mitigating over reliance on AI 

verdicts (Waller et al., 2024, p. 1058). Regulations like GDPR also serve as a protection 

against the ADMS system, however its transparency and explainability is vague (Waller 

et al., 2024, pp. 1052-1053). The European Union’s AI Act considers using AI in 

recruitment and employee management to be “high risk”, meaning there are many 

regulations to comply with to use it in the EU. It is important to prioritize these aspects 

and developments like the EU AI Act serve to highlight the important role of transparency 

in the usage of AI-system (Waller et al., 2024, p. 1063).  

 

2.1.7 The Technology Acceptance Model 

 

 
Figure 2. Visualization of Technology Acceptance Model (TAM) (Davis, 1987, p. 3). 

The Technology Acceptance Model was introduced in 1987 by Fred Davis as a 

framework for how users utilize and accept technology (See figure 2). According to 

Davis’s (1987) TAM, there are two principal determinants of subsequent user adoption 

of technology. These are Perceived Usefulness (PU) and Perceived Ease of Use (PEOU), 

which directly influence the user’s attitude toward technology (Davis, 1987). The PU is 

the extent to which a user believes a technology system will improve and assist their job 

performance. The PEOU is related to the effort required to use said system (Davis, 1987). 

Venkatesh and David (2000, pp. 186-204) explore technology adoption and acceptance 
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in organizational settings. Over time, employees’ perceptions of system usefulness and 

ease of use influence actual usage. If systems are not perceived as useful or easy to use, 

the intention to adopt them decreases. The authors expand on the original TAM by 

introducing TAM2, which can more accurately explain technology adoption in 

professional settings.  

 

 
Figure 3. Visualization of Technology Acceptance Model (TAM2) (Venkatesh & Davis, 

2000, p. 188). 

The key additions to TAM2 are social influence processes and cognitive instrumental 

processes. The former includes subjective norm (external pressure to use the system) and 

image (belief that using the system enhances one’s status). The latter is job relevance, 

output quality, and result demonstrability. These extensions relate to user confidence. 

This confidence is gained over time as users interact with the system and increase their 

understanding. The authors longitudinal findings show that PU is the stronger predictor, 

and that PEOU influences perceived usefulness. Social and job-related factors can shape 

PU, but overtime use is more influenced by system experience.  

 

In the context of AI-assisted recruitment processes, this model can underpin how HR 

professionals perceive and accept technology and can provide insight into their 

consequent willingness to use AI in their recruitment processes. If HR professionals 

believe AI will improve recruitment efficiency through streamlining and error-

elimination, and find AI-tools to be user-friendly, they will be more willing to accept and 

employ these systems. On the other hand, if HR professionals view AI as overly 

complicated and unable to replace human labor, they might be more resistant to its 

adoption.  

 

In their article, authors Qingxiong Ma and Liping Liu (2004) provide a comprehensive 

synthesis of empirical findings from studies looking into TAM. According to the authors, 

the model has often and primarily been used in testing information systems and 

organizational behavior. Like Venkatesh and Davis (2000), the authors found that PU has 

the strongest impact on intention to use. From the authors meta-analysis of 26 studies, the 

main factors found to influence technology acceptance include organizational 

environment, training, support, and type of technology.  attitude towards technology, 

work environment, and support. As such, appropriate training to oversee AI tools is 
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required. The authors encourage future research to further the understanding of TAM and 

its applicability.  

 

2.1.8 Trust in Automation 

Lee and See (2004) explore in their paper how trust influences the way individuals 

interact and rely on automation. Automation is when technology selects, transforms or 

controls data and processes. This has proved to be significantly beneficial, though some 

individuals may trust automation when it is not appropriate. On the other hand, some 

individuals have shown to not put enough trust in automation, reducing its potential 

benefits. This interplay can be described as either misuse or disuse of automation 

(Parasuraman & Riley, 1997). The authors go on to explain that the misuse and disuse of 

automation can be dependent on feelings towards the system, like trust. A human’s 

response to technology can be like a human’s responses and reactions toward another 

human. Trust is defined as “the attitude that an agent will help achieve an individual’s 

goals in a situation characterized by uncertainty and vulnerability” (Lee & See, 2004, p. 

54). It is important to distinguish the difference between trust and reliance. Trust can be 

explained as an attitude while reliance is more of a behavior, meaning trust may influence 

whether a person chooses to rely on the system (Ajzen & Fishbein, 1980). Trust is shaped 

by individual, cultural and organizational contexts. The individual context refers to 

personal differences, such as an individual’s natural propensity to trust. The cultural 

context refers to the development of trust through social norms and external assumptions. 

Lastly, the organizational context refers to the interaction between other humans around 

trustworthiness, for instance hearing from a colleague that a system is trustworthy. These 

three contexts help explain and understand an individual’s trust. Furthermore, specifically 

addressing trust in automation, the authors emphasize the definition made by Lee and 

Moray (1992) who identify performance, process and purpose as the key bases of trust. 

Understanding what the automation does, how the system works and why it was 

developed are described as three essential principles for building appropriate trust in 

automation. To help define and understand the appropriateness of trust in automation, 

Lee and See (2004) created a visual diagram to illustrate the relationship between 

calibration, resolution and automation capability (See figure 3). Calibrated trust is when 

trust matches the system’s capabilities leading to appropriate use. If trust is too high, it 

leads to over-trust meaning misuse of the system, while if trust is too low, it leads to 

distrust meaning disuse of the system.  
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Figure 4. Illustrates the appropriateness of trust: Misuse and Disuse (Lee & See, 2004, 

p. 55). 

Lee and See (2004) further continue to explain how trust develops through three different 

processes: analytic, analogical and affective. Analytical trust develops through rational 

evaluation, analogical trust through learned associations and affective trust through 

emotional responses. Ultimately trust is explained as an effective response, while still 

being influenced by analytical and analogical processes.  

 

The paper concludes with a dynamic model of trust and reliance on automation (See 

figure 4). It uses studies on trust between humans and highlights various factors affecting 

trust as well as the role of trust in mediating reliance on automation. At the top of the 

framework key factors that influence the formation of trust are explained: Individual, 

organizational, cultural and environmental context. Below these, the trust process begins 

with the user gathering information about the system, leading to the formation of beliefs 

about what the system is capable of. Based on these beliefs, trust is starting to evolve. An 

intention to use or not use the automation is being formed. This intention ultimately leads 

to actual reliance or action, determining whether the system is going to be used or not. 

However, trust might not always lead to direct use of automation, as other influences may 

interfere, like for example one’s boss telling them not to use the system. This interference 

is shown by the arrow drawn from context to automation. Furthermore, the 

appropriateness of trust is included in the model, to help explain whether the user misuses 

or disuses the system. Lastly, the automation leads to display of the system which loops 

back to the beginning of trust again. This is because each time the user uses the system it 

changes their beliefs and trust in the system, making trust a continuous process and 

starting all over again.  
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Figure 5. Dynamic model of trust and reliance on automation (Lee & See, 2004, p. 68). 

It is important to consider the difference between AI and automation when discussing 

trust in automation, specifically when most people use these terms interchangeably. 

Traditional automation performs repetitive tasks based on preprogrammed rules without 

including any type of learning process. Automation can be powered by AI, meaning that 

machine learning algorithms make the rules by learning from experiences and feedback. 

Because of this, automation becomes a tool that carries out tasks based on the instructions 

made by AI. In other words, it is AI-enabled automation (Glikson & Woolley, 2020, p. 

629).  

 

2.1.9 The Public Sector and Organizational Change 

Organizational change theories are foundational in understanding how institutions adapt 

to internal and external pressures. There are several widely cited models that have been 

continuously built on to continue conceptualizing change processes. One of these is Kurt 

Lewin’s Three-Stage Model, which considers change as three step process where existing 

behavior is first disrupted, then relearned as new behavior is adopted, and new behaviors 

are cemented by implementing them in practice (Burnes, 2004, pp. 985-986). Building 

on Lewin’s model, Kotter’s eight-step change model further develops change processes 

with emphasis on urgency, coalition-building, aligning a strategic vision, mobilizing a 

group of committed individuals, removing barriers, generating short-term wins, 

sustaining acceleration, and institutionalizing change (Kotter International, n.d.). The 

Institutional Theory of Change introduced by DiMaggio and Powell (1983), offers 

valuable insights into organizational change. The authors argue that public organizations 

typically undergo change shared external pressures, leading them to become more similar 

over time. This is referred to as institutional isomorphism, categorized into coercive, 

mimetic, and normative isomorphism. This perspective highlights the importance of 

government agencies, legislation, and external pressures on organizational change 

(DiMaggio & Powell, 1983, pp. 147-151).  
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Organizational learning has been another critical focus of research, particularly in recent 

decades, with increasing attention directed toward public sector organizations due to 

growing pressures for efficiency, transparency, and accountability. While private 

businesses operate in market-driven environments with clear performance indicators like 

profit and sales, public sector organizations function under complex bureaucratic and 

political conditions, where governance structures, regulations, and public expectations 

shape learning processes (Busenberg, 2001, pp. 173-177). Historically, scholars of public 

administration have prioritized public policy learning over organizational learning, 

creating a divide between the two disciplines (Busenberg, 2001, pp. 173-174). To bridge 

this gap, Argyris and Schön’s theory of action provides a valuable framework for 

understanding organizational learning. It distinguishes between espoused theories, which 

is what individuals say they believe and intend to do, and theories in use, which reflect 

actual behavior and decision-making in practice. (Argyris, 1976, p. 367). Organizational 

learning occurs when discrepancies arise between expected and actual policy outcomes, 

prompting either single-loop learning, where strategies are adjusted without questioning 

underlying values, or double-loop learning, which involves deeper reflection on core 

norms and assumptions (Argyris, 1976, pp. 363-369). Theories of action are classified 

into two organizational models: Model I and Model II. Model I organizational climate is 

characterized by defensive routines, lack of transparency, and a culture of blame, where 

errors are hidden or ignored rather than analyzed for improvement. These organizations 

often resist change, limiting opportunities for meaningful learning and adaptation. In 

contrast, Model II organizational climate fosters a learning climate based on trust, open 

communication, and constructive problem-solving. In these environments, errors are 

viewed as opportunities for learning rather than failures, allowing for deeper reflection 

and more effective decision-making (Argyris, 1977, pp. 115-124). Bovens and Zouridis 

(2002) argue that public administration is shifting from street-level to system-level 

bureaucracy, where decisions are becoming increasingly automated. Though this can 

enhance predictability and accountability, it restricts flexibility and discretion, limiting 

the extent to which adaptive learning can occur (Bovens & Zouridis, 2002, pp. 175-182).  

 

It’s relevant to consider whether organizational change is as efficient in the public sector 

as it can be in the private sector. To analyze this distinction, authors Peter J. Robertson 

and Sonal J. Seneviratne (1995) conducted a meta-analysis of 47 previous empirical 

studies exploring planned change in public and private organizations.  Previously, 

traditional literature pointed out that public institutions exhibit increased barriers to 

change, largely due to political and bureaucratic restraints, multiple stakeholders, and 

lack of market. The private sector’s incentives to maximize profitability can streamline 

organizational change at a speed the public sector may be unable to accompany. The 

seven categories affected by the change interventions measured by the studies are social 

factors, technology, physical setting, organizing arrangements, individual behavior, 

individual development, and organizational performance. Their findings show that the 

public sector struggles more with physical and structural changes like organizational 

structure, reward systems, office layouts etc. due to bureaucratic constraints and internal 

resistance to change. The public sector also struggles more with behavioral change and 

requires consensus-driven decision making. However, the results also found that public 

sector change improves organizational performance more than its private sector 

counterparts. Applying these findings to the context of this thesis and AI-driven 

recruitment systems, it could imply that integrating AI tools into public organizations 
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proves to be a slower process. This inertia could stem from regulatory constraints, HR 

professionals' resistance to change, and misalignment with public values.  

 

2.1.10 Resistance to Change in Organizations 

In organizational transformation, resistance to change is a widely acknowledged 

challenge. Initially conceptualized by Kurt Lewin in 1945, resistance to change is a 

negative employee reaction that inhibits organizational change (Damawan & Azizah, 

2020, p. 49). In their literature review, Damawan and Azizah (2020) synthesize findings 

from 20 international articles to explore and understand the reasons behind resistance to 

change and how to effectively manage it. Using previous research, the authors outline 

different types of resistance, like logical and emotional resistance, behavioral resistance, 

and cognitive resistance. These can result in frustration, inaction, and negative thoughts, 

which can negatively affect job satisfaction, creativity, perceived effectiveness, and 

turnover. According to the authors, resistance to change can be driven by individual 

factors and situational factors. The former refers to lack of confidence, fear of failure, 

weak motivation, low self-efficacy, and increased stress. The latter can include job 

insecurity, weak culture, poor communication, high ambiguity, and lack of participation 

(Damawan & Azizah, 2020, pp. 49-51). One of the pioneering exploratory studies done 

into resistance to change was conducted by Lester Coch and John R. P. French, JR. in 

1948, where their findings concluded that participation is one key elements of mitigating 

resistance, and that managers can remove group resistance to change through group 

meetings where effective communication on the need for change is  held (Coch & French, 

Jr., 1948, pp. 531-532). In their review, Damawan and Azizah (2020) further that a 

graduation introduction to change, employee participation, education, trust-building, 

additional support, and using new change are building blocks in overcoming resistance. 

The authors highlight that resistance is not intrinsically negative, but that it is important 

for management to address uncertainties among employees to consolidate organizational 

ambitions and employee readiness.  

 

In their paper, Bovey and Hede (2001) present the core idea that resistance to change is 

shaped by unconscious psychological defense mechanisms. When faced with the threat 

of change, individuals use these mechanisms to protect themselves from negative feelings 

caused by change, namely anxiety and loss of control. Using previous literature, the 

authors present resistance as a reaction consisting of four phases: denial, resistance, 

exploration, and commitment (Bovey & Hede, 2001, pp. 534-535). Through their study, 

the authors identify denial, disassociation, isolation, projection, and acting out as 

maladaptive mechanisms positively correlated with resistance. One of the primary 

conclusions is that the employees’ unconscious internal emotions and psychological 

circumstances shape their resistance behavior. Management should aim to understand 

their employees’ behavioral intentions and the human dimension behind resistance to 

change. Thereafter, appropriate intervention strategies can be implemented. Providing 

employees with support and information on how to manage change is critical in 

successful change management (Bovey & Hede, 2001, pp. 545-546). 

 

Although resistance to change is an established challenge in organizational theory, its 

relevance has spiked in the aftermath of the Covid-19 pandemic. In the public sector 

specifically, the sudden shift in work routines and digitalization required employees to 

adapt quickly, which can lead to increased resistance due to the disruption of established 

workflows (Malik et al., 2021, p. 658). In their paper, authors Malik et al. (2021) build 
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on previous literature and empirical studies to outline how to combat resistance to change 

in the public sector during the Covid-19 pandemic. As such, the authors identified the 

following causes of resistance to change: redistribution of roles and responsibilities, fear 

of job loss due to technology, lack of control and autonomy, unclear communication from 

leadership, and low perceived usefulness of change (Malik et al., 2021, p. 658). These 

factors affect affective attitude, cognitive attitude, and behavioral attitude (Malik et al., 

2021, p. 659). The authors cite previous studies that have identified the following methods 

to reduce change resistance in public organizations: education, communication, 

involvement, support, negotiation, co-optation, and explicit and implicit coercion (Malik 

et al., 2021, p. 660). In their own study findings, the authors find that limited authority, 

work overload, and lack of training are the primary challenges experienced by employees 

during digitalization (Malik et al., 2021, pp. 660-661). However, skill-based training and 

support, perceived increased efficiency, reliable digital tools, and mandatory compliance 

showed to assist in overcoming resistance (Malik et al., 2021, pp. 661-662). 

 

2.1.11 The ADKAR model 

The ADKAR model is a change management model created by Jeff Hiatt (2006). It is a 

framework to help better understand change from an individual’s perspective, which can 

then be applied to show how organizations can implement change successfully. There are 

five elements discussed in the model: awareness, desire, knowledge, ability and 

reinforcement, and all five elements need to be established for change to be realized (See 

figure 5). Firstly, awareness is the individuals’ understanding of the change. So, for 

example, if the person understands why the change is being made and the potential risks 

of it not happening. Desire is another element discussed, described as the willingness to 

support change. This concerns the person’s individual choice and is shaped by their 

personal situation. Furthermore, knowledge is an element in the perception of change and 

represents the information an individual possesses about how the change is being made. 

This can be training or necessary education in the specific area. Ability is the execution 

of the change, meaning that the previously mentioned knowledge is turned into 

implications. This is achieved when people show the required ability to implement the 

change. Lastly, reinforcement is both the internal and external aspects that preserve 

change. External reinforcements can for example be rewards or recognition, while 

internal reinforcements is personal satisfaction or personal benefits from the implemented 

change (Hiatt, 2006, pp. 1-3).  

This model represents a chronological order or a lifecycle of how people experience 

change. For example, awareness must come before desire since it is the awareness of the 

need to change that triggers desire for change. This cycle starts once a change has been 

identified. From a business perspective, this model provides grounds for changing 

management processes, which includes activities like readiness assessment, resistance 

management and training (Hiatt, 2006, p. 3). If an organization were to exhibit weak 

elements of the ADKAR model it could hinder business changes. With weak awareness 

and desire, the organization might experience greater resistance by employees and slower 

implementations. It can even reach the point of project failure. Additionally, with weak 

knowledge and ability, the organization might experience low utilization and negative 

impacts on customers. Lastly, low reinforcement can leave individuals in an organization 

to lose interest and revert to old procedures. All these potential outcomes affect the 

success of change implementation as well as decreasing the return on investment for the 

change project (Hiatt, 2006, p. 44). 
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Figure 6. The ADKAR Model elements (Hiatt, 2006, p. 2). 

2.2 Conceptual Framework 

The conceptual framework below has been constructed to best illustrate and interlink the 

relevant theoretical influences and contextual influences selected for the background (See 

figure 6).  

 
Figure 7. Initial conceptual framework based on the theoretical background. 

The core conceptual pillar in this thesis’ research purpose is trust in AI-driven 

recruitment. The study aims to discover and investigate the factors that influence HR 

professionals’ trust in AI in the recruitment process, and as such explore the resulting 

practical consequences for the developing HRM environment. HR trust in AI-driven 

systems can be considered the dependent variable, while contextual factors, individual 

level mediators, and dynamic tensions are primarily causal in effect.  

 

Although the aim of this thesis is to explore the HR environment currently changing due 

to automation, there are several contextual elements that predetermine the structure and 

flexibility of the HR landscapes behavior. These factors are external pressures that act as 

a purview, creating an umbrella for the subsequent outcomes this study concerns itself 

with. The contextual factors refer to AI ethics, AI regulations, public sector culture, and 

the different components of the ADKAR model for change (Hiatt, 2006). These reflect 

the broader horizon in which trust is shaped. AI ethics reflects the general societal 

concerns like transparency, fairness, inclusivity, compliance, and oversight. These 

implications, exacerbated in the high-risk sector, that is recruitment, influence the 

regulatory guidelines for AI use. The EU has implemented several legal and governing 
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frameworks for the use of AI, and this becomes a predetermined influential factor that 

can directly influence an HR professionals’ individual opinion, and the dynamic tensions. 

The same can be said for the public sector culture context. Public organizations are shaped 

by accountability, slower change, resistance to change, and multiple stakeholders. These 

factors can influence trust and the feasibility of implementation. This is furthered by the 

ADKAR model of change, highlighting how organizational and individual readiness for 

change require specific preparatory actions. These factors combined create an umbrella 

under which individual trust can be shaped.  

 

This leads to the individual mediators. These elements highlight the cognitive processes 

behind how professionals assess and interact with change and AI-tools. The technology 

acceptance model (TAM) underlines how trust is influenced by perceived usefulness and 

ease of use. This subsequently influences an individual’s attitude towards system use, 

intention to use, and actual system use (Davis, 1987, pp. 2-26). The Trust in Automation 

Model furthers the understanding of how people interact with automation, especially 

when tasks are complex (Lee & See, 2004). For HR professionals using new AI-tools, 

trust might also become a substitute for knowledge. In this context, trust can be influenced 

by the automation mechanisms, the user’s own cognition, and the underlying contextual 

factors. This directly influences our core concept. Furthermore, an individual’s readiness 

to change, influenced by ADKAR and change management, can directly influence trust 

levels and the practical implementation of AI-tools in recruitment.  

 

Together, the framework presents the holistic, dynamic interplay between contextual 

pressures, individual inclinations, dynamic pressures, trust in AI, and the resulting 

outcomes. Hopefully, the interviews will offer further insight into each element.  
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3. Scientific Methodology  

This chapter aims to provide an understanding of the scientific methodology adopted in 

the study and the study’s perspectives on reality, knowledge and values. It discusses 

philosophical aspects of the research including ontology, epistemology and axiology.  

 

3.1 Ontology 

According to Smith (2012, p. 47), ontology is defined as the philosophical study of being, 

aiming to give an absolute and comprehensive classification of entities across every area 

of reality. It is absolute in that it answers fundamental questions, and comprehensive 

through the inclusion of all entities in the classification. In our context, ontology helps us 

explore the nature of HR professionals' roles in AI-assisted recruitment. Smith (2012, pp. 

47-48) further explains how different schools of thought influence the approach to 

classification. For instance, a substantialist, who views ontology as a thing-based 

discipline rather than events and processes, might see human oversight as a structured 

and clearly defined responsibility. On the other hand, a fluxist, who views ontology as 

something grounded in change and process, may interpret human oversight as a dynamic 

evolving process that is not as clearly defined. Another ontological distinction is between 

reductionists and adequatists. While reductionists aim to deconstruct reality into basic 

fundamental components, adequatists aim for a broader, more nuanced taxonomy that 

captures the understanding of complex entities. Applying this to trust in AI, a reductionist 

might want to conceptualize trust as something more quantifiable, while an adequatist 

would use a broader approach to explore the various layers and influences shaping trust. 

 

This study will adopt a qualitative approach and aim to reflect an empathic understanding 

of HR professionals' trust in AI-assisted recruitment through the lens of the participants. 

A constructive ontology is adopted since the research will be conducted by observing and 

understanding a form of reality in which the researchers come from outside the chosen 

area. The constructivist perspective offers multiple insights that can enhance the data 

collection for qualitative research. The process by which the research will be conducted 

is ultimately interpretive and contextually constructed, rather than being objective truths 

(Cupchik, 2001, p. 6). We recognize that the nature of reality when it comes to HR 

professionals' trust in AI-assisted recruitment is a socially constructed phenomenon, in 

that it is shaped by the individuals own experiences and factors such as organizational 

culture, ethics and regulatory compliances. Therefore, the aim of the research is not to 

define a fixed reality of trust in AI but rather to explore and deepen the understanding of 

HR professionals' trust in AI from their specific and diverse contexts. 

 

3.2 Epistemology  

Hammond and Wellington (2021, pp. 69-71) define epistemology as the area of 

philosophy that revolves around how we come to understand the world. It can be divided 

into two approaches, positivism and interpretivism. Positivism implies that researchers 

should understand the world by following guidelines from natural science, while 

interpretivism views research as being particularly concerned around revealing the 

meaning behind social activity. Ontology is closely intertwined with epistemology in 

research, as defining knowledge and how it is acquired will shape the questions we ask, 

thus shaping the methodology. In this context an interpretivist approach will be used. The 

study focuses on HR professionals' trust in AI-assisted recruitment, which can be viewed 
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as a socially constructed phenomenon that varies depending on the specific context. The 

research will focus on the consequences of the phenomenon rather than the phenomenon 

itself and observe factors like internal motivation and human agency. It would not be 

feasible in this context to adopt a positivist approach since it would be difficult narrowing 

it down to a cause-and-effect relationship.  

 

By choosing to adopt an interpretivist epistemology in our research, it is acknowledged 

that the research is concerned with revealing the meaning behind an existing social 

activity, rather than discovering new knowledge. The qualitative research approach will 

allow for a nuanced insight into the participants' experiences, emotions and thoughts. HR 

professionals' role in human oversight is an individual interpretation shaped by various 

factors. Additionally, trust is not an easily measurable variable, therefore an interpretivist 

epistemological approach will allow for deeper discussion.  

 

3.3 Axiology 

Hammond and Wellington (2021, pp. 12-14) define axiology as the philosophy 

concerning beliefs and values. It reminds us that individuals have their own values and 

beliefs that need to be respected when choosing what to research and how to research it. 

The authors go on to discuss whether these values should be restricted or embraced when 

conducting research and how positionality is important to recognize. In this context, it is 

acknowledged that the research will be shaped and affected by values and that research 

always in some way involves bias. Nevertheless, the bias from the participants is not 

viewed as a limitation but rather an integral part of the objective of understanding HR 

professionals trust in AI-recruitment. Trincia (2015, p. 125) discusses how axiology is 

related to ethics and how axiology exists due to normative expectations of human 

behavior. This norm implies that humans act in a good way, or in a way that rejects evil. 

In reality, this human act is a rational and normative will. This can be applied to the 

context of human oversight in AI usage, as HR professionals must navigate the ethical 

considerations provoked by AI. The workers are required to consider factors such as 

fairness, bias and accountability. Furthermore, the author goes on to claim that an 

axiological hierarchy exists, where the highest point in the hierarchy is reached through 

self-justification. This hierarchy helps guide human behavior and decisions. In this 

research context, HR professionals’ trust in AI may be influenced by their own ethical 

evaluation. Axiology will therefore be taken into consideration throughout the study and 

its role in shaping the research around beliefs and values will be acknowledged.  
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4. Research Method 

This chapter aims to describe and motivate the adopted research method. This includes 

the research approach and design, data collection and sampling, interview guide and 

interview conduction, and the methods used for transcribing and analyzing the data. It 

concludes by discussing the relevant ethical considerations taken.  

 

4.1 Research Approach 

When conducting research, a decision on what research approach to use needs to be made. 

This can be deductive, inductive or abductive approach. The deductive approach is often 

used in scientific research and implies developing a hypothesis and later designing the 

research to test this hypothesis, often using quantitative data. On the contrary, the 

inductive approach develops theory based on the collected data and analysis, rather than 

testing an existing one. In concise terms, the researchers try to make sense of the collected 

data. When using an inductive research approach, the researcher is most likely concerned 

with a specific context. Therefore, the inductive approach is more suitable for smaller 

sample sizes. Lastly, the abductive approach combines both elements of deduction and 

induction. Instead of simply moving from theory to data like in deduction or moving from 

data to theory as in induction, the research moves back and forth. The process of 

abductive approach begins with observation and then tries to create a theory explaining 

how the observation could occur (Saunders et al., 2019, pp. 152-156).   

 

The decision between adopting a deductive, inductive or abductive research approach 

depends on the research philosophy. The chosen philosophy during the study leads the 

researcher to different approaches. Positivist is related to deduction, interpretivist to 

induction, and lastly postmodernist, pragmatist and critical relates to abduction. 

Furthermore, practical factors like time-constraints can be a factor since deductive 

research tends to be quicker compared to inductive and abductive (Saunders et al., 2019, 

p. 157).  

 

There are three reasons as to why adapting the right research approach is important. 

Firstly, it enables the researcher to make more informed decisions, like where and why 

different data is collected. Secondly, it makes it clearer which research strategies work 

and do not work for their research. Lastly, it also allows the researcher to cater for 

potential limitations, such as limited access to data (Saunders et al., 2019, p. 157).  

 

This research uses an inductive approach. The study will focus on HR professionals' 

perceptions and experiences in AI-driven recruitment, which is a very complex 

phenomenon. An inductive research approach thus allows us to explore themes and 

patterns that might not have been originally considered. Additionally, due to limited 

extant theories on HR professionals’ perceptions of AI in the Swedish public sector, 

which would make it difficult for us to test a predefined theory. Moving forward with an 

inductive approach, the theory can instead be developed using the collected data.  

 

4.2 Research Design 

Research could either take on a qualitative or quantitative method, or a combined mixed 

method. The quantitative method uses statistical techniques to determine different 

variable relationships. Additionally, the research focuses on collecting numerical data, 
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for example through surveys, and keeps a distance from the sample studied in order to 

become objective. A strength with this approach is that it uses a larger sample and might 

produce a more reliable outcome. In contrast, the qualitative method studies social 

phenomena through anthropological perspectives. This method collects data through 

interviews, participation, focus groups, and such. A strength with this approach is that it 

offers a more detailed analysis and contextual understanding (Steckler et al., 1992, pp. 1-

3). For our specific context, we have chosen a qualitative research approach. As we are 

hoping to gain insight into HR professionals’ personal experiences with AI-driven 

recruitment, this method allows us to deepen the understanding of a social context. More 

specifically, the use of a qualitative method with a smaller sample size will allow us to 

explore beyond predetermined variables. 

 

The study will be an exploratory study. An exploratory study aims to deepen the 

understanding of a phenomena when its underlying causes are unclear. Since HR 

professionals' perceptions of AI-recruitment can differ across organizations we believe 

the flexibility of exploratory analysis is beneficial. The relevant dependent variable-trust- 

is ambiguous and subjective, consequently further proving this direction (Saunders et al., 

2019, pp. 186-187).  

 

Teherani et al. (2015, p. 669) describes qualitative research as understanding how 

individuals experience, behave, function and interact in a specific social phenomenon. 

The authors continue to explain three different qualitative research approaches: 

ethnography, grounded theory and phenomenology. Grounded theory aims to develop a 

theoretical model based on the study data. Ethnography is to gather an understanding of 

a specific context by immersing yourself in the setting. Lastly, phenomenology helps us 

to understand and describe a phenomenon by observing it through the perspective of other 

individuals who have experienced it. Our research mostly aligns with phenomenology 

since we want to conduct the research through the lens of different HR professionals that 

will share their own experiences and perceptions.  

 

4.3 Data Collection and Interview Guide 

After deciding upon the research approach and design, a decision regarding how the data 

is going to be collected needs to be made. Gephart (2004, pp. 458-459) describes in their 

paper various qualitative data collection methods including case studies, interviews, 

observations and textual analysis. Case studies are used to describe a single event, often 

examining a phenomenon as it changes over time. However, our research aims to improve 

understanding of individuals’ perceptions of a phenomenon rather than one single 

bounded case. Observational methods, for example participant observation, involve the 

researcher to immerse themselves into the research context or a specific group. Given our 

study’s time constraints, an observational method was not a feasible option. Textual 

analysis involves approaches like semiotics and narrative analysis and is well suited for 

analyzing written content such as texts. However, our interest is not in written contents 

but instead individual perceptions of HR professionals, limiting the usefulness of this 

method. Given these considerations, interviews emerged as the most suitable option for 

our study. Interviews will allow us to engage in face-to-face interactions with the 

respondents, enabling a more flexible exploration of our research topic (Gephart, 2004, 

pp. 458-459).  
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In their critical review of qualitative interviews, Alsaawi (2014, pp. 149-156) discusses 

the advantages and drawbacks of interviewing as a qualitative research method. For 

researchers who aim to understand people and the meaning they give their experiences, 

interviews are an appropriate method. It can offer insight into society and the people in 

it. Interviews are the most flexible qualitative research method and provides an 

opportunity to engage with people and their thoughts directly. However, interviews take 

time, and the process from establishing access to finally making use of the data is long. 

Furthermore, objectivity is more complex as both the interviewer and the interviewee are 

contributing to participants. As such, it is important for the interviewer to be aware of 

their influence on the data and the risks for the interviewee. For our research purpose, 

interviews are a fitting approach despite their potential drawbacks. The depth and insight 

they can offer through direct and prolonged contact with the participants is valuable to 

our aim and is not easily replaced by other methods.  

 

There are some different approaches to interviews. Structured interviews use questions 

that are standardized and predetermined and are usually connected to quantifiable data 

(Saunders et al., 2019, pp. 436-438). Though structured interviews can help maintain 

focus on the target topic, they lack richness and limits the ability for more in-depth 

responses (Alsaawi, 2014, pp. 150-151). Contrary to this, semi-structured and 

unstructured interviews are instead non-standardized and connected to qualitative 

research. When conducting semi-structured interviews, the environment of the discussion 

is flexible. The order of the questions asked may change depending on the specific context 

and additionally some new questions might appear during the interview. Unstructured 

interviews are instead more informal and do not use any predetermined set of questions. 

This approach gives the respondent a chance to talk more freely about the topic 

area. Semi-structured interviews allow the respondent to develop and explain their 

responses. This is of importance if an interpretivist epistemology has been adopted, and 

the research is concerned around understanding respondents' perceptions around a 

phenomenon (Saunders et al., 2019, pp. 436-438). Semi-structured interviews are also 

suitable for researchers who have an overview of their topic prior to the interview to 

formulate relevant questions, but still value depth and elaboration in the responses 

(Alsaawi, 2014, p. 151).  

 

Applying this to our context, we have decided to use semi-structured interviews as our 

data collection method. This research will use only one data collection technique, 

meaning it is a mono method qualitative study (Saunders et al., 2019, p. 179). The use of 

semi-structured interviews will benefit our research direction since it will help to gain 

meaningful insight into HR professionals' experience with AI-driven recruitment. 

Additionally, it will help to gain insights into topics we did not originally consider.  

 

We have constructed an interview guide (See appendix A & B) based on the suggestions 

made by Adeoye‐Olatunde and Olenik (2021, pp. 1361-1362). The authors explain the 

process of developing an interview guide that serves as a guide to which topics and 

questions are going to be addressed during the interview. The guide is not supposed to be 

read verbatim as done in a structured interview but will help construct an open discussion 

with mostly open-ended questions. Based on the author's suggestion, we have constructed 

the interview guide based on previously published theoretical frameworks and theories, 

this to ensure relevance and depth in our interview questions. The guide begins to cover 

a broader context about the participants’ roles and experiences in recruitment. It then 

moves to cover topics such as: AI in recruitment, trust, AI ethics and bias, applicant 
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perspectives, change readiness, training and future outlook. We made sure that the 

interview guide served as a tool to ensure theoretical alignment, as well as supporting a 

natural in-depth discussion. Additionally, the interview guide was adjusted following the 

conducted pilot interview to improve clarity, flow and theoretical relevance.   

 

4.4 Data Sampling  
 

4.4.1 Data Sampling Method 
 

Sampling is an important aspect of the research since it can affect the trustworthiness of 

the findings. Therefore, it is important to adopt the best sampling method for our intended 

research objectives. Generally, there are two often discussed sampling approaches: 

probability and non-probability sampling. Non-probability sampling is the most common 

approach used in qualitative research, where the sample participants are selected based 

on specific criteria and characteristics. In contrast, probability sampling selects 

respondents based on random selection (Adeoye‐Olatunde & Olenik, 2021, p. 1361). 

When looking for companies to participate in our research study, we used a non-

probability sampling method. This is because we want to select the participants based on 

specific criteria, and they need to have experience in the chosen research topic. Most 

importantly, we were looking for HR professionals currently employed at a Swedish 

public company. The participants do not need to be actively working operationally with 

recruitment themselves, but they should have a role where they participate in or have 

influence over the process. There are various non-probability sampling techniques, for 

example quota, purposive, snowball, self-selection and convenience. We have chosen 

purposive sampling, which means the researchers use their own judgement to select the 

best respondent to answer the research objectives. It is often used when working with a 

smaller sample size focused on in-depth and specific contexts (Saunders et al., 2019, pp. 

315-323).  

 

Furthermore, when selecting the sample size, there are split views over what is the most 

optimal size since it depends on the specific context. However, we will follow the 

suggestions presented by Adeoye‐Olatunde and Olenik (2021, p. 1361) who state, “In 

qualitative research, we consider the sample size to be sufficient when there are no new 

codes or themes generated from data collection; commonly referred to as theoretical or 

thematic saturation”. Although generalizability is important to us, our primary objective 

is to achieve in-depth insights into HR professionals' perception of AI-recruitment. 

Therefore, we have chosen a smaller sample size of 6 interviewees, from two separate 

companies that fit our sample criteria (See figure 2). This allows us to explore while 

keeping a manageable sample that aligns with the restraints on time and limited 

resources. Additionally, conducting the same number of interviews in each company 

allowed us to maintain balance, symmetry and comparability across the different 

contexts.  
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Table 2. Overview of chosen companies. 

Company Description AI implementation Interview 

respondents 

A Company A is a 

municipal administration 

in a city in Central 

Sweden and plays a role 

in hiring processes in 

various departments.  

  

No established AI-tools in the 

recruitment process. Instead, its 

integration is decided on an 

individual level. However, the 

organization started looking into 

different AI alternatives at the time 

of the study.  

3 respondents 

were 

interviewed. 

B Company B is a 

municipal administration 

in a city in Southern 

Sweden, specifically 

operating in the health 

care sector. 

AI-tools have been introduced in 

their recruitment process. 

3 respondents 

were 

interviewed. 

 

4.4.2 Conducting the Interviews 

Van Teijlingen and Hundley (2002, p. 33) discuss the importance of conducting a pilot 

study during qualitative research. A pilot study can be described as a mini version of the 

full-scale study, which can be done through a pre-testing interview. It is an important step 

to ensure good research design, and despite it not ensuring success later on it increases its 

likelihood. One of the major advantages of conducting a pilot interview is that it can give 

an indication of where the study might potentially fail, as well as ensuring protocols and 

methods are being used appropriately and are not too complicated.  

 

We, therefore, in addition to the six respondents, we sampled from the two companies for 

our official interviews, we sampled one respondent from a third company for a pilot 

interview. Like our other respondents, this respondent is an HR professional in a 

municipal administration in Sweden. We treated the pilot interview exactly how we 

would an official interview. We prepared the consent form, received verbal consent, 

recorded the interview, and stored the file securely. We also had a meaningful dialogue 

with the participant after the interview, where they shared their thoughts, feedback, and 

recommendations. It was incredibly helpful to us, and we adjusted our interview guide 

accordingly. Furthermore, by identifying any disjointedness or lack of fluency in the 

dialogue and question structure, we had the opportunity to reflect and improve on these 

points in preparation for the actual interviews. It also helped us in identifying any 

spontaneous follow-up questions that emerged throughout the interview. These questions 

were then refined for coherence so they could be used in the official interviews. The pilot 

interview was a useful tool in preparation for the official interviews and greatly benefited 

our method.  

 

For the official interviews, we scheduled meetings with six HR professionals working at 

public municipal administrations in Sweden (See table 3). We interviewed three 

respondents from company A and three respondents from company B, hence the labeling 

of the participants as A1-3 and B1-3 respectively. The interviews did not take place 
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chronologically but were rather scheduled according to each participants’ preference and 

availability. The interviews all took place digitally and remotely via Microsoft Teams 

video conference. After greetings and introductions, we requested to begin recording and 

thereafter made sure each participant had understood the consent form we sent them prior 

and asked them for verbal consent. Thereafter, we began following the interview guide 

(see Appendix A and B). Where relevant, we asked impromptu follow-up questions 

throughout the interview. Although we found that the questions from the interview guide 

offered meaningful insights, there was often room for a follow-up question or a point of 

clarification. It was also an opportunity to explore the respondents’ personal views, as 

some of the answers were very professional and factual. After the questions had been 

asked, we gave the respondents a chance to add anything they felt was left out of the 

interview. We also encouraged them to ask questions if anything felt unclear. Thereafter, 

the recordings were stopped, as were the interviews shortly after. The interviews lasted 

an average of 36 minutes, ranging from 32 to 39 minutes.  

 

Table 3. Overview of conducted interviews. 

Participant Duration (minutes) Place Date 

Pilot Interview 29:55 Digitally on 

Microsoft Teams 

28th March 2025 

A1 33:17 Digitally on 

Microsoft Teams 

3rd April 2025 

A2 39:40 Digitally on 

Microsoft Teams 

8th April 2025 

A3 32:19 Digitally on 

Microsoft Teams 

4th April 2025 

B1 37:59 Digitally on 

Microsoft Teams 

2nd April 2025 

B2 34:33 Digitally on 

Microsoft Teams 

3rd April 2025 

B3 38:36 Digitally on 

Microsoft Teams 

4th April 2025 

 

4.5 Method for Data Transcription 

Preparing the data for analysis is crucial to the quality and accuracy of any study’s 

outcome. Though notetaking is useful, it is not enough for the amount of data we 

collected. In the case of semi-structured and unstructured interviews, recording 

interviews is pivotal (Alsaawi, 2014, p. 152), The primary step in this process is the 

transcription of all data collected. To best complete the data transcription, we have 

followed the steps outlined by Saunders et al. (2019). 

 

Qualitative interviews are typically recorded and later duplicated as a written account. 

The actual words are reproduced verbatim in text, and tones and other non-verbal 

indicators are also transcribed (Saunders et al., 2019, pp. 644-648) As such, all interviews 

conducted for this study have been recorded.  

 

We recorded the interviews on two separate devices: one mobile phone using an audio 

recording application, and on the laptop the interview was conducted on. The interviews 

took place digitally and remotely on Microsoft Teams, which features the option to record 
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the interviews (video and audio) in real time. This method decreased the risk of data loss 

due to technical issues like playback interruptions or recording errors. It also allowed us 

to video record non-verbal cues and other indicators not captured through audio 

recordings. Participants that did not consent to being recorded on camera were not video 

recorded. In this case, we annotated non-verbal cues ourselves throughout (Saunders et 

al., 2019, pp. 461-463). After the interviews, both recordings were stopped and saved. 

The recordings were stored on a secure office drive provided by our university and saved 

under numerical file names that preserved each participants anonymity while still 

allowing us to distinguish each respondent (Saunders et al., 2019, p. 646). In total, we 

recorded six official interviews and one pilot interview.  

 

The first step in transcribing the data is to repeatedly listen to the data to familiarize 

yourself with it as much as possible (Saunders et al., 2019, p. 652) We played back and 

listened to each recording carefully two to three times. For our data transcription, we 

implemented a hybrid approach of sorts to balance manual transcription with assisted 

transcription. We chose one interview at random to transcribe manually, in order to 

familiarize ourselves with the process and to increase credibility. We listened to the 

chosen interview a total of 3 times, in addition to several partial and isolated playbacks. 

The audio was transcribed directly by us from the audio recording, reproducing the 

participant’s verbal responses to written text verbatim. After the transcription was 

checked carefully against the original audio recording for accuracy, we referred to the 

video recording for any non-verbal indicators and tones used by the participants. These 

were duly included in the written transcription. For instance, pauses, stutters and 

repetitions, non-verbal fillers, instances of laughing or coughing, ambient noise, 

grammatical errors, over speaking, and any physical gestures are transcribed for precision 

and clarity. These varied greatly from interview to interview as we tried to keep each 

interview organic and flexible as possible to ensure the participants’ comfort. Once we 

manually transcribed this interview, we moved on to assisted transcription in order to 

streamline the remaining process.  

 

There are different alternative methods to reduce the downtime associated with audio-to-

text transcription (Saunders et al., 2019, p. 645). For instance, one can use voice 

recognition software’s to dictate the audio recordings and transcribe them textually. 

However, we adopted a different approach. In accordance with the GDPR and Umeå 

University regulations pertaining to our data storage, we have solely used tools provided 

by Office365. Microsoft Teams does offer direct audio-to-text transcription in real time. 

Although this was helpful and served as an initial accompanying script when listening to 

the recordings, we didn’t find it to be very accurate. There were several semantic mistakes 

and the language became stilted. So, we chose to use Microsoft Word’s audio-to-text 

transcription tool instead. We found the transcription to be more accurate linguistically 

and grammatically. The transcription still underwent thorough checking to ensure 

accuracy, and any syntax or diction errors were corrected manually. Re-reading the 

transcribed text while listening to the recordings was incredibly helpful and saved us time 

while still allowing us to preserve accuracy and respect for the original audio. Thereafter, 

the transcription was enhanced by including any non-verbal cues, context from the video 

recordings, and tones from the video recordings and observed in the interview not picked 

up by audio recordings. For instance, pauses, stutters and repetitions, non-verbal fillers, 

instances of laughing or coughing, ambient noise, grammatical errors, over speaking, and 

any physical gestures were transcribed for precision and clarity. Using this approach, we 

transcribed the remaining five interviews. 
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Finally, each transcribed interview was saved as a word-processed file stored on a secure 

office drive provided by our university, with each file name preserving the participant’s 

anonymity (Saunders et al., 2019, p. 646). With the transcription completed, the data was 

ready for analysis.  

 

4.6 Method for Data Analysis 

The process of analyzing data in qualitative research often begins as soon as the first data 

has been collected. It is difficult to set a distinction between the stages of data preparation, 

analysis and interpretation as the stages often overlap. For example, when preparing the 

data, the process of analyzing has already begun. Additionally, the analysis often shapes 

how the data is being interpreted in the end. One of the most commonly used techniques 

in qualitative analysis is thematic analysis (Sandelowski, 1995, p. 372).  

 

The first step we took to analyze our transcribed data was coding, where we identified 

and labelled different topics, similarities, and differences from the data. This was 

completed by hand, using notes and highlighting, but was also analyzed in Word and 

Excel. There are different approaches to coding. Inductive coding follows a bottom-up 

procedure, where you capture new patterns entirely from the data. Deductive coding 

follows a top-down procedure and is commonly used when a theoretical conceptual 

framework was applied to the data collection. With this approach, predefined themes are 

derived from the framework rather than the data. Lastly, there is an option to combine 

both approaches, which is the direction we chose. We started by following a more 

deductive approach based on our framework but inductively added new insights as the 

analysis went along (Adeoye‐Olatunde & Olenik, 2021, p. 1364). We used thematic 

analysis as an analyzing method to identify patterns and relationships in the collected 

data. This included the process of creating themes from the coded data and coding the 

data in a way that related to the identified themes. The process aims to make sense of the 

collected data in a creative way. It is not a continuation of the words collected from the 

interviews, but instead trying to draw deeper connections and relating concepts (Fugard 

& Potts, 2020, pp. 2-7). When drawing our conclusions we did not relate the frequency 

of codes to importance. It is a common misconception in qualitative research that the 

frequency with which something is mentioned indicates its importance. Frequent 

appearance does not inherently mean greatest impact. As such, we focused on that the 

conclusions and interpretations explained how our results add to our revised conceptual 

framework (Adeoye‐Olatunde & Olenik, 2021, pp. 1364-1365).  

 

To ensure credibility in the coding process, we each did the coding process separately for 

each transcript. After, we met up to discuss and compare our coding, where we addressed 

any discrepancies until consensus was reached (Adeoye‐Olatunde & Olenik, 2021, p. 

1364). Furthermore, we went through the transcribed data multiple times in order to 

familiarize ourselves with the content and to ensure no themes were missed. We were 

satisfied with the analysis once we achieved theoretical saturation. This means that once 

additional data added stopped altering our conclusions, no further data was needed, and 

we achieved theoretical saturation. Additionally, we were satisfied with the conclusions 

once we believed it had reached our ceiling of generalizability (Fugard & Potts, 2020, pp. 

2-7). Throughout the process of analyzing the collected data we tried to be as unbiased as 

possible to improve the quality of the analysis. This is difficult since selectivity in analysis 
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cannot be eliminated, but can be improved by raising awareness (LeCompte, 2000, p. 

146).   

 

4.7 Ethical Considerations 

Ethical integrity as a researcher is of utmost importance. This is especially crucial when 

involving human participants (Saunders et al., 2019, p. 232). Saunders et al. (2019, pp. 

252-253) define ethics as “the standards of behavior that guide your conduct in relation 

to the rights of those who become the subject of your work or are affected by it”. As with 

any research project, this study requires consideration for several ethical issues, and strict 

compliance with regulations that mitigate said issues. To ensure this has been honored in 

our data collection and analysis, we have used the guidelines provided by Saunders et al. 

(2019, pp. 212-280), and the authors’ proposed ethical principles (2019, pp. 257-259), 

and the guidelines of Umeå University, School of Business, Economics, and Statistics for 

processing of personal data.  

 

The importance of ethical practices in research has continued to grow in recent years, 

making it an indispensable consideration throughout data collection and research 

conduction. This is especially true for research conducted with human participants, even 

if not conducted in person (Saunders et al., 2019, pp. 232-233). In the context of research, 

ethics refers to the standards of behavior that guide your conduct in relation to the rights 

of those who become the subject of your work or are affected by it. 

 

In research, ethics provides a framework for responsible conduct that governs how 

researchers should treat those who participate in or are impacted by their work. Ethical 

considerations are important throughout the entire research process, from seeking access 

to collective, analyzing, managing, and reporting the data (Saunders et al., 2019, pp. 252-

253). For our research, we adopted a deontological position, following the rules of 

conduct throughout every step of the process in order to comply with behavioral norms 

established by our institution. Deviating from the rules and code of ethics provided by 

our university was not an option, and our conduct was therefore always in accordance 

with them. These codes are of the utmost importance to us as they explicitly or implicitly 

recognize ethical dilemmas and their need for consideration. This helps us anticipate risks 

and take conscious choices to avoid them or later mitigate them if necessary (Saunders et 

al., 2019, p. 254). 

 

Prior to the data collection, we received permission from the respondents to use their data 

in the study. For this, we used a consent form provided by Umeå University’s department 

of Business Administration. We filled out the form and included any relevant information 

about us as researchers, the purpose of the study, their role as participants, and a detailed 

account of how their data was going to be stored and later published. Information on how 

to withdraw consent, appeal against or correct their collected data, and how to contact the 

correct liaisons and responsible contacts was also included. Our contact information and 

our supervisor’s information were also included.  

 

We sent the consent form with all the information to the participants prior to their 

interviews, personalizing each participant’s form with their name and the correct date. 

The participants read through the forms on their own time before the interviews. The first 

thing we did when the interview began was ask them for permission to record the ensuing 

conversation concerning the consent form. Thereafter, we asked them if they had read 
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through the form and familiarized themselves with all the information and made sure 

everything felt clear and understood. Thereafter, the participant’s verbal consent was 

requested. Once consent was given, the interview began.  

 

The forms were agreed upon by the respondents and stored according to relevant 

guidelines. The consent of the participants was also informed, meaning the participants’ 

willingness to participate was based on their understanding of our study and the 

consequences of their participation. The consent form included all pertinent information 

about the study to provide the participants with information necessary to consent. The 

participants all had the right to confidentiality and anonymity. This means their personal 

anonymity would be guaranteed, and that their data would be handled with discretion and 

confidentiality.  

 

The respondents were through the consent form guaranteed the right to withdraw their 

participation and their consent at any given time. As research, we remained objective and 

impartial in the data collection stage, to avoid subjective selectivity in the data 

processing.  

 

Beyond formalities and semantics, all participants were treated fairly and respectfully. 

Participants had the opportunity to ask questions prior to the interview and ask any 

follow-up questions afterwards to ensure their comfort and confidence (Saunders et al., 

2019, pp. 257-259). Once the interviews were finished, we had a short dialogue with each 

participant about their experience and encouraged them to ask questions if anything 

needed clarification, whether it may relate to the interviews content or their overall 

participation. This discussion was especially pertinent after the pilot interview to ensure 

trustworthiness and credibility, and to improve the participants experience and overall 

comfort. We received relevant feedback and duly adjusted our interview guide prior to 

the official interviews.  
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5. Empirical Findings 

This chapter aims to present the interview participants and the empirical findings. In 

alignment with the research method, this chapter presents the seven themes derived from 

the data analysis, with supporting quotes and insights from the data.  

 

5.1 Interviewees Background Information 

Participant A1 

Participant A1 is a recruitment consultant within a central unit of a municipality in Central 

Sweden. They support hiring managers across various sectors including social services, 

education, and administration. They have responsibilities across the entire recruitment 

process, from needs analysis and profiling to interviews, background checks, and 

psychometric testing. Their experience spans both high-volume and in-depth recruitment. 

Their role also includes talent sourcing and the development of recruitment materials, like 

digital content for job postings.  

 

Participant A2 

Participant A2 has experience in both public and private sectors and is currently an 

internal HR consultant for a municipality in Central Sweden, providing project-based 

recruitment support across several departments. They provide strategic and operational 

support to hiring managers throughout the municipality. They began their career in IT 

recruitment before switching to consultant management roles at staffing agencies. Their 

responsibilities included full-cycle recruitment, personnel and work environment 

management, and organizational management. They also have experience with 

recruitment in healthcare staffing and as an HR specialist in the public sector.  

 

Participant A3 

Participant A3 is a recruitment consultant and business developer in a municipal 

recruitment division in Central Sweden, where they have worked for several years. They 

provide targeted support to hiring managers across various departments, covering the full 

recruitment process or specific recruitment stages like interviews, screening, 

psychometric assessments etc. They have previously worked with recruitment and 

staffing in the private sector, working with diverse clients and recruitment for positions 

spanning entry-level roles to senior management.  

 
Participant B1 

Participant B1 is an HR administrator for a municipality in Southern Sweden. Their 

primary responsibility is coordinating seasonal recruitment for roles within eldercare, 

including care assistants, auxiliary nurses, and support staff. They have worked with 

recruitment for approximately three years in both public and private sectors, focusing on 

profiling, candidate selection, and final hiring decisions.  

 

Participant B2 
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Participant B2 is an HR consultant in a municipal health and social care department in 

Southern Sweden. Their responsibilities include recruitment and HR support for nursing 

staff, with a recent focus on integrating AI tools into the recruitment process. Previously, 

they have worked at a staffing agency and have been employed by the municipality since 

recently graduating. 

 

Participant B3 

Participant B3 currently works in a municipal recruitment unit in Southern Sweden, 

where they mainly focus on hiring occupational healthcare staff. They have been in this 

role for less than a year and have previous experience with the same HR department 

working with employment and payroll matters and later transitioned to their current role 

to try something new.  

 

5.2 Findings  

The findings from the interviews will be presented through the discussion of the seven 

themes. Each theme was codified and extracted from the empirical data. Quotes have 

been translated into English from the original language Swedish. 

 

5.2.1 Perceived Efficiency and Usefulness of AI  

The implementation of new systems is a multi-faceted task. Although the initiative might 

come from management, it needs to be executed by the employees. There is always the 

hope that new tools will be received well, used easily, and seen as practically useful. 

Using AI tools in the recruitment process is a relatively new transition, especially since 

HR is a department led by humans for other humans. Implementing new technology will 

naturally beg the question of what the HR staff is gaining from it in practice.  

 

When asked to describe their experience with AI tools, the interviewees’ responses were 

overwhelmingly positive. At company A, HR professionals have recently started using 

some generative AI chatbots to assist with writing job advertisements and to brainstorm 

new ideas and assist with administrative tasks like job and profile descriptions and 

helping to rank candidate competences. There have also been several pilot tests with other 

AI systems, wherein respondents A2 and A3 participated. These systems were not 

integrated, mainly due to technical imperfections that rendered the system unable to 

properly assist HR professionals. 

 

Respondent A1 describes their current AI tools as easy to use and explains that AI really 

helps with creative brainstorming as A1 feels they can reach a creative block sometimes 

and can sometimes find it hard to put word to their ideas. Despite describing the AI as 

easy to use, A1 points out a certain frustration with implementing new systems when the 

systems distributor’s instructions or information is unclear “It takes up so much time when 

things are not clear, and time is money”. Respondent A2 also mentions the administrative 

advantages to using AI “Some tools have worked great with helping to formulate 

everything from job descriptions, to clarify, to simply, to shorten”.  

 

Despite company A not yet having a fully integrated AI system in their recruitment 

process, the respondents still find the tools they do use to be incredibly useful. Respondent 

A3 described AI as “easy and effective” developing that “it is really great to be able to 
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get help with texts you can adapt to a specific group and to make it sellable and attractive 

and short and concrete and so on. So yes, there are great advantages in getting help from 

[AI system]”. When asked if they have encountered any drawbacks of using AI in 

recruitment, A2 responded “Actually none as of right now, in the way that I use it. There 

have only been upsides”.  

 

There is not just a perceived usefulness of the AI tools used currently, there is also a lot 

of perceived potential for the future of AI in recruitment. For instance, respondent A1 

mentioned “I think AI will be a big part of our future both in recruitment and also in other 

parts of the company actually. It’s such a timesaver and it can really simplify those time-

consuming [for a lack of a better word] unnecessary administrative tasks. For those tasks, 

I would gladly put that information into an AI tool so it is done, and I can focus on my 

operative or strategic tasks”. Being able to save on downtime for administrative tasks 

isn’t the only thing the respondents appreciate with AI. There can also be time saved in 

cutting down communication between employees, as mentioned by respondent A3 “I do 

not know if I would say I have a higher trust [in AI] than in my colleagues, I don’t 

necessarily think so, but it would save a lot of time to not always have to check in with 

my colleagues”.  

 

At company B, AI integration has advanced further than at company A. Company B 

currently uses an AI system robot that essentially replaces telephone interviews by asking 

candidates basic requirement questions and later competence-based questions. The HR 

professionals at company B are therefore much more involved in using AI systems in the 

recruitment process. Though this did not deter the positive perceptions of usefulness from 

the respondents, it did offer more nuance.  

 

The strictly technical use of the system was described as easy by respondent B1 “I’d say 

it’s very easy…”. Respondent B2 shares the same perception “Right now it’s very easy. I 

think it’s because we have not really utilized the full potential yet. Maybe it will become 

more advanced later, but right now it’s very convenient, it’s very user-friendly, so I’d say 

it’s just great”. B3 agrees “I mean, [the AI systems] we have are very easy, like [the AI 

robot] is an incredibly east, like, quick little first interview”.  

 

In terms of usefulness, the respondent’s experience usefulness for themselves, but also 

for the candidate, as described by B1 “It is calmer for the candidate. From the perspective 

of the candidate experience I think it is better, even if you lose the human contact”. 

Furthermore, this can help better match candidates to the vacant job roles, explained by 

B2 “It’s just an advantage because many of the [questions] we want to ask in an interview 

have already been asked by the AI, so it becomes a better match with [the candidates’] 

preferences and the available vacancies we have”. 

 

Despite the positive perceptions of usefulness, the perceptions of efficiency are more 

complex. There seems to be an irreplaceable need to supervise the system that is 

perceived by the respondents as time-consuming. This can undermine the time the system 

saves on interviews “It’s time effective because we no longer need to call the candidates. 

But it takes a lot of time. I mean, I sat an entire Monday, all I did was copy and paste for 

50 candidates” (Respondent B1). Again, this is largely due to the lack of system 

integration, which leads to a larger administrative workload. The system has also failed 

to complete certain tasks. Respondent B1 explains that the AI needs to be trained. They 

described a situation where the AI misunderstood a candidate having traded work shifts 
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with the candidate having traded passports because the same word is used for both things 

in Swedish, which resulted in a direct complaint from the candidate. There was a similar 

situation where the system failed to recognize residence permit numbers provided by the 

candidates “It just did not work. It didn’t matter what numbers they wrote. It just went 

around in a circle and [the AI robot] does not understand the number, so we had to 

remove that feature”. These blind spots can diminish HR’s trust in AI. B1 refers to a 

situation where the AI failed to recognize red flags from the candidate that were obvious 

to human recruiters.  “I’d still say the human wins [my trust] because [AI systems] still 

need to be trained by a human, and there are certain things that [the AI robot] doesn’t 

recognize right now”. 

 

Based on insights from the respondents, the perceived efficiency and usefulness of AI 

tools in recruitment is evidently an important influencing factor, for the HR staff, for the 

candidates, and for the practical use of the AI.  

 

5.2.2 Human Oversight: Control and Personal Involvement 

The collaboration between human employees and AI systems was another recurring topic 

throughout the interviews, especially when the respondents were asked about the 

challenges they have faced when using AI and the differences when working with AI 

compared to human colleagues. When discussing this human oversight in the interviews, 

there were two principal elements that came up repeatedly: control and personal 

interaction.  

 

Control, or lack thereof, seemingly manifests itself in two main ways: the feeling of 

control, and the practical control. These two can go hand-in-hand, where a respondent’s 

perception of control will directly influence how much control they actually exert “We 

do not know to one hundred percent what it sorts by or how it acts. Which means, like I 

said, the control is lost a little, which is why I haven’t yet relinquished it fully” 

(Respondent A1). This can be independent of one’s trust in AI. The HR professional’s 

perception of control over AI can create a sense of uncertainty and motivate a need to ask 

questions, but it doesn’t necessarily hinder willingness to use it “Yes, I have a lot of trust, 

but I also want to check for myself and control and ask follow-up questions” (Respondent 

A3).  

 

The respondents’ experiences underscore the importance of having the opportunity to ask 

questions and be critical, even if that doesn’t necessarily mean directly overriding 

decisions taken by AI. It is also a matter of asking the right questions, and gaining relevant 

experience to do so “I need to have some kind of feel for it to be able to decide, like, 

'Okay, should I challenge the AI here? Does this really mean what it seems to?’ So I think 

you just need to be aware and not blindly trust…because I think you still need some 

experience to know what a good question actually looks like, and so on. I believe that 

someone without experience might have a harder time working with it, because you have 

to be able to judge for yourself whether it is good or not.” (Respondent A2). The 

understanding necessary to be able to ask relevant questions is not something that occurs 

organically, it needs to be nurtured. When asked what would make them more 

comfortable using AI, respondent A2 said “Training. Training, training, training,…and 

having a bit of a critical mindset, not just buying into everything”.  
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At company A, control seems to be a more subjective experience, and if the relevant 

regulations and guidelines are being followed, each individual can decide how to mitigate 

their perception of control through knowledge and questioning. At company B, control is 

less flexible in its practical execution. Using an AI that directly interviews candidates and 

stores large volumes of personal data leads to a regulatory need for control, not just a 

personal one. The extent to which recruiters need to supervise the AI is determined partly 

by managers “Our manager has decided that we should not rely on [the AI robot’s] 

scoring, regardless of whether you get 50 points or 10 points, we are still supposed to go 

in and read and assess things in our own way. And at the core, I guess that comes down 

to a lack of trust, but it is not really my lack of trust, it is my managers…he wants human 

eyes on things. The system is good, but we can’t rely on it to do our jobs for us” 

(Respondent B1). Supervision is also determined by external regulations. “If you are 

already being that careful about discrimination grounds and GDPR and all that, then the 

AI itself can’t really make a mistake, because we are there to check and control it.” 

(Respondent B2) 

The deliberate involvement of human intervention in AI to ensure accuracy, fairness, and 

compliance is a mechanism of human oversight. At company B, human oversight is 

indispensable given that their AI is not yet integrated into their system. This means HR 

professionals must always oversee the system and make the final decisions. “[The AI 

robot] does not really make any decisions, we do.” (Respondent B1). When asked if they 

have the opportunity to oversee and override strategic directions taken by the AI, 

respondent B2 explained “We actually do that in all cases, I don’t think we make our 

decisions based on the AI’s judgement that often”. However, respondent B3 developed 

on this matter and explained that HR professionals are not able to directly override the 

AI, and instead need to contact a separate team to make the changes for them, an oversight 

mechanism that requires a lot of time “And then we have to wait, like we submit a case, 

and they are supposed to contact us, and yeah, that was something that was asked about 

this morning. It still has not been resolved, and it is quite a small thing…” (Respondent 

B3). Despite being described by the respondent as an inconvenience, the mechanism is 

still necessary as the AI makes systematic mistakes like repeatedly skipping interview 

questions and such. In the future, respondent B3 hopes to be able to edit and override the 

AI’s decisions manually themselves. 

Human oversight is not just limited to supervising and overriding AI, it finds itself equally 

important from the candidate perspective. Decreasing human involvement in the 

recruitment process can negatively impact the candidate’s experience and engagement 

“People, especially those applying for jobs, our candidates that is, need some kind of 

human contact to know who their future manager will be, to get a personal sense of the 

role they have applied for. And I believe it strengthens motivation, interest, and 

engagement if there is some type of human contact” (Respondent A3). However, using 

AI in recruitment can also make the process more painless for the candidate, as 

highlighted by respondent B1 “It is harder to call them, and then you end up calling when 

they are stressed. But then the candidate does not want to say no, they want the job, and 

so they go through with it anyway. And then the result if half-hearted. This way it is 

calmed for the candidate. So, from a candidate experience perspective, I think this is 

better, even if you lose personal contact in the first stage. But I feel that it is less stressful 

for the candidate, and they seem to appreciate it too”. Respondent B2’s insights 

corroborated this perception, though they admitted to needing more insight into the 

candidates’ actual opinions “I could be completely wrong, but so far, like, we have only 

been using this for a month, or a few months, but so far we have received quite positive 
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reactions from the candidates, because they say that the response rate is faster, and the 

AI still reflects like, [B’s] outwardly face at the beginning. And then they get more updates 

at each step in the recruitment process, and that makes them more satisfied”. Similarly, 

Respondent B3 also believes the candidate experience has been improved when using AI 

“[The candidates] really, like, wish [the AI robot] a nice day and thank it for a pleasant 

interview, and I think, and many have also written that it was a nice first interview…it is 

quite a nice way to do an interview without being face to face”. This duality highlights 

the need for human involvement despite the advantages in using AI from a candidate 

perspective, and that feeling confident in AI’s ability does not inherently imply 

relinquishing human involvement. However, the collaboration goes both ways, with 

respondents also recognizing weaknesses in human involvement “Then of course there 

are disadvantages to being human too…because we have our prejudices, and, and so 

that’s why I think a combination of both is best” (Respondent B1). Respondent A3 also 

believes that the human contact is necessary, but that using AI can be better in many cases 

“…I think it should be a complement”. 

 
How human contact affects the candidate experience was a recurring concern in the 

interviews, not just in regards to candidate satisfaction, but also for the HR professionals 

and for the company "The lack of empathy, like if a candidate does not actually get to 

meet a human being at some point in the process, I think the candidate will, like, 

eventually get the wrong impression of the organization of the employer” (Respondent 

B2). Accurately representing the company is not yet a task the respondents at company B 

were willing to hand over to AI. However, this concern is contained as the company 

currently only uses AI for specific parts of the recruitment “So I think I am not 100 percent 

[in my trust in AI]. I think it depends a lot on what kind of recruitment you are doing. 

Because I do think that the important thing is, of course, the human perspective as well, 

but in our case, where we work a lot with competence-based recruitment, AI is like a 

super tool. Because then we get the competence black and white, really…yeah, I would 

say that I have quite a lot of trust in AI as a tool in the recruitment process but depending 

on what kind of recruitment process it is and that the human factor is included” 

(Respondent B2).  

 

How the AI interacts with candidates and potentially affects their experience can also 

impact the HR professionals’ personal perception of AI. Respondent B1 explained that in 

recruitment processes where the AI is used as a screening tool and assigns points to 

candidates can lead to applicants being removed from the process based solely on their 

points “…the person might not have been given a fair chance. And you don’t notice that 

if you don’t have a discussion with the person, so in that way it becomes, like, I think it 

becomes very computerized and very black and white, and that’s the side of AI that I 

struggle with”. Although this use of AI primarily affects the candidate, it also plays a role 

in the way HR professionals view their artificial counterpart and the way it represents the 

company. The empathy the HR staff feel towards candidates can also depend on their 

own personality. For instance, respondent B1 described their own performance anxiety 

when participating in such tests, which is why they empathize with the candidates 

completing recruitment tests.  

 

5.2.3 AI Ethics and Bias  

There is an undeniable ethical and social aspect to consider in AI adoption that was 

brough up in the interviews. Potential discrimination and moral dilemmas were frequently 
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discussed by participants when asked about how ethics play a role in their trust in AI, and 

when asked about potential biases AI systems may exhibit.   

 

Most respondents agreed that AI bias is a relevant concern, but some respondents 

particularly struggle with their lack of knowledge on exactly how this bias presents itself 

and why. For instance, when asked to describe potential challenges with using AI in 

recruitment, participant A1 said “I know, for example, that I had a lecturer last week, I 

think it was, who said that they had AI in the selection part…and what happened in that 

case was that it tended to remove all female applicants. And I do not have control of or 

over that if I let someone else do it. So, I do see a challenge…because there are still 

differences between women and men, maybe differences between age groups too, does it 

tend to deprioritize a certain age group through an AI tool too?”. This feeling of 

uncertainty was a shared experience among participants “I assume that AI is like a 

person…it is exactly like a person. You know that if I ask you a question then I get your 

answer. The question is are you one hundred percent honest? Is it because you want to 

make me happy of not?” (Respondent A2). This uncertainty extends to the candidate’s 

experience too. When asked to describe any ethical concerns that affect their trust, 

respondent A1 questioned their own understanding of how AI sorts through data, 

developing “I mean, I am in HR, trained in HR, I work a lot with diversity and such, those 

are the kinds of questions that are important…like, are we tending to discriminate against 

a particular group with the help of AI tools, for example? And how do the people being 

reviewed by a robot feel, do they sense that it is a tool doing it and not a human?”. 

 

Though participants expressed their apprehension in not fully comprehending potential 

AI prejudice and how to mitigate it, some are certain that AI does have a built-in bias. 

However, this bias was not wholly blamed on the AI, but rather also on how it is trained 

by humans “I think it can be difficult to have a completely objective, to completely 

objectively trust AI, and I believe a lot of that has to do with what has been fed into the 

system in order for it to sort and objectively assess CVs” (Respondent A2). Conversely, 

programming AI in a certain way might be able to reduce human bias “It is completely 

impossible to be entirely impartial as an individual or to not have prejudices, we all have 

them…so there I absolutely believe that AI is a much more impartial actor, or whatever 

you want to call it, but only if it has been programmed in the right way” (Respondent A1). 

The way human bias can bleed into the AI’s decision-making was brought up several 

times throughout the interviews, with some believing that using AI is an advantage in 

mitigating and reducing bias “I think AI can keep it more competence based. And why do 

we used competence-based methods? To make it less biased. We want to reduce the risk 

of falling into those traps, or discriminating, of thinking in terms of similarity bias” 

(Respondent A2). Participant B2 shares the same idea, that humans can perpetuate bias 

more than AI. However, they also believe this is not a current problem in practice at 

company B “We work a lot on our prejudices and such, but everyone still has prejudices 

anyway, that is just how people are. So, in that sense, I do think AI can help. But in our 

case, I would say it is probably about as equal as we are, in a way” (Respondent B2). 

When asked if they believe AI makes recruitment more or less biased, participant B3 

similarly said “In one way, I’d like to say less. But yeah, I actually do not know. Less in 

the sense that it does not have emotions, like, to base things on, and we do. And that is 

the big difference”.  

 

The recognition that human prejudice is the primary driver for AI bias was widespread 

among most participants, but it did not inherently imply giving AI systems freer reign 
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over decisions as a way to mitigate human bias. This can be because though lack of 

emotion can enhance neutrality, it might also lead to missed social cues and less 

contextual judgement “If people describe the same thing but do not use the same words, 

then it immediately creates a bit of bias, it is really about the content, not which words 

you use” (Respondent B1). The way AI systems process information at face value has 

been underlined several times throughout the interviews and has previously led to 

technical challenges. These misunderstandings have consequently been mitigated by 

humans, which indicates a need for a social understanding that some AI systems are not 

yet trained for. This direct transfer of superficial information transfer was exemplified by 

participant B3 when asked to describe how ethical aspects affect their trust in AI “[Ask 

AI] to make up a story about a woman who is a doctor and a man who is an assistant 

nurse for example. And there the AI cannot account for that, because the AI is biased by 

the fact that most doctors are men. So, it writes the story based on men being doctors and 

women being assistant nurses. Because that is how it has statically looked for many years. 

So, in that sense, AI is very biased by all the actual facts that exist, where it gets 

information from”.  

 

How AI ethics and bias are considered in the recruitment process is not limited to HR 

individuals’ perception. As further developed below, the public sector environment can 

enhance the degree to which HR professionals contemplate potential discrimination in 

recruitment processes, as illustrated by participant A3 “We in the public sector are a bit 

more cautious about daring to try things. We want to have a lot of clarity that what we 

are doing is right, so that others who are affected do not, for example, perceive it as 

discriminatory or feel that we are not handling information as we should”. 

 

5.2.4 Public Sector Environment: External Regulations, Constraints, and 

Characteristics 

An identified recurring pattern across the interviews is the unique public sector 

environment that differs from that in the private sector. Its context is shaped by various 

regulatory frameworks, collective processes and a cautious organizational culture. 

Collectively, these factors influence AIs implementation, how it is being discussed and 

consequently employees’ perspectives on AI in recruitment practices in the workplace.  

 

A key finding highlighted by several of the interview respondents is how the strict legal 

landscape shapes the distinct nature of recruitment practices in the public sector. Multiple 

participants referenced GDPR, as well as both national and local regulations that might 

constrain the use of AI in the recruitment process. For example, participant A1 discussed 

the specific attention to regulations in the public sector “It should also be said that there 

is a lot of attention to information security and those types of laws when it comes to the 

public sector, so we are still quite cautious in that area”. Moreover, specifically the use 

of personal data was discussed substantially in the way of a compliance matter along with 

a strong personal commitment to safeguarding candidates’ rights and maintaining trust. 

A3 expressed “In our organization, which is a public service, there are definitely lots of 

guidelines and we are extremely cautious about entering different systems precisely 

because it may involve personal data that could be harmed”.  

 

Beyond the regulatory climate, there were additional distinct organizational 

characteristics discussed in the public sector. During the interviews multiple participants 

emphasized the difference between the public and private sector environment. B3 
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reflected on their previous experience in the private sector comparing it to their current 

role in the public sector, which they described as currently being more formal and “by the 

book”. Additionally, A1 discusses how the public sector have more long-term goals 

compared to the private sector, and further describes the public sector as “here we have 

to work, we have to work hard, we have to be quality-oriented but we can't make quick 

decisions like a private organization or private actors can do because it will harm society 

and tax money and so on”. This perspective of the responsibility to manage taxpayer 

money emerged notably during the interviews. Unlike private organizations that may 

prioritize short term goals like profit, public organizations are accountable for ensuring 

they deliver public value and more long-term commitments. This was clearly illustrated 

by A2 who stated that “You are so keen to be at the forefront because you want to 

maximize the tax money you use. Unlike in the private sector, where it is like yes yes profit 

profit profit and we will bring in good tools, while here it is like but if we are going to 

bring in a good tool then it should really help us with the needs we have". This 

accountability contributes to the public sector’s general slower pace and cautious 

approach. Any mistakes or failed implementations could result in public criticism and 

loss of trust, making experimenting with potential projects more difficult compared to 

that in the private sector. In response to the question whether they believe AI-driven 

recruitment practices within the public sector will continue to evolve in the future, 

participant B1 responds “Yes, I think so because the public sector is honestly always 

behind. So I think the private sector is already using it to a higher degree. And, I think 

that is where we will probably go too”. Despite company A currently using less AI, the 

idea that continued change is certain was still shared among their employees, and when 

asked the same question, participant A2 explained “I think it will develop even more, 

because I know that the public sector is constantly monitoring the outside 

world…because you do not want to fall behind [the private sector], the reason it falls 

behind is because it takes longer….but I just think it will keep moving forward. It would 

be really strange otherwise, and the companies that do not keep developing, they will not 

be able to sell their product further, I think”. 

 

While the interviewees acknowledged the purpose behind the public sector’s cautious 

approach, there was also an identified awareness of the need to remain attractive and not 

fall behind in passiveness. Participant B2 discussed this in their interviews “We work in 

a non-profit organization, but I mean, we still compete with the private companies that 

work in for-profit organizations… maybe they have already hired these candidates that 

we are also competing against and then we also have to have an AI in place and an AI 

that takes a bigger part… I think you have no choice but to sort of adapt”. Without action 

to adapt, the public sector might fall behind.  

 

The interview participants argue that the public sector operates under a cautious and 

regulated approach. This to ensure legal compliance, misuse of data and helps maintain 

the public’s trust. Furthermore, the more long-term strategic focus during operations is 

acknowledged in both company A and B, and shapes decisions to be more stakeholder 

driven rather than profit driven. However, this is shown in the interviews to cause 

frustration among participants describing the public sector as being behind, reserved and 

slower in implementation. This presents a paradox of trying to balance public value with 

the reality of digital competitiveness. As participant B2 discussed during their interview, 

if various private companies adopt new AI practices during their recruitment process, it 

risks that the public sector might lose candidates due to their slower and limited digital 

process. Despite public companies being non-profit driven, they still operate and compete 
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in the same labor market as private organizations. Across the interviews, the participants 

expressed hesitation toward AI integration in the recruitment process, this largely based 

on the defining characteristics of the public sector pointed out by themselves. These 

characteristics include various regulatory constraints as well as fiscal and public value 

risks.  

 

5.2.5 Change: Implementation and Resistance 

Across the interviews various participants described the change process in their 

organization as structured and inclusive. It was explained as a careful process that 

involved various stakeholders. For example, A1 described a typical change process in 

their organization that included setting goals as well as following up with a collective 

discussion exploring potential challenges and benefits. A1 concluded with a positive view 

of the entire change process in their organization, describing it as “I think that then you 

have become involved and you understand the change, why”. Despite both company A 

and B expressing that they feel included and have a structured strategy towards change 

implementation, the participants still acknowledged resistance in their respective 

organizations. Across the interviews this was largely explained as an individual response 

that varies depending on how comfortable one is with change, often linked to one’s 

personality. B3 explained this as “So it depends entirely on who it is and that is probably 

the general case. Some people think change is really hard. Yes, some just see it as 

curiosity and think it is fun”. A2 when asked about how their organization has previously 

responded to different types of system implementations, they explained it similarly “It 

was received very well by most people because they saw the benefit of it, but then there 

were some who were perhaps stressed about the whole thing because it meant a changed 

way of working… I think it is people who, and it is about personality, people who are not 

as inclined to change”. Participant A1 added another perspective, looking at resistance as 

not solely negative but as an expression of engagement “Resistance is also a form of 

engagement, one should remember”.  

 

Despite the participants describing their change process as structured and inclusive, many 

participants raised the concern that change processes in public organizations are slow. 

Some respondents pointed out the hierarchical structure slowing the process down. For 

example, B2 explained that in their organization change initiatives must pass through 

multiple levels before implementation “We are fully aware that it takes time to implement 

changes, and then there are these top-down decisions where we don’t really get to be 

involved or have any influence”. This is further supported by B1 previous experience in 

the private sector which they contrasted with their current public role “When I worked in 

the private sector, it was simpler. Basically, the manager would just say let’s go, it was 

not like do we want to test this?". The interviews in both company A and B illustrated a 

slow implementation and change process. This mainly caused by the required alignment 

between various departments as well as governmental bodies such as Statskontoret (The 

Swedish Agency for Public Management). A slow and top-heavy process may undermine 

HR professionals’ sense of influence and involvement in AI initiatives in the workplace. 

Despite this structure, many participants still felt involved in the process and described 

their active participation in various change processes. For example, participant A1 stated 

“But generally, I think the resistance is somewhat lower here because people feel that 

they have been included, even if they are not the ones implementing the change”. This 

might be due to the employees being informed and understanding why processes are 

structured the way they are within their respective public organization. Several 
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participants expressed an awareness of the reasoning behind these processes, as for 

example illustrated by B3 “Even if you think that this process feels completely 

unnecessary, because you already have everything you need, things still have to follow 

the correct procedures at all times”.  

 

Many participants also acknowledged the role of support and training in successfully 

implementing new digital systems and reducing resistance to change. This was viewed as 

essential for building more knowledge in the area as well as gaining more trust in the 

system. To help ease the transition to new systems both companies receive support, for 

example participant A1 emphasized “My manager would never let us start using a system 

that we have not received training in or had the chance to ask questions about.” This 

illustrates an understanding among both managers and employees that support, and 

training is an essential part of the change process. Several respondents further highlighted 

that they are given the opportunity to give feedback on the newly implemented systems. 

For example, participant B1, who holds a temporary position will be given the 

opportunity to reflect and evaluate their experiences with using the systems.  

  

5.2.6 The Technical Aspect: Challenges With System Integration 

A reoccurring identified pattern in the interviews in both company A and B is the lack of 

system integration between the AI tools and the already existing recruitment system. This 

was described as affecting the efficiency of the system as well as affecting the perceived 

usefulness of the AI-tools. A clear example of this integration barrier was explained by 

the candidates in company B. Participant B1 described their experience with an AI robot 

used in the first stages of the recruitment process. This AI-tool helped eliminate the time-

consuming first screening calls with candidates. Instead of having to wait for a candidate 

to answer a phone call, the candidates could now answer the first screening question at 

their own pace whenever they had the time. However, the AI-tool is not integrated in their 

main recruitment system, which resulted in a significant increase in manual labor “We do 

not have it integrated into our recruitment system... I have to sit in [the AI robot], copy 

the answers into a Word document, and then paste them into [the main recruitment 

system]”. Participant B3 also supported this claim and agreed that there is a challenge in 

working across multiple different systems “But the thing is, what is unfortunate is that 

we do not have integrated systems, so we constantly have to keep two systems open, copy, 

paste and do manual work”. 

 

Another limitation with the AI system described by company B was its lack of processing 

numerical data. Participant B1 described a situation where an additional feature was 

added to the AI-tool that would help streamline the process with candidates that are not 

Swedish citizens. These candidates, if lacking a permanent residency in Sweden, instead 

hold a time-limited permit that include an identification number that needs to be collected 

during the recruitment process. Company B attempted to add a feature where this number 

would be collected automatically, but the feature failed this function. Regardless of what 

and how the number was written into the system, the AI could not interpret it correctly 

and circled around the problem without producing a result. This along with other 

limitations in the system, led interview participants to perceive AI systems in the 

workplace as less useful and decreasing the perceived ease of use.  

 

In comparison to company B, company A also raised concerns about the technical aspects 

surrounding AI systems. Contrary to company B, company A have not yet fully 



 

51 

 

implemented AI-tools in their recruitment process but are instead in the pilot stage of 

implementation. Participant A2 shared their experiences with one of the pilot tests they 

did for an AI-tool that would help with the selection process “I think it was two years ago 

that we looked into a tool… but we thought it did not work at all. I think it had to do with 

there not being enough information to retrieve or that the technology did not function 

properly”. Furthermore, participant A3 reported another AI-tool they had tested that 

would work as a video interview robot to assist in asking questions to the candidates and 

ranking the answers using AI. As previously mentioned, after doing initial assessments 

and tests of the system, company A chose not to continue with it due to its technical 

limitations.  

 

An interesting observation could be drawn here regarding participants’ trust in AI-driven 

recruitment. Company B has come further along in the use of AI in their recruitment 

process, however the lack of system integration and technical limitations in turn affected 

their trust in the system. Contrary, company A has a more cautious and slower approach 

to its implementation, pilot testing different systems but also encountering major 

technical limitations with the system affecting their trust. Despite the two companies 

having differences in the use of AI and their journey towards successful implementation, 

they agree that AI-tools are not totally successful in meeting the practical needs of public 

sector recruitment. 

 

The issue with system integration surrounding AI systems is described as not solely a 

technical limitation in the interviews, but mostly as an organizational constraint 

specifically linked to the public sector. The procurement process is described in the 

interviews as a slow process with strict requirements. It is essential for each system to 

meet specific regulatory standards and participant B3 describes that if they want any 

changes to be made to the system, they need to contact the supplier of the system instead 

of being able to change it directly themselves. The reliance on external suppliers creates 

further delays in AI-systems implementations and reduces flexibility for the HR 

professionals. Furthermore, the fragmented nature that exists in public sector 

organizations, having everything divided into departments that need to be linked, creates 

limitations. The interview participants reported this issue, while some departments might 

be eager and ready to implement something another might be slower, leading to issues 

surrounding coordination across the organization and all departments.  

 

5.2.7 Knowledge Gap: Confidence and Willingness  

Across both companies, interview participants highlighted the importance of knowledge 

and how it plays a crucial role in gaining confidence and willingness to use AI systems 

in the recruitment process. A recurring theme identified from the interviews was that 

many participants linked knowledge in AI system to their trust in AI. In both companies, 

the need for more training, examples and knowledge around AI was evident. For example 

participant A1 stated “But I need a bit more to go on, I need to do some more research 

on the topic before I take on that responsibility” and participant B2 supported this saying 

“That is why I feel like I want even more clarity… because I am still a bit unsure about 

exactly what possibilities AI offers, how it can be used, and what we actually want to be 

replaced by humans and what not”. It is evident from the interviews that the lack of 

knowledge in the systems creates an uncertainty and unwillingness to fully accept it and 

therefore trust it. Another interesting perspective arose from interviews A2 and A3, where 

a more critical perspective was introduced to the discussion of knowledge gap. Interview 
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participant A2 discussed that users should not blindly trust AI systems, instead being 

aware of its limitations. A3 reinforced this claim and stance by stating “I am quite critical 

of just accepting an answer as it is, I prefer to ask follow up questions. I often go in and 

make edits myself”.  

 

How the two respective companies have chosen to address this knowledge gap differs. 

Company A taking a more formal approach to learning, describing that the company 

forms formal “Experience sharing sessions” where the employees get a chance to share 

and learn from each other. Contrary, company B also focuses on peer learning but by 

unformal initiatives where they form groups to support each other in the learning process 

explained by B2. Furthermore, participant B2 goes on to describe their learning and 

support system as lacking “I think it is actually quite lacking. I do not think we get a lot 

of support or guidance in that area… It is definitely lacking at times, and a bit more 

training in certain areas would probably have been needed”.  

 

An interesting observation during the interviews is that participants from both companies 

emphasized that seeing others successfully using AI-systems played a major role in them 

overcoming their initial hesitation and accepting the system more. This was illustrated by 

participant A2 that stated “Because, well, when I became more comfortable, it was 

because I had seen… I had attended these kinds of trainings and seminars that I found…I 

think I found them via LinkedIn…because it is really a lot about just trying your way 

forward, and I would not have done that if I had not seen someone else do it, I think.”. 

This was the participants’ own initiative and was not provided by the organization. 

Similarly, participant B2 also chose to partake in organizing learning opportunities in 

collaboration with the organization “Just as one example, now like, we have a lecturer 

who is coming to us on Friday [to talk about AI in recruitment] whom I have been involved 

in booking and talking to and so on…one still has to work with it sooner or later, so I 

want to learn as much as possible about it.”. Furthermore, the individual factor and 

initiative became prevalent in company B as well when they discussed the opportunities 

to receive training and support for various systems where they explained “It is really up 

to each individual to set the boundaries for their own interests or needs” (Participant 

B3). Participant B1 also reflected during the interviews of the fear behind limited 

knowledge when using systems and stating “I think it is largely about gaining more 

knowledge about it and how it works. Before I started working with recruitment, I was 

even more opposed to everything, and that was really because there was a fear there”.  

 

Another observation made during the interviews was the role professional experience 

plays in trust and confidence in AI tools. It was observed that participants with less 

experience were viewed as potentially more hesitant due to their lack of knowledge in the 

area. A2 discussed this further in their interview “I think that someone who is not 

experienced might have a harder time working with it”.  

 

During the interviews, when the respondents were asked what would make them more 

comfortable using AI tools in the recruitment process, five of six participants expressed 

a need for more knowledge, practical examples and better understanding of the systems 

in order to truly trust them. Across both company A and B, it was evident that the 

confidence in using AI tools is not something automatic, but instead something that grows 

with time as they gather more knowledge and training in the area. When asked if they 

have become more open to continue using complex systems in the future after gaining 
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experience with their current AI robot, B2 agreed “Yeah, absolutely, I would definitely 

say that”. 
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6. Analysis and Discussion 

This chapter aims to discuss the findings in accordance with the thesis’ central concepts, 

with regard to the theoretical background. The discussion is outlined by the key concepts 

from the initial framework. Contextual influences, individual mediators, outcomes, and 

dynamic tensions are discussed respectively. Furthermore, a revised version of the 

conceptual framework has been developed and presented based on the new findings   

 

6.1 The Contextual Influences 

6.1.1 Data Privacy Regulations  

In the theoretical background, ethical and regulatory concerns regarding AI were 

discussed in relation to fundamental rights infringement, liability, compliance, and error 

and bias. Kusche (2024) outlined the importance of GDPR and the EU AI act in 

minimizing potential risks and liabilities brought on by using ADMS tools. From the data 

analysis, one of the main external influences identified was the need to comply with 

relevant regulations, specifically data privacy regulations. The undeniable importance of 

this specific regulation was originally underestimated in the theoretical background, both 

in the context of AI regulatory compliance and in the context of public sector 

organizations. To the backdrop of a cautious organizational culture and a rigid legal 

landscape, data privacy regulations find themselves central in AI integration in 

recruitment. The EU GDPR was specifically referenced to by most participants. Beyond 

that, general national and local regulations were underlined as the main consideration 

undertaken by participants. As initially mentioned in the theory chapter, this is to comply 

with the fundamental rights of those affected by the use of AI. The dedicated attention to 

information security and personal data to ensure transparency and compliance was 

highlighted by participants, as previously discussed by Kazim et al. (2021) with emphasis 

on the public sector environment. Such attention requires extensive oversight in order to 

never share personal data of any kind with the AI systems. At company A, HR 

professionals cannot yet make personal accounts in the AI systems. At company B, the 

AI is subjected to relentless supervision in order to preserve integrity and follow 

organizational rules and standards, and the AI is not allowed to make any final decisions. 

All AI system use must comply with strict privacy and transparency regulations, with 

special attention to the GDPR’s provisions, forming a boundary condition for any AI 

adoption in both company A and B. The data reinforces previous literature’s position that 

regulatory frameworks are a contextual pressure that shape the foundation upon which 

new AI systems can be introduced in ways that affect the public.  

 

In terms of trust, there was an interesting trade-off between regulations and trust. Some 

participants, particularly those at company B, felt more secure using AI because they 

know there are enough oversight and compliance mechanisms to prevent risks associated 

with personal data security. Because the AI is used by all professionals, there is 

meticulous oversight and dedicated attention to the system from several departments 

along the company’s hierarchy. At company A, however, where participants’ use of AI 

is determined autonomously, there was a greater distress over personal data security. If 

an HR professional shares personal data or creates an account in an AI system, the 

infringement is an individual error, which fosters greater sensitivity among participants 

at company A.  

 



 

55 

 

6.1.2 Interplay Between Public Sector Culture and Structure  

In the initial conceptual framework, “Public Sector Culture” was identified as a 

contextual factor that affects HR professionals trust in AI-driven recruitment. This is still 

true since factors such as risk aversion, accountability and public value were prominent 

points during the interviews. However, something that emerged from the empirical 

findings was the influence of the organizational structure that exists in public sector 

organizations. This factor was not emphasized in the initial conceptual framework, but 

was a significant discussion point during the interviews. Both company A and B 

emphasized that their respective organizations are top-down and segmented when it 

comes to decision-making and implementations. Each departments functions individually 

but still needs to be synched and aligned when it comes to digital adoptions, and this type 

of structural bureaucracy can delay projects. This is a relevant finding to our research 

since the organizational structure the HR professional operates in might shape their 

capacity to develop trust for AI-systems. A slow implementation process can foster 

frustration among the employees, potentially decreasing their trust. Furthermore, these 

findings can be supported by Robertson and Seneviratne (1995, pp. 554-555) who 

highlights that public sector organizations might experience challenges with structural 

and physical changes due to bureaucratic constraints. On the other hand, the authors also 

suggest that changes in the public sector improve organizational performance more 

compared to those in the private sector. Despite the findings revealing a structural barrier 

to implementation, slowing down its process, it also contributed to the interviews 

participants trust-building. The structured, cautious and segmented approach ensured 

legal and ethical considerations being taken into consideration before implementation. 

Several respondents highlighted the importance of public value in every decision within 

the public sector, additionally how that type of process made them more confident in the 

implemented systems capabilities, resulting in a higher level of trust.  

 

In terms of applying this to HR professionals trust towards specifically AI tools, the 

interplay between cultural and structural factors becomes important. Company A has not 

yet implemented any AI-tools in their recruitment process largely due to an extended 

evaluation stage ensuring that both regulatory and technical criteria are meeting their 

needs. Despite company B already have begun using an AI system, the participants still 

emphasizing that it is a work in progress with several aspects still needing to be 

considered for its successful implementation. The process is described as slow but also 

building legitimacy and confidence in the potential of AI. The organizational culture 

might shape individuals’ initial perception behind trusting the AI system by asking 

questions around fairness, accountability and value. While the organizational structure 

determines how these initial perceptions are being addressed and processed. For example, 

culture might induce skepticism behind the fairness of using AI-driven recruitment, but 

the structure might regulate skepticism with introducing mechanisms like oversight 

procedures.  

 

These findings can further be applied to Mayer et al.’s Trust model (1995) that underlines 

the significance of that trust occurs when an individual is willing to be vulnerable. In the 

context of our study, the interviewed participants showed clear signs of vulnerability, 

since their work environment, the public sector, involves a lot of high-risk elements due 

to ethical concerns and legal compliances. Furthermore, the segmented structure in public 

organizations amplifies this vulnerability since the HR professionals may feel limited 

sense of control over the AI implementation. Solberg et al. (2022) further discusses this, 
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introducing the concept of perceived situational risk, meaning if a person feels that a 

situation is risky it will decrease their trust. This resonates with our findings, since the 

participants described the slower, more cautious approach as an indication of a higher 

perceived risk. However, the cautious approach was also shown to mitigate the initial 

sense of situational risk since it can help foster legitimacy and transparency.  

 

6.1.3 A Lack of Knowledge 

In the initial conceptual framework, the ADKAR model by Hiatt (2006) was included as 

a contextual factor used by the organizations to assess the employees change readiness. 

During the interviews when discussing change processes in their respective organizations 

it aligned well with those stages of ADKAR. Specifically, the participants from company 

A explained the step-by-step process of change implementation in their organization and 

described it as structured and successful. Despite well-established change processes, 

respondents will feel there was a gap in knowledge, which is an essential component in 

the ADKAR model. Knowledge is an element that deals with the perception of change 

and has to do with the information one possesses about how the change is being made, 

that can be done through for example training (Hiatt, 2006, pp. 1-3). In the context of the 

empirical findings, the participants felt a strong awareness of potential changes as well as 

a desire to improve the recruitment process in different ways, which are the first two 

components of the ADKAR model. However, five out of six participants felt as though 

they had not received enough training or skills to effectively use AI-systems, describing 

it as a “knowledge gap”. This lack of knowledge hindered many users’ trusts in the system 

and resulted in them being hesitant towards its capabilities. Furthermore, the lack of 

knowledge hindered the transition to the next stage in ADKAR, the ability phase, where 

the knowledge would have been turned into actual practical use of the system and 

therefore hindering reinforcement phase where the change is sustained. In conclusion, the 

knowledge gap is a critical contextual barrier like explained by the theoretical model 

ADKAR (Hiatt, 2006). Using the interviews we can identify knowledge as the biggest 

barrier towards successful implementation of AI systems. Additionally, this knowledge 

gap can be linked to our specific context, recruitment in the Swedish public sector, as a 

central barrier towards building trust in AI-driven recruitment. The absence of adequate 

knowledge not only was shown to hinder implementation but also undermining the 

confidence of users. This further supports our claim that contextual factors influence HR 

professionals’ trust in AI-driven recruitment.  

 

6.2 The Individual Mediators 

6.2.1 Ethical Considerations 

Beyond regulatory compliance, the data pointed to the prevalence and weight of ethical 

considerations. To an extent, ethics is interlinked with regulatory guidelines, but it also 

greatly influences and shapes the trust of HR professionals in AI. The risk of potential 

discrimination and bias was discussed at length, and almost every participant directly 

linked it to their current and potential trust and ability to let AI take decisive direction. 

As discussed in the theoretical background, AI bias was the underpinning concern, as was 

human bias. There was a recognizance among most participants that AI bias does exist, 

and that it is largely shaped by human bias and perpetuated through programming, as 

outlined in the literature by Sullivan (2018). The participants pointed out that AI systems 

are programmed to make decisions based on past data and existing statistics, and that 
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those inputs are molded after human bias. Three participants mentioned that humans have 

built in biases, prejudices, and emotions that can drive AI bias, and that can be mitigated 

and reduced through using AI and competence-based evaluations. The concern is that 

potential discrimination will negatively affect applicants, a risk whose weight is 

especially heavy in the public sector.  

 

The interplay between human and AI bias and the associated dangers was discussed in 

the literature as an ethical concern and has been outlined in previous literature. However, 

there was also a widespread lack of knowledge about bias ethics among participants that 

exacerbated their fear of potential discrimination. Participants felt unsure of their own 

role in mitigating bias, both their own and the AI’s. There was a moral quandary among 

some participants, wherein they do not understand how AI perpetuates human bias and if 

it amplifies or reduces it, which leads them to question how critical they should be against 

AI systems and how much oversight they need to exert. However, the concerns were 

mitigated by the fact that the AI is not allowed to make any final decisions. When the 

users understand the rationale behind AI’s thinking, they feel more informed, which 

fosters trust. At company B, the concerns about bias were alleviated in knowing that they 

always double and triple check the AI’s conclusions, and that having a competence-based 

candidate evaluation can actually reduce human prejudice. As discussed by Mariani and 

Lozada (2023), human oversight reduces the risks associated with bias and error. At 

company B, the greater concern was the dehumanization of recruitment; how their 

candidates feel being evaluated by an AI, and if they are disproportionately sacrificing 

human empathy, judgement, and contextual understanding.  

 

6.2.2 Perceived Usefulness and Perceived Ease of Use 

Technological acceptance was defined in the theoretical background through The 

Technology Acceptance Model by Fred Davis (1987, pp. 2-26). The model explains how 

individuals’ reception to using new systems is framed by perceived usefulness and 

perceived ease of use. The former is the extent to which a user believes a system will 

assist with their needs, and the latter refers to the effort necessary to use the system. If 

users find the tool helpful and user-friendly, they will embrace it, and vice versa 

(Venkatesh & Davis, 2000). The empirical findings aligned with previous literature. 

Participants at both companies referred to their perception of efficiency and ease of use 

throughout the interviews and related it to their inclination to use an AI system. At 

company A, their perception of efficiency and ease of use was very positive. Not yet 

having integrated AI fully at the company, the participants chose to which degree they 

use other generative AI tools and chatbots. The participants described the tools as easy to 

use, timesaving, and as a big help creatively. This led to an increased use of the systems 

and a feeling of familiarity and confidence when using them. However, two participants 

also exhibited an aversion to implementing AI systems into the recruitment process fully. 

This is because they have personally participated in pilot and demo tests where the AI 

system showed significant flaws and integration difficulties, which made participants 

more critical to new systems. However, the overall perception was still positive, and their 

ability to use AI tools confidently positively contributed to their willingness to adopt the 

system. 

 

At company B, the perceived ease of use was underscored to a greater extent than 

perceived usefulness. With an implemented AI robot in full effect across multiple 

departments, participants felt very familiar and confident in using the new systems. They 
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described the system as very easy to use, especially as it is not yet used to its full extent. 

The participants all highlighted the ease of use of the AI system and found it useful in 

terms of timesaving. However, the perceived usefulness was somewhat undermined by 

the need for constant oversight. Although the AI saves time, it also takes up a lot of it. 

Participants constantly must supervise and monitor the system, and there is a lot of 

manual administration required. The system has also made several errors; some 

repeatedly, and most seem to be systemic. Due to this, perceived usefulness is reduced 

even more, with one participant explaining that they still trust humans more because the 

AI systems need to be trained by humans, and there are certain things their AI robot just 

cannot comprehend yet. However, this did not undermine their trust. The empirical 

findings point to that perceived ease of use is more critical in fostering trust and 

willingness to adopt, and that perceived usefulness is more important in terms of personal 

desire to use the system. Though they are similar, the former is irreplaceable in order to 

seamlessly integrate a new system, the latter is important but less uncompromising in 

fostering trust. A perceived ease of use seems to directly impact perceived usefulness and 

the users’ attitude to using AI systems. At company B, though the system is very user-

friendly, the ease of use is undermined by the need to manually check everything, which 

negatively impacts the perceived usefulness. At company A, where the participants find 

the AI tools very easy to use, they exhibited more inclination to keep trying new systems 

in the future and involved themselves more in the integration process because they found 

the tradeoff between compliance and usefulness to be in favor of the latter.  

 

6.2.3 Individual Propensity to Trust and Change 

It was perhaps not unforeseeable that an individual's own predisposition will act as a 

driving mediator that directly shapes their trust. This was evidenced through the empirical 

data. The interviews offered insight into how each participant's character and inclination 

to use technology and embrace change plays a role in shaping their trust in AI. An 

individual’s propensity can be thought of as a personal trait or mindset. Some people are 

early adopters of new technology and change; some are more hesitant and change averse. 

Though individual propensity is largely shaped by personal nature, it is also influenced 

by contextual factors. Contextual factors were determining how much everyone applies 

their individual character traits in practice, and how this nurtures their own trust.  

Though propensity is largely subjective and individual, it can be deployed from one 

individual to another and from one individual to their actions. Some participants became 

champions of the new systems and took their own initiatives to attend and even organize 

seminars and lectures. When asked about their engagement in change implementation, 

B2 said “Just as one example, now like, we have a lecturer who is coming to us on Friday 

[to talk about AI in recruitment] whom I have been involved in booking and talking to 

and so on…one still has to work with it sooner or later, so I want to learn as much as 

possible about it.”. Many participants felt personally curious and experimented with 

enthusiasm. This could be attributed to a baseline comfort and interest in using new 

systems and partaking in change among the more active participants. Conversely, 

participants that felt a natural uncertainty in using new systems took own initiatives to 

alleviate their disinclination “...when I became more comfortable, it was because I had 

seen…I had attended these kinds of trainings and seminars that I found…I think I found 

them via LinkedIn” (Participant A2). This keenness to embrace new systems became a 

shared resource among employees. The participants explained that extending a hand to 

and having compassionate dialogues with employees that are more change-averse helped 
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increase comfort. At company B, employees voluntarily organized peer-learning 

opportunities by forming informal groups to support each other in the learning process. 

It should be noted that individual propensity can just as easily manifest itself as a natural 

disinclination. Some employees approached the new systems with reluctance. This 

reluctance did not solely stem from ethical, regulatory, or skill concerns, it stemmed from 

a personal nature of skepticism to new initiatives “I am quite critical in just accepting an 

answer as it is, I prefer to ask follow up questions…” (Participant A3). These individuals 

needed more encouragement and evidence to accept new tools. For these individuals, 

there is an inclination to distrust and criticize new initiatives until proven otherwise. 

Sometimes it suffices to get to observe the systems in action “...it is really a lot about just 

trying your way forward, and I would not have done that if I had not seen someone else 

do it, I think” (Participant A2) 

Understanding the role of these personal differences can offer insight into why trust and 

willingness to adopt can vary even under the same circumstances. Employees have their 

own personalities and experiences that influence the way they approach change, 

regardless of the amount of training they receive “It is really up to each individual to set 

the boundaries for their own interests or needs” (Participant B3). This also highlights a 

need to engage with HR professionals at a personal level to best address concerns 

stemming from individual predispositions. It is addressed in previous literature that 

individual readiness for change is not homogenous, and that change management 

techniques must account for this variable (Damawan & Azizah, 2020). However, our data 

also indicates that the effect of individual propensity to embrace system change on trust 

is not eliminated through change management techniques. Training will not inherently 

alter an individual's personality, and neither should it aim to do so. The data showed that 

the effect of individuals' own propensities did not necessarily hinder change, and could 

be a driver for successful implementation, both in the way participants interacted with the 

system and in the way they interacted with other employees.  
 
Our findings can be applied to the three dimensions of trustworthiness outlined in Mayer 

et al.’s Trust model (1995): Ability, benevolence and integrity. People with a higher 

individual propensity to trust or a general openness to technology, may have an easier 

time identifying a system’s potential ability. Contrary, a more skeptical person may need 

more evidence of the system’s ability and feel an initial decrease in trust. Applying this 

to the dimension of benevolence, a person with higher propensity to trust might assume 

that an AI-system has good intentions more easily compared to an individual with lower 

propensity to trust. Lastly, Individuals with a higher individual propensity to trust might 

be more tolerant to an AI-systems integrity increasing their trust, compared to an 

individual with lower propensity to trust who evaluates through a more critical lens 

requiring more transparency to achieve trust.  

 

6.2.4 Knowledge 

Like previously discussed in section 6.1.3, the lack of successful knowledge phase in the 

ADKAR model (Hiatt, 2006) was identified as a big contextual hindrance towards AI’s 

implementation as well as an affecting factor of HR professionals trust towards AI. Both 

company A and company B showed signs of lacking to provide organizational support in 

AI training. As how this can be identified as a contextual and organizational fault, it can 

also be seen as an individual mediator, considering individual capabilities and confidence 
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to use. This aligns with Vinnova’s (2018, pp. 59-67) research done on AI within the 

Swedish public sector, where they stated that respondents disclosed that AI is not being 

discussed and that they therefore lack a grasp on the topic. Like in our empirical findings, 

Vinnova’s research also showed that the lack of knowledge is one of the biggest 

hindrances towards AI’s implementation, and that some respondents even revealed that 

they know nothing about AI. It is clear from the interviews that the lack of knowledge 

creates an uncertainty and unwillingness to fully adapt to AI-systems and therefore hinder 

its trust. Knowledge as a factor can specifically be seen as an individual mediator since it 

was shown during the interviews that individuals’ own initiative to learn was important. 

For example, participant A2 described a situation where they attended a free lecture not 

provided through their organization just out of curiosity to learn more, and stated 

“Because, well, when I became more comfortable, it was because I had seen… I had 

attended these kinds of trainings and seminars that I found”. This proves that despite the 

organizational support of training is essential to build trust in AI-systems, individual 

motivation to learn more will also have an effect.  

 

6.3 The Outcomes 

6.3.1 Exertion of Oversight and Control  

 One evident outcome of AI integration discussed in the theoretical background and in 

the interviews was the creation of robust oversight mechanisms for AI systems. Mariani 

& Lozada (2023) discuss the importance of human oversight in reducing bias and errors 

in AI systems. Implementing new AI systems requires dedicated regulation to avoid 

infringing on privacy rights, among others. Transparency, reliability, and fairness require 

rigid oversight, both at a bureaucratic and an administrative level. This is especially 

important due to AI’s impact on society (Mariani & Lozada, 2023, p. 2). Neither company 

allowed any AI system free reign, especially during the initial integration progress. This 

is a result of compliance with ethical and regulatory considerations. At company B, where 

an AI robot is responsible for conducting initial competence-based interviews, human 

oversight means every recommendation or conclusion made by the AI must be reviewed 

by a human recruiter and discussed among the team if necessary. If a candidate was 

rejected, a recruiter would manually go through their application and interview to make 

sure nothing was overlooked or misinterpreted by the AI. Any error made by the AI that 

requires changes made, repeated or not, must be evaluated and addressed by the system 

supplier. Ensuring human recruiters are always involved in every step aligns with GDPR 

requirements and ethical guidelines and was discussed in previous literature as the 

human-in-the-loop approach. This process is currently irreplaceable due to a lack of 

system integration between the new AI tools and the existing recruitment systems at both 

companies, which leads to an increased exertion of human control. Managers at company 

B have made it clear that humans maintain all authority in final decisions. Interviewees 

at both companies highlighted the importance of oversight in the public sector 

specifically, where adherence to regulations and public value creation is paramount. This 

aligns with previous literature that advocates for humans retaining control.  

 

Though exertion of control through specific oversight mechanisms is necessary, it can 

also undermine efficiency. Reviewing the AI system at every step takes a lot of time, as 

does convening with external suppliers. However, at company B, this trade-off is 

necessary, and the participants still maintained that the AI system saves them a lot of 

time, despite the oversight routine. Having full control and supervision of the system also 
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fostered trust. The participants at company B feel confident in their knowledge of how 

the AI system works and can recognize its scoring patterns. They also know how to 

review the AI’s results and how to override them if necessary. The participants felt 

confident and comfortable in using the system and did not speculate over potential risks 

since they know how to mitigate the current ones. At company A, however, participants 

experienced more feelings of uncertainty and doubt. AI integration at company A has not 

yet begun in full effect, and the use of AI tools is individual. This implicates a lack of 

knowledge and understanding of how AI tools work, and the potential risks associated. 

Furthermore, there is no specific routine for mitigating these routines. There are rules, 

like not being permitted to create personal accounts and share any personal data, but the 

participant’s individual understanding and confidence is limited. Though participants at 

company A still saw the use of AI as an asset and not a liability, they questioned their 

own role a lot more and were unsure to which degree and how they should question and 

overrule the AI’s directive. 

 

6.3.2 Shared Collegial Trust Through Peer Learning 

What was evident from the interviews was that not all participants had the same comfort 

or skills to use AI-tools during the recruitment process. One main outcome identified by 

the introduction of AI-systems was an increase in peer support. Colleagues started to learn 

from each other and build trust in the system together, through forming support groups. 

Company A had formal support groups initiated by the organization that was described 

as “Experience sharing sessions”, while company B formed support groups by their own 

initiative. Participants with more experience, both positive and negative, therefore had 

the opportunity to share this with their colleagues. Furthermore, this also fostered a sense 

of collective learning, that was shown to be more effective than formal training. Seeing 

others successfully use and trust the AI-system was a big driver towards overcoming 

initial hesitation, as described by participant A2 “Because, well, when I became more 

comfortable, it was because I had seen… I had attended these kinds of trainings and 

seminars that I found”. Our findings show that HR professionals trust in AI cannot solely 

be explained by their direct interaction with the system itself. Instead, their trust can also 

be influenced by their perception of their colleague’s trust or lack thereof. This illustrates 

the social influence of trust, especially in contexts where lack of knowledge creates an 

uncertain and hesitant environment.  

 

Our findings can be further understood by the previously discussed Trust Model (Mayer 

et al., 1995) that discusses trust as not only an internal inclination, but shaped by 

perceptions of ability, benevolence and integrity. For example, even if an individual does 

not initially trust the AI-system itself, they may still be willing to give the system a chance 

if they trust a colleague’s competence and intentions behind trusting the system, also 

described as their ability and benevolence. Furthermore, the conceptual framework 

created by Solberg et al. (2022) that builds on The Trust Model by Mayer et al. (1995), 

further discusses trust and including AI in the framework. The trustworthiness of an AI 

decision is described as additionally being based on performance, processes and purpose. 

All those factors were shown to be lacking in the case of the conducted interviews, which 

might help explain why the participants rely on trust by association. In conclusion, the 

outcome of an individual trusting the AI system is that it can influence others’ willingness 

to trust it as well.  
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6.3.3 Inclination to Use and Explore 

An outcome that emerged from the data is the willingness and inclination of HR 

professionals to continue using and explore AI systems. Although this attitude is 

individual, it does not arise independently, it is driven by contextual influences and 

individual mediators. Regardless of one’s initial trust before using any AI systems, the 

amalgamation of contextual and individual influences and the way they impact trust will 

alter an individual’s inclination to continue using AI in practice. To be clear, the proclivity 

for using and exploring AI systems is not the same as just using the systems. At the point 

of data collection, AI is already existent in both companies, albeit to different degrees. 

While HR professionals at company A can determine the extent of their AI use 

autonomously, company B implemented a company-wide AI system that their HR 

professionals began using irrespective of their trust level. So, while the contextual factors 

and individual mediators might not be determining factors for whether AI is literally used 

in practice or not, it does influence the desire in doing so and in voluntarily and 

intentionally exploring new systems.  

 

The interviews showed that HR professionals’ inclination to use AI is primarily driven 

by their trust but is also heavily influenced by the individual mediators and the contextual 

factors, specifically by their understanding of those agents. For instance, when regulatory 

guidelines, like data privacy laws and GDPR are implemented and understood, trust is 

fostered, and professionals may be more inclined to continue using AI. Similarly, the 

nature of public sector culture and organizational change can create a foundation for 

confidence and transparency that encourages a willingness to use new systems. The 

eagerness to adopt AI emerges as a product of accumulated experience and 

understanding, value alignment, and trust (Damawan & Azizah, 2020: Malik et al., 2021). 

Individual factors function similarly (Damawan & Azizah, 2020). Participants who had 

reflected on ethical considerations and had found ways to mitigate their concerns were 

less apprehensive about continuing to use AI. The same goes for technological 

acceptance.  At company B, the participants have struck a balance between a critical 

thinking and acceptance, largely because their concerns have been mitigated properly. 

The participants were all aware of the system’s potential pitfalls but are also aware of 

their own role and their organization’s role in overseeing and reducing those risks. 

Learning how to collaborate with the AI robot has not only fostered trust; it has also 

increased their desire to use AI and to explore new systems in the future. This remains 

despite the technical errors the system has exhibited. It seemed that an increased 

understanding of the AI’s shortcomings only increased the willingness to use the systems. 

This can be attributed to a feeling of confidence and control resulting from participation 

(Coch & French, Jr., 1948), and in understanding that the AI systems used in recruitment 

have flaws just like humans do, they are not omniscient, nor are they unmanageable. 

When asked if they have become more open to using other, more complex systems in the 

future after getting comfortable with their current AI robot, B2 concurred “Yeah, 

absolutely, I would definitely say that”.  

 

At company A, where confidence in how AI systems would work for them in the 

recruitment process lags somewhat due to less implementation.  The participants 

expressed they were not completely sure how AI works and what it bases its decisions 

on. This led to a feeling of lost control, which as discussed, can negatively impact trust. 

Despite that, the participants’ personal inclination to keep using and trying new AI 

systems was strong. This is once again because the contextual factors and individual 
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mediators had been addressed, and concerns attenuated (Malik et al., 2021). This nurtured 

trust, which encourages a willingness to use it as an outcome. Though company A has 

not officially integrated an AI system in their recruitment process, the participants have, 

through their own volution, begun using different systems. As their trust and confidence 

increased, so did their inclination to keep using new systems and their desire to adopt 

them in the future. In fact, they saw future integration of AI in the public sector as 

inevitable “I think it will develop even more, because I know that the public sector is 

constantly monitoring the outside world…because you do not want to fall behind [the 

private sector], the reason it falls behind is because it takes longer….but I just think it 

will keep moving forward. It would be really strange otherwise, and the companies that 

do not keep developing, they will not be able to sell their product further, I think” 

(Respondent A2).  

 

6.3.4 Misuse and Disuse of Automation 

The initial conceptual framework included Trust in Automation, as outlined by Lee and 

See (2004). The authors’ research offers valuable insights into how trust influences the 

way individuals interact with and rely on automation. Originally in the framework Trust 

in automation was included as an individual mediator, however it became clear after the 

findings that it is better understood as a practical outcome, specifically the misuse and 

disuse of automation can be described as a practical outcome. In their paper the authors 

distinguish between trust and reliance, explaining that trust is more of an attitude, while 

reliance can be seen more of a behavior that stems from an individual’s trust (Ajzen & 

Fishbein, 1980). The divide between trust and reliance was evident in our empirical 

findings as well. Some participants disclosed that they have trust in the AI-system yet 

still feel the need and want to control and double check the outputs for themselves. This 

illustrates that despite trust being present, individuals mediate whether that trust translates 

into actual reliance.  

 

As previously explained in the theoretical background, according to Lee and See (2004) 

trust in automation must be calibrated so it aligns with the system’s actual capabilities. 

When trust is too high it can lead to misuse of the system, while if trust is too low it can 

result in disuse of the system. The concept of appropriateness of trust was shown to be 

highly relevant to understanding HR professionals trust in AI-driven recruitment in the 

public sector. Several participants showed examples of disuse of AI-systems due to lack 

of trust. Interview participants expressed the need to double check or oversee the 

decisions made by AI, despite them acknowledging its potential capabilities. As 

previously covered, this illustrates that trust does not directly foster reliance. There were 

little to no examples of misuse of the AI-systems, largely due to the cautious approach 

adopted in the public sector. This cautious approach, using questioning and human 

oversight, might demonstrate an effort to maintain appropriate trust. However, there were 

some obstacles identified that hindered trust becoming fully calibrated, largely due to lack 

of system integration, technical constraints and knowledge gaps. Lee and See (2004) use 

the definition of trust as an attitude characterized by uncertainty and vulnerability. The 

disuse of AI in both company A and B shows being caused by uncertainty rather than 

unwillingness. The participants expressed an openness toward the AI-systems but showed 

hesitation mostly due to lack of knowledge and experience in the area.  

 

Lee and See (2004) argue that individual, cultural and organizational contexts shapes trust 

in automation. However, in our findings the individual context emerged as especially 
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influential. Participants described their trust in AI as being shaped by personal factors, 

for example personal knowledge, experiences and various personality traits. However, 

while these individual mediators remain central in shaping trust toward AI, as described 

in individual mediators, when analyzing this through the lens of trust in automation 

theory, it becomes evident that these individual mediators link to a practical outcome, 

specifically how appropriately AI-systems are used. Across the interviews, participants 

displayed variations in trust calibration, which influenced whether AI tools were utilized 

or avoided. This highlights a clear distinction in factors. Individual mediators shape the 

formation of trust, while the practical outcome, misuse or disuse, reflects a practical 

outcome of how that trust aligns with system capabilities. In conclusion, the empirical 

findings show that the appropriateness of trust is best viewed as a practical outcome. 

 

6.4 The Dynamic Tensions 

A significant insight revealed through the interviews is the theme we refer to as dynamic 

tensions. While not a part of the initial model, three major tensions were identified 

through the analysis empirical data and shown to have a non-negligible influence on the 

participant’s trust. The dynamic tensions in the model act as push and pull forces that can 

influence practical implications and implementation techniques. These were chosen by 

us based on influential factors mentioned in previous literature and in our theoretical 

framework. The tensions are continuous dilemmas that can shape and challenge trust over 

time, as well as strategic directions taken by organizations implementing AI. They are 

influenced by ethical and regulatory concerns, as well as the public sector culture and 

environment. One might highly value efficiency, speed, automation, and innovation; this 

might lead them to sacrifice oversight mechanisms, application process quality, human 

liability, and human control. Through the interviews, we gained meaningful insights into 

how these interplays are considered by HR professionals. 

 

6.4.1 Public Value vs. Competitive Edge 

In the empirical findings the interview participants highlighted the responsibility to value 

taxpayer money in every implementation decision within their organization. It became 

apparent that unlike private organizations that might prioritize more short-term goals like 

profit, private organizations need to focus on long-term commitments to ensure the 

delivery of public value. This can be supported by Busenberg (2001, pp. 173-177) who 

discusses how private organizations operate in a market-driven environment with a focus 

around profit and sales, compared to public organizations who function under complex 

bureaucratic and political conditions. However, during the interviews it also became 

evident that there is increasing pressure for public organizations to not fall behind. 

Despite public organizations being non-profit driven, they still compete in the same labor 

market as private organizations, creating pressure to modernize processes. This was 

clearly illustrated by participant B2 who stated “We still compete with private 

companies… maybe they have already hired these candidates that we are also competing 

against and then we also have to have an AI in place and an AI that takes a bigger part… 

I think you have no choice but to sort of adapt”.  

 

In our context this underpinned the discussion about the individuals’ perceptions about 

AI implementation. This becomes a relevant tension in our research since focusing too 

much on competitive edge might create a conflict with the obligations towards public 

value. Trying to increase implementation processes of AI-systems to remain competitive 
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may risk overlooking important considerations related to public value such as ethical, 

financial and legal implications. The risk of too fast implementation becomes particularly 

relevant in the discussion of public organizations, since they were described during the 

interviews as adopting a more slow and cautious approach to change. Like Robertson and 

Seneviratne (1995, pp. 554-555) explained, public organizations experience challenges 

with changes due to bureaucratic constraints, slowing down its process. While this slow 

approach might be perceived as frustrating, it can serve as a protective mechanism. On 

the other hand, it may lead to missing out on opportunities with AI, that might help 

increase public value. Using AI during the recruitment process could help reduce HR 

professional’s workload and make the hiring process more effective, thus improving 

public value since it helps getting people into roles faster. Additionally, AI can help 

increase fairness during the recruitment process, making it more objective.  

 

Our findings suggest that HR professionals’ trust in AI can be shaped by how these 

tensions are being managed and interpreted. A push for faster and more competitive 

initiatives without taking public value into consideration might foster skepticism among 

employees, decreasing trust. In contrast, a successful implementation of AI system that 

helps increase public value might foster greater acceptance, increasing trust. The tension 

between keeping a competitive edge and upholding public value emerges as a central 

paradox in our research. It reflects a broader challenge by public sector organizations in 

trying to navigate digital transformation under increasing external pressure.  

 

6.4.2 Efficiency vs. Control 

There was a tangible tension and interchange between control and efficiency called to 

attention throughout the interviews. The strive towards efficiency and the simultaneous 

extension of control converged in several different ways. Naturally, the end goal when 

implementing new AI systems is practical contribution, to streamline existing processes 

and reduce unwanted downtime. In that pursuit, one hopes the integration process is 

equally seamless and effective. However, both companies, particularly company B, 

spotlighted the unrelenting need for human oversight, quality assurance, and legal 

compliance checks throughout the entire adoption process. Despite the notable upsides to 

using AI systems, like the optimization of time, competence, and creativity, the oversight 

involved offset some of the efficiency. The exertion of control, voluntary or not, looked 

different at each company.  

 

At company B, the new AI robot increased efficiency by reducing administrative 

workload, improving candidate engagement, and saving time. This was especially 

appreciated in bulk recruitment. Nevertheless, the AI also introduced new forms of 

manual labor, and potential risks for the candidate experience. Needing to constantly 

review the AI’s outputs, coordinating with different departments and external suppliers, 

and cross-checking information also requires time and effort “It’s time effective because 

we no longer need to call the candidates. But it takes a lot of time. I mean, I sat an entire 

Monday, all I did was copy and paste for 50 candidates” (Respondent B1). In this way, 

though efficiency requires control, control erodes efficiency. And control is not 

expendable. From a strict legal and ethical standpoint, oversight is necessary to ensure 

transparency, fairness, and compliance with GDPR regulations. However, this control 

seemed to foster more trust. Knowing the company has oversight mechanisms in place to 

mitigate potential pitfalls, and that all departments are appropriately informed and 

equipped, inspired comfort and confidence among participants “If you are already being 
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that careful about discrimination grounds and GDPR and all that, then the AI itself can’t 

really make a mistake, because we are there to check and control it.” (Respondent B2).  

 

At company A, where AI systems are not yet integrated company-wide, the compromise 

between control and efficiency manifests itself differently. The participants were more 

enthusiastic about the advantages to using AI and chose to continue to use them of their 

own volition. The candidates did not explicitly express any discontent or downsides to 

using AI. Still, they emphasized the need to comply with regulations and legal guidelines, 

like personal data security and information spread. This led to a more evident trade-off 

between control and trust. At company A, the use of AI is individually regulated. Though 

the managers stress the need to follow legal guidelines equally, it is still up to the 

individual to mitigate their own use of the AI. Not fully understanding the systems they 

are using due to lack of company-wide adoption can lead participants to feel less in 

control, which can impair trust “We do not know to one hundred percent what it sorts by 

or how it acts. Which means, like I said, the control is lost a little, which is why I haven’t 

yet relinquished it fully” (Respondent A1). Not fully knowing how the AI works, how to 

supervise it, and how much control to exert seemed to actually increase the need for 

control “I need to have some kind of feel for it to be able to decide, like, “Okay, should I 

challenge the AI here? Does this really mean what it seems to? So, I think you just need 

to be aware and not blindly trust…because I think you still need some experience to know 

what a good question actually looks like, and so on.  (Respondent A2). The question is 

whether the need for control undermines efficiency more than structured, planned 

oversight mechanisms do.  

 

The tension here reveals that while AI does show great potential in increasing efficiency, 

the public sector’s requirements for oversight undeniably limit its potential. That’s not to 

say these mechanisms are in vain; they are in place to prevent real risks that would greatly 

outweigh any benefits the AI could produce, especially at a time where using AI in 

recruitment is still considered high-risk by the EU. The company’s ability to retain control 

over their AI systems also helps to foster trust. Control functions not as a bottleneck, but 

as a necessary conciliator of trust. 

 

6.4.3 Human Judgement vs. Algorithmic Precision  

The final dynamic tension revolves around the balance and compromise between human 

judgement and algorithmic precision. This was discussed in the interviews from a few 

different angles, touching on ethics, candidate experience, and technical function. At both 

companies, artificial systems were valued for its contribution and its intelligence. At 

company A, they praised its assistance in brainstorming, creative output, ad creation, and 

ability to adapt information to different audiences. At company B, the AI can process 

large volumes of data, generate competency-based recommendations, and streamline the 

interview process. All these upsides were appreciated by the participants and were 

recognized as attributes of artificial intelligence that human intelligence cannot truly 

eclipse. However, there were also AI traits that were dwarfed by human competence, like 

interpersonal cues, ethical considerations, cultural fit, and contextual prompts.  

This compromise was felt especially at company B, where AI directly encounters their 

applicants. At company A, the AI integration has not yet reached the extent where these 

concerns exist in practice.  
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The give and take between human and artificial intelligence were one of the only ones 

the participants recognized themselves as a dilemma. This was especially true when 

discussing bias. Participants recognized that AI could reduce and mitigate human biases 

and increase objectivity, particularly in competence-based evaluations “I think AI can 

keep it more competence based. And why do we used competence-based methods? To 

make it less biased. We want to reduce the risk of falling into those traps, or 

discriminating, of thinking in terms of similarity bias” (Respondent A2). All participants 

were able to recognize the role human biases play in creating AI bias, through 

programming and through existing data. In that aspect, participants said AI can regulate 

human bias as an objective actor without any emotions. A couple of participants noted 

that all humans have a built-in bias, and that they are impossible to ignore, though they 

are always striving towards impartiality. Nonetheless, the participants also recognized 

that AI bias is an extension of human bias, that human prejudice and past partisanship 

reflected in current data will be passed on to the AI through programming and available 

statistics. And though the AI might not have an agenda of its own, it does currently lack 

the tools to mitigate its bias. The participants pointed out that AI is unable to navigate 

ambiguous or nuanced cases and details, and that it lacks contextual sensitivity. This was 

proven at company B where the AI robot made errors that could only be detected and 

corrected by human recruiters. Though some of the errors were technical, some were 

solely due to a lack of social awareness, like mistaking the Swedish word “shift” with 

“passport” multiple times despite correction from the applicant. This all culminates in 

human recruiters wanting to trust the AI systems because they recognize the advantages 

but also being unable to fully do so because they equally recognize its shortcomings.  

 

The tension also betrays a deeper concern: what constitutes good hiring, and for whom? 

Are decisions based on data-driven logic free of subjectivity fairer for the candidate? Or 

is human intuition and situational awareness more important? The participants all agreed 

that a combination of both is better “Then of course there are disadvantages to being 

human too…because we have our prejudices, and, and so that’s why I think a combination 

of both is best” (Respondent B1). In the public sector, where decisions and highly visible 

and value-driven, human intervention still holds the upper hand “We in the public sector 

are a bit more cautious about daring to try things. We want to have a lot of clarity that 

what we are doing is right, so that others who are affected do not, for example, perceive 

it as discriminatory or feel that we are not handling information as we should” 

(Respondent A3). However, they all still praised the support that AI brings to the 

recruitment process, especially at company B, where participants almost always agreed 

with the AI’s direction. Either way, preserving human involvement was crucial for 

fostering and maintaining trust. This is largely because participants still felt too unsure 

about the candidates’ perception of fairness. They recognized the upsides to a calmer, 

more structured and voluntary process for the candidate. Simultaneously, there was a 

worry that removing human contact will make the process too black and white and will 

inhibit the empathy needed for a fair recruitment process. The ambivalence somewhat 

eroded trust, which was only retained by ensuring recruiters still felt involved enough in 

the process. This tension may find itself more pervasive and difficult to mitigate in the 

future if AI is integrated further into the recruitment process in ways that sideline human 

involvement.  
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6.5 Revised Conceptual Framework 

 

 
Figure 8. Revised conceptual framework based on the empirical findings. 

Using the insights from the contextual factors, individual mediator, outcomes and the new 

identified dynamic tensions, we have created a revised conceptual framework for 

understanding and explaining HR professionals trust in AI-driven recruitment (See figure 

7). The baseline of the original conceptual framework was kept with the same factors: 

Contextual factors, individual mediators and outcomes. However, the empirical findings 

allowed us to elaborate the model by removing, adding and changing some of its content 

that was not originally captured by previous literature.  

 

The revised framework is still centered around the core concept of trust, and in illustrating 

how contextual factors shape HR professionals’ trust in AI-driven recruitment with 

influence from individual mediators. The framework can be read left to right, and the 

relationship between each stage of trust formation demonstrates the relationship between 

the antecedent variables, the mediating variables, and the dependent variables. The 

revised framework also sees the introduction of dynamic tensions, observed as 

paradoxical perspectives that overlie the process in its entirety.  

 

Initially, the framework considered AI regulations as a broader contextual factor, but the 

empirical findings indicate that the only bureaucratic concern directly affecting the 
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participants trust was data privacy regulations. Similarly, AI ethics was shown to be an 

individual mediator, not a contextual factor, discussed in the interviews as a personal 

concern as opposed to an organizational pressure. < model (Hiatt, 2006) remains a central 

part in understanding HR professionals trust in AI, but now with emphasis on the lack of 

knowledge related to change readiness. These contextual factors are the antecedents to 

the formation of trust and establish themselves at the outset in combination with the use 

of AI in recruitment. 

 

Though removed as a contextual factor, ethical considerations were identified as a 

substantial individual mediating factor for HR professionals’ trust. Perceived usefulness 

and perceived ease-of-use outlined in The Technology Acceptance Model (Davis, 1987, 

pp. 2-26) remain relevant mediators. A mediator not previously considered was the 

importance and influence of one’s own propensity to trust and change. The empirical 

findings underlined significant individual variations in openness to technological change, 

and to trust in general. Lastly, knowledge somewhat replaces readiness to change from 

the initial framework, highlighting the influence of contextual knowledge and its impact 

at the individual level. These individual mediators exhibit their influence in the evolution 

of trust and are significant preparatory to the formation of trust.  

 

Shaped by the contextual factors and individual mediators, the central concept of HR 

professionals’ trust in AI-driven recruitment results in a series of outcomes directly 

determined by the manifestation of trust. Upon conducting the interviews, the empirical 

data no longer supported the outcomes previously considered in the previous framework. 

There is nothing evidencing that HR professionals’ emotions or subjective perceptions of 

trust directly influence whether AI is implemented in the recruitment process. Similarly, 

there is no direct relationship between personal trust in AI and the HR environment in its 

entirety. Oversight is still maintained as a central concept, but not in the way originally 

predicted. Oversight mechanisms are not determined by managers or suppliers based on 

HR professional’s trust. Rather, trust directly impacted how much control and oversight 

the employees choose to exert, both in alignment and beyond those already 

predetermined. What the data did evidence is the creation of shared collegial trust through 

peer learning, the success of which was substantially driven by individual trust.  Similarly, 

an employee’s future inclination to continue to use and explore AI and technological 

change was a consequence of their own trust. Another result of trust is the potential 

misuse and disuse of AI, as explained in Trust in Automation (Lee & See, 2004). The 

consequences of trust present themselves in the final stage of the framework and are 

observable outcomes of trust supported by the empirical data. These outcomes and the 

way they occur continue to influence HR professionals’ trust in AI-driven recruitment, as 

illustrated by the dashed arrow. There is a continuous feedback loop between trust and its 

consequences, shaped and shifted by experience and reflection.  

Influencing each step of the process are the dynamic tensions. These tensions are panoptic 

and all-embracing external pressures that influence every step of trust formation and 

guide the enactment of trust in practice. They can secondarily impact an individual’s own 

trust level, which may vary depending on what they value most. Trust is complex, and in 

this case, there are trade-offs and sacrifices that reflect back on individual trust and 

influence the practical steps taken to mitigate them. Together and apart, these tensions 

shape the dynamic construct of individual trust in AI and directly influence observable 

outcomes. The drivers converge towards trust and can affect how AI is interpreted and 

treated in recruitment. As such, they become the backdrop for the final framework. 
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7. Conclusion 

This chapter offers a general conclusion with consideration to the research purpose and 

question, and to establish theoretical, practical, social, and ethical contributions. 

Moreover, the limitations of this thesis are discussed, as are recommendations for future 

research. Finally, the study’s truth criteria are presented.  

 

7.1 General Conclusion 

The primary aim of the thesis was to explore how HR professionals in the Swedish public 

sector perceive the integration of AI tools in recruitment, as well as understanding what 

factors shape their trust in AI. Through the interviews, our aim was to gain deeper insight 

into how HR professionals navigate the evolving recruitment landscape shaped by the 

introduction of various AI processes, leading to them encountering both challenges and 

opportunities. Our findings reveal that trust in AI-driven recruitment is not a linear 

process with a final step, but rather a complex phenomenon including an interplay 

between various factors. The results present trust as a continuous evolving process shaped 

by a feedback loop of experience and reflection. This ongoing cycle continues to nurture, 

fosters and reshape HR professionals’ trust, which in turn influences outcomes anew. 

Trust emerges as a never-ending long-term relationship. 

 

To present these insights, we developed a conceptual framework grounded on our 

empirical findings. Our findings demonstrate that contextual factors shape HR 

professionals’ trust in AI-driven recruitment with influence from individual mediators, 

leading to a set of outcomes that extends beyond simple changes to the recruitment 

practices. Furthermore, overarching systemic pressures that shape how contextual factors 

are interpreted, how mediators function, how trust is formed, and how outcomes are 

enacted, were identified as dynamic tensions. The specific contextual factors that 

emerged from the findings were: data privacy regulations, interplay between public sector 

culture and structure, and a lack of knowledge. The individual mediators consisted of 

perceived usefulness and perceived ease of use, knowledge, ethical considerations, 

individual propensity to trust and change. These factors jointly lead to the outcomes: 

misuse and disuse, inclination to use and explore, exertion of oversight and control and 

shared collegial trust through peer learning. Lastly, three different dynamic tensions 

emerged from the findings: public value vs. competitive edge, efficiency vs. control and 

human judgement vs. algorithmic precision.  

 

Our results highlight some specific barriers to fostering trust and achieving successful AI 

implementation in the Swedish public sector. There is an existing knowledge gap and 

insufficient training in AI among HR employees in the Swedish public sector. The 

findings revealed that the lack of knowledge creates uncertainty and unwillingness to 

fully adopt AI-tools, thereby hindering trust. Additionally, the lack of system integration 

between the AI-tools and the already existing recruitment system is described as a major 

implementation barrier. The challenges extend beyond efficiency issues, also affecting 

HR professionals perceived usefulness of AI-tools. Furthermore, a major driving force 

behind trust was the individual propensity to trust in technology. HR professionals’ ability 

to trust and engage with AI-tools was shown to be strongly tied to their individual 

propensity to embrace the technological change.  
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7.2 Theoretical Contributions  

This study contributes to the theoretical landscape by introducing a conceptual framework 

for understanding HR professionals trust in AI-driven recruitment in the Swedish public 

sector. The framework introduces the concept of dynamic tensions, including public value 

vs. competitive edge, efficiency vs. control, and human judgement vs. algorithmic 

precision. These paradoxes emerged from our empirical findings as key influences of HR 

professionals’ trust in AI-driven recruitment. By including this in our revised conceptual 

framework, we contributed to the theoretical understanding of trust as a dynamic 

construct, not solely shaped by internal or external factors. Our research addresses the 

need for more domain-specific research, specifically in the geographical context of 

Sweden as well as the public sector context. Furthermore, previous existing literature on 

the topic of trust in various technology systems have been done on general digital 

systems, not including specifically AI-systems.  

 

Our research refines and adds to the research done on Trust in automation by Lee and See 

(2004), by more clearly distinguishing between trust and reliance. Despite the original 

research on trust in automation acknowledging the distinction between trust and reliance, 

our findings show that trust does not always translate to full reliance. Some of the 

interview participants expressed trust in the AI-system but still chose to double check 

outputs and felt hesitant toward full automation. This further highlights the 

appropriateness of trust as a practical outcome rather than an individual and personal 

propensity, offering another perspective in understanding the consequences and behavior 

of trust in AI.  

 

Additionally, we have contributed to the application of the ADKAR model by Hiatt 

(2006), specifically applying it to the context of public sector digital transformations. 

While ADKAR is used to understand the individual change readiness within an 

organization, our findings emphasize that the Knowledge phase is particularly relevant in 

the context of the Swedish public sector change readiness for digital transformations. A 

limited understanding of AI due to lack of knowledge and insufficient training emerged 

as a core and central concept in our research. This emerged as a barrier to trust, as well 

as preventing individuals to reach the following phases described in ADKAR. In 

summary, this illustrates a need for a more contextual discussion and use of the ADKAR 

model.  

 

Our findings also resulted in increased insight into how the Technology Acceptance 

Model (Davis, 1987, pp. 2-26) presents itself in practice for HR professionals adopting 

new technological systems. Though both perceived usefulness and perceived ease of use 

were prominent influences as an individual mediator of trust, our findings reveal that 

perceived ease of use was not only more significant but had a direct effect on perceived 

usefulness for the HR professionals. Ease of use was sacrosanct in fostering trust and 

willingness to use, while perceived usefulness was a secondary concern, albeit still 

important. At company B, perceived ease of use was eroded by a constant need for 

oversight, which had a negative effect on perceived usefulness. At company A, where the 

systems were very user-friendly and not yet implemented enough to require constant 

manual supervision, the participants were more willing to try new systems and expressed 

no technical challenges in using AI.  
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Lastly, we have expanded on the already existing literature on trust, such as the Trust 

model by Mayer et al. (1995), applying this to the context of trust in AI within the Swedish 

public sector. Our findings suggest that social factors are a big mediator of trust. The 

interview participants highlighted the importance of peer learning, observing and support, 

which illustrates the importance of collective trust building. This contributes to the 

existing literature on trust by showing that trust is not solely individual, but also a social 

process, specifically in environment with a knowledge shortage.  

 

7.3 Practical Contributions  

Our study yields several practical contributions for public organizations intending to 

implement AI in recruitment, both for strategic managers and for HR professionals. 

Though the contributions are primarily directed at public sector organizations, private 

companies can still gain valuable insight from our findings in terms of cultivating trust 

among their employees. Though private sector organizations typically have a quicker, 

more streamlined change process (Robertson & Seneviratne, 1995), it is still important to 

provide adequate training and to consider trust formation from a more holistic 

perspective. Furthermore, quicker change processes may give employees less time to 

adjust, which makes effective trust development perhaps even more critical. 

A central implication of the findings is the gravity of actively building trust among HR 

professionals. Though primarily in reference to AI systems, the importance of trust in 

organizational change and technological advancements is evident. With reference to our 

framework, HR teams and management can gain insight and guidance into how trust can 

be stimulated in recruitment. Trust is not a static condition nor an impasse, it is a dynamic, 

continuous outcome of organizational processes, correspondence, and experience. Our 

conceptual framework can be used as a diagnostic tool by stakeholders, including 

managers, AI system developers, and training coordinators to assess organizational 

readiness and assess which areas may require mediation before and throughout the 

implementation of AI in recruitment. These areas include technical and regulatory 

considerations, employee attitudes and behaviors, knowledge levels, and ethical 

awareness. Furthermore, trust is shown to be strengthened through peer learning, where 

colleagues can share experiences and reflections in a collaborative environment. Said 

structures encourage bottom-up learning and can be fortified through targeted training 

and support. This creates a productive learning environment, maintained by peer groups 

and managers.  

Our framework highlights that learning initiatives go beyond technical competence, it 

must include education on ethics, bias, systemic risks, and risk mitigation. HR employees 

should be sufficiently equipped to use AI systems and to assess their own impact. Any 

employee using algorithmic decision-making systems should be aware of their own role 

in risk mitigation, which can be ensured through proper training. Uncertainty in one’s 

responsibilities weakens trust and confidence, which can result in several ramifications. 

Receiving instruction on how to maintain oversight, how to intervene when AI outputs 

seem injudicious, and how to maintain relations with candidates can foster trust and 

ethical hiring processes. Offering HR professionals clear guidelines and escalation 

mechanisms can make the adoption of AI systems more functional, effective, and 

credible.  
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The importance of a tailored approach to change management in fostering trust among 

employees is another practical consideration drawn from our findings. The merit behind 

a well-structured change management process is undeniable. When employees 

confidently understand the rationale behind change and what resources are available to 

support them, they understand their role in the process. A pivotal insight from the findings 

is the degree of diversity in individual propensities to trust and engage with change and 

technological advancements. By nature, some employees are more skeptical, while others 

are early adopters. As such, employee training cannot employ a one-size-fits-all 

approach. Rather, they should be flexible, offering more fundamental support for the 

cautious employees, and more advanced learning opportunities for the trailblazers. 

Managers and organizations should design training programs and change processes to 

consider each employees’ readiness and needs. This model can cultivate trust and bolster 

engagement, and allows all employees to feel supported and prepared, regardless of the 

degree of training they require. Resistance is not just an obstacle. When addressed 

properly, it can instead be a catapult for increased commitment and change efforts among 

employees, which is a long-term asset for the organization and its stakeholders. 

Our findings also stress the significance of creating a workplace culture that inspires 

experimentation and learning from failure. Offering a safe space to attempt new systems 

and make mistakes without fear of reproach can promote courage, which strengthens the 

willingness to engage with new systems. It can also encourage communication among 

peers, where experiences and reflections are shared without judgement. This can also 

result in improved technological integration, where systems are adapted and potentially 

modified based on the users’ recommendations. The findings emphasized the frustration 

and inefficiency stemming from lack of system integration and cumbersome 

communication with suppliers. This frustration over feeling a lack of influence may result 

in misuse or disuse of AI. These pitfalls undermine trust and, in some cases, the candidate 

experience. Employees expressed exasperation over disjointed systems and an inability 

to directly influence the system due to vendor ordinance. The constant need to contact 

other departments or the vendors directly to make any changes in the AI system was 

experienced as inefficient and time-consuming by employees. Public organizations 

should direct attention to improving communication channels with suppliers, aiming for 

more direct employee-supplier relations to improve the usability of systems. This will 

improve system use and is relevant to HR staff, system suppliers and vendors, managers, 

IT departments, and change managers. 

Finally, our framework highlights the need to consider trust as a continuous feedback 

loop in change processes and in AI adoption. Trust proceeds to grow or shrink over time 

through reflection, experience, and peer-learning. This can have long-term consequences 

for employees, applicants, and the organization. Public organizations should provide open 

communication channels, ensuring employees get the opportunity to share their 

experience, reflect on their proficiency, and contribute to improvements, both for the AI 

systems and change processes. Recognizing that maintaining trust is just as important as 

creating it can improve system performance, employee engagement, and a supportive, 

versatile organizational culture.  

 

7.4 Social and Ethical Contributions  

Our study makes several ethical and social contributions to the understanding of how HR 

professionals perceive the integration of AI in recruitment in the Swedish public sector, 
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and what moral perspectives they particularly value in their trust formation. Our findings 

highlight the undeniable role of bias as an ethical consideration in trust. There is a 

nuanced interplay between AI bias and human bias, and both sides of the spectrum were 

weighed equally by the participants, challenging the assumption that perhaps AI is 

intrinsically more or less objective. The presence of AI bias observed by HR professionals 

did not inherently diminish trust, but it led to a greater awareness of human bias and 

questions about how to separate and consolidate human and AI bias. The participants 

recognized that though AI may reduce human prejudice, it can also propel existing 

societal inequalities and systems of oppression. The participants expressed not only their 

concerns surrounding bias, but also their lack of understanding, which also contributed to 

ethical uncertainty. The main ethical and social concern for HR professionals was 

preserving fairness in the candidate experience. Transparency, accountability, and equal 

opportunity are pivotal for ethical recruitment. Participants noted that algorithmic 

decision-making, if not properly mitigated, can undermine applicants’ sense of agency 

and impartiality. Furthermore, they may be left vulnerable to unfair discrimination, 

especially one that the HR professionals are unable to explain or defend. This is especially 

true for the public sector, where applicants are also stakeholders, and their perception of 

a company’s hiring ethics is of the utmost importance. In recognizing potential biases that 

could affect applicants and the labor market, organizations can aim to increase fairness in 

their hiring practices.  

 

This ties into another key concern emerging from the data. The risk of dehumanization in 

recruitment with an increased reliance on AI tools may lead to the marginalization of 

empathy and personal relationships in hiring. Decreasing personal interaction and 

contextual judgement both weaken the human connection that applicants value and may 

result in erroneous, poor decision-making that will directly infringe on fairness. Our study 

also reveals a lack of ethical understanding and preparedness in dealing with social 

considerations among HR professionals. The participants displayed noticeable 

uncertainty when discussing ethical and social concerns and their consequences, which 

points to a need for better education and support to guide and contextualize conscientious 

and fair AI use. Once again, this uncertainty is especially taxing given the public sector’s 

role in upholding public value and stakeholder equity. This culminates in the broader 

discussion on inclusive and ethical hiring practices. It is crucial to not neglect corporate 

social responsibility, especially in such cases where many stakeholders are impacted. 

Organizations should aim for transparency and accountability towards their stakeholders 

and employees alike.  

 

By gaining a deeper understanding into how trust is built or eroded through legitimacy 

and explainability, our study supports efforts to make recruitment more socially 

responsible. Though there may be an implicit trade-off between efficiency and accounting 

for all ethical considerations, it is important to invest in the former, both in terms of 

employee understanding and in the practical use of AI. The tension between gaining a 

competitive edge through innovation while maintaining accountability for public value 

does not just implicate the professionals, it implicates society as a whole. Sacrificing 

public value, even inadvertently, can deteriorate stakeholder and employee trust, which 

can have negative consequences for the organization’s long-term success. Trust acts as a 

bridge between technological innovation and ethical enforcement, and it’s important to 

enable AI to assist in inclusion rather than exclusion. While appropriate understanding is 

of the essence, the data also highlights that ethical and social considerations are personal, 

not just structural. Each participant values and weighs such concerns in a subjective way, 
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and though they were influenced by structural pressures like regulations, human rights 

protection, and GDPR, they also had an internal dialogue that varied from employee to 

employee. Ultimately, fostering trust in AI-driven recruitment requires structural 

safeguards and a human-centered approach that respects individual values, promotes 

ethical and social awareness, and approaches technological advancements with ethics at 

the helm. 

 

7.5 Limitations 

While our study produced valuable insights into the use of AI in recruitment in the 

Swedish public sector, there are several limitations that should be acknowledged. Though 

a specific geographical and industry scope was planned as a delimitation, it is still a 

limitation to the results in terms of transferability. The study’s scope was confined to two 

companies in the Swedish public sector. Although the findings may be relevant to other 

similar geographic contexts with strong public values and regulations, the conclusions 

may not be entirely accurate to other settings. Similarly, the research is limited to the 

public sector, which operates under different pressures and values than the private sector. 

This may limit transferability to other sectors due to a difference in key influential actors. 

The study focused only on two organizations, which may not fully represent the broader 

public sector despite the varied perspectives offered by the data.  

In the study, only two stages of AI implementation were explored. Though both 

companies were in dramatically different stages of their AI adoption, both were still in 

early stages and supported by external systems. This limits the scope of the technological 

and change advancements, which may have shaped the results and thus limit 

transferability. Moreover, the study did not include the candidate perspective. From a 

research standpoint, the candidate’s perspective was not a primary focus. However, the 

intention was to gain some insight, but the participants had very limited insight into their 

applicants’ experiences. Including the candidate perspective with external perceptions of 

AI-enabled recruitment could have offered insight into their perception of fairness and 

transparency. Similarly, we did not include the managerial perspective, limiting the 

insight into strategic direction and decision-making dynamics. These restrictions limit 

transferability and limit the perception of AI use strictly to the HR professionals.  

A methodological limitation is the reliance on self-reported data, which poses the risk of 

social desirability bias (Bergen & Labonté, 2020, pp. 783- 790). Participants may have 

presented their organizations, roles, or opinions in a more favorable light, particularly 

when discussing more sensitive topics like ethics and compliance. This risk prevails 

despite measures to encourage honest and open responses, such as guaranteeing 

anonymity and choosing a semi-structured interview approach. As such, this bias cannot 

be fully eliminated, which may reduce the accuracy and reliability of the results (Bergen 

& Labonté, 2020, pp. 783- 790).  

Finally, the study does not include a longitudinal perspective. Trust, organizational 

change, and AI adoption processes are complex and develop over time. A cross-sectional 

study design does not represent an entire progression, which limits the ability to capture 

and explain practices throughout different phases.  
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7.6 Recommendations for Future Research 

Despite the thesis providing valuable insights into HR professionals’ trust in AI-driven 

recruitment within the Swedish public sector, there remains significant scope for future 

research in several other directions. Firstly, a suggestion for future research could be to 

expand the scope even more, for example exploring this topic in different sectors or 

different national contexts. The Swedish public sector is just one specific context with its 

own cultural, legal and organizational norms. Conducting the same study but in a different 

geographical context could give entirely different results due to these factors.  

 

This study was limited to two different companies, where company A had no established 

AI-tools in the recruitment process while company B had introduced AI into the 

recruitment process. Future studies could include a broader sample of organizations with 

varied degrees of AI implementation, to provide deeper insights into how trust evolves 

over time. Furthermore, in the future this type of research might benefit from taking a 

quantitative approach to expand the findings. For example, by using surveys, researchers 

could explore the variables found and apply it to a larger sample. This would allow for a 

more statistical analysis of correlations and relationships among the variables, providing 

a broader generalizability to trust in AI-driven recruitment. Additionally, since trust was 

identified as an ongoing evolving process, it would be interesting for future research to 

explore this evolving process deeper, for example by using a longitudinal study design. 

This would allow for a deeper understanding of how trust can evolve over time.  

 

Despite this study providing valuable insights into the HR professionals’ perception of 

AI-driven recruitment, it would be interesting to continue this research further by 

including other additional perspectives. Studying this from the candidate’s perspective 

might give more insight into the discussion of fairness and dehumanization of AI-driven 

recruitment, or exploring it from the managers perspectives, may provide additional 

insights into the strategical aspect of AI implementation.  

 

Lastly, another suggestion for future research can be adopting a more unstructured and 

exploratory approach to the research design, especially when exploring the individual 

factors further, for example propensity to trust. This could be done by less structured 

interview questions or ethnographic methods, to help explore more social factors that 

might have been overlooked by our semi-structured approach. In conclusion, all these 

suggestions aim to deepen the understanding of trust in AI-driven recruitment and to help 

broaden the insights beyond the findings found in this study.  

 

7.7 Qualitative Truth Criteria 

Quantitative research is described as trustworthy due to its systematic and apparent 

process. On the other hand, qualitative research is considered to be less credible, making 

the showcase of trustworthiness in qualitative research essential (Adler, 2022, p. 598). 

The trustworthiness of any study is important, and to ensure this in our context, we had 

the elements of credibility, transferability, dependability and confirmability in mind 

throughout the entire process (Adeoye‐Olatunde & Olenik, 2021, p. 1364).  

 

Credibility of a study can be explained as the confidence in the truth of the study as well 

as its findings. It refers to whether the study has been conducted using standard 

procedures to ensure its credibility. Some techniques often used to ensure credibility in 
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studies are engagement with participants, constant evaluation of appropriateness, peer-

debriefing and reflective journaling. Additionally, continuous questioning and alternative 

explanations of the data are often used (Conelly, 2016, p. 435). In this study, credibility 

was ensured and strengthened through a transparent and structured analysis approach. 

Both researchers were actively involved in the coding process, doing it separately of each 

transcript. Regular discussions and comparison were made to address any discrepancies 

and help minimize bias (Adeoye‐Olatunde & Olenik, 2021, p. 1364). Additionally, 

selectivity in analysis cannot be eliminated, but can be improved through raised 

awareness, so we tried to be as unbiased as possible throughout the entire analysis 

process, to strengthen credibility (LeCompte, 2000, p. 146). We did not perform member 

checking due to time constraints; however, we tried to remain as close to the participants 

original meaning as possible throughout the entire research process.  

 

Transferability can be described as the generalizability of the research. The researcher 

can give the reader the opportunity to judge the transferability of the study by providing 

full description of research design, question, context, findings and assumptions (Saunders 

et al., 2019, p. 217). Additionally, transferability refers to which extent the findings can 

be useful to people in other settings. It is crucial for the researchers to provide a clear 

picture to successfully inform the readers (Conelly, 2016, p. 436). Applying this to our 

research, we have aimed to ensure transferability in our study by including detailed 

descriptions of the context. Parts such as the research design, interview guide, data 

collection and analysis method are clearly outlined so the reader can grasp and understand 

how the study has been conducted. Furthermore, we have described the companies as 

well as interviewees’ experiences, to ensure a reader can make informed decisions on 

whether our findings might be relevant to apply to other contexts. Our aim was to offer 

generalization in the way that the insights may be valuable to help understand similar 

phenomena in comparable contexts.  

 

Dependability in a study refers to the stability of the data over time, and the understanding 

that stability of conditions depends on the nature of the study. A study of a phenomenon 

may vary over time, since conditions over time might change. Some efforts taken to 

ensure dependability can be research notes or peer-debriefings (Conelly, 2016, p. 435). 

The process of recording changes made to the research is important to produce reliable 

results that can be understood and evaluated by others (Saunders et al., 2019, p. 217). 

During the research process, dependability was strengthened with peer-debriefing 

through regular discussions with our supervisor, where changes to the research were 

reflected on. Additionally, we conducted a pilot interview to test and make changes to 

our interview guide. Advantages with conducting a pilot interview is that it might give 

some indications of where the study could potentially fail, as well as making sure methods 

are appropriately used and not too complicated, all factors that can help ensure 

dependability in our research (Van Teijlingen & Hundley, 2002, p. 33).   

 

Confirmability refers to which degree the findings are consistent and could potentially be 

repeated and could also be described as objectivity in the research. Methods used to 

ensure confirmability can be keeping notes of analysis progress or member-checking 

(Conelly, 2016, p. 435). A study’s confirmability can further be described as to which 

extent the findings are shaped by the respondents (Adeoye‐Olatunde & Olenik, 2021, p. 

1364). To ensure confirmability during the entire research process, both researchers were 

involved in the analysis process to help minimize researcher bias. We tried to display the 
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empirical findings as close to the original meaning behind it from the interview 

participants, as well as ensuring that the findings were grounded in the raw data collected. 
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Appendices 

Appendix A. Interview guide connected to theories and frameworks, English version. 

Interview question Theory/Framework/Concept 

Can you describe your experience in recruitment 

and your current role? 

HRM 

Have you encountered AI-tools in the recruitment 

process? If so, can you describe your experience 

and how they have been used? 

If not, is there a particular reason why your 

organization has not implemented this? Are you 

aware of any AI-tools you could potentially? 

AI in recruitment  

In practice, do you perceive AI as a useful tool in 

recruitment?   

Technology Acceptance Model (Davis, 

1987) 

What is your perceived ease of use when using AI-

tools in recruitment?  

Technology Acceptance Model (Davis, 

1987) 

Have you observed any particular benefits in using 

AI for recruitment? If not, do you see any potential 

benefits of using AI-tools in the future? 

Trust in automation (Lee & See, 2004) 

Have you observed any particular challenges in 

using AI for recruitment? If not, do you see any 

potential challenges for using AI-tools in the 

future?  

Trust in automation (Lee & See, 2004) 

How would you describe your current/potential 

level of trust in AI-driven recruitment? 

The trust model (Mayer et al., 1995) 

Which factors do you feel most influence your 

current/potential trust in AI? 

The trust model (Mayer et al., 1995) 

In recruitment, how does your trust in AI compare 

to your trust in humans? 

Trust in automation (Lee & See, 2004) 

Are there any ethical considerations that influence 

your trust in AI? If so, which ones? 

AI ethics 

Are there any regulations or guidelines that 

influence your trust in AI? If so, which ones? 

EU AI Act  

How do you perceive the effect of AI-tools on 

fairness and transparency in the recruitment 

results? 

AI bias 
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Interview question Theory/Framework/Concept 

Do you think AI in recruitment reduces or 

reinforces biases in hiring? Have you observed this 

in practice?  

AI bias 

How do you think applicants perceive AI-driven 

hiring tools in terms of fairness and transparency? 

Applicant Attribution-Reaction Theory 

(Ployhart & Harold, 2004) 

Have you received feedback from candidates 

regarding their experience with AI in the hiring 

process?  

Applicant Attribution-Reaction Theory 

(Ployhart & Harold, 2004) 

What is the process when implementing change in 

your organization? Do you feel well-informed on 

why changes have been implemented?  

ADKAR (Hiatt, 2006) 

How do you perceive the employees’ response to 

change in your organization? Is there typically 

greater resistance or receptivity? 

ADKAR (Hiatt, 2006) 

In your organization, are you an active part of the 

discussion on AI implementation? If not, is there a 

particular reason why? 

HRM 

In preparation for and during the implementation 

of new digital systems, what is the extent of your 

received skill-based training and management 

support?  

ADKAR (Hiatt, 2006) 

To what extent are you able to oversee and override 

decisions and directions taken by AI?  

AI in recruitment 

What would make you more comfortable using AI 

in recruitment? 

Technology Acceptance Model (Davis, 

1987) 

How do you see AI-driven recruitment evolving in 

the future?  

AI in recruitment 

 

 

Appendix B. Interview guide connected to theories and frameworks, Swedish version. 

Interview question Theory/framework/concept 

Kan du beskriva dina erfarenheter inom rekrytering 

och din nuvarande roll? 

 

HRM 

Har du stött på några AI-verktyg i 

rekryteringsprocessen? Om ja, kan du beskriva din 

upplevelse och hur de har använts? Om nej, finns 

det någon särskild anledning till att din 

AI in recruitment 
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organisation inte har implementerat det? Känner du 

till några AI-verktyg som du skulle kunna 

potentiellt använda?  

 

Hur tycker du AI fungerar i praktiken vid 

rekrytering, upplever du att det har kommit till 

nytta eller inte?  

 

Technology Acceptance Model (Davis, 1987) 

Hur lätt eller svårt upplever du att det är att använda 

olika AI-verktyg i rekryteringsprocessen? 

 

Technology Acceptance Model (Davis, 1987) 

Har du märkt några fördelar med att använda AI i 

rekrytering? Om inte, ser du några potentiella 

fördelar i framtiden? 

 

Trust in automation (Lee & See, 2004) 

Har du observerat några utmaningar med att 

använda AI i rekrytering? Om inte, ser du några 

potentiella utmaningar i framtiden? 

 

Trust in automation (Lee & See, 2004) 

Hur skulle du beskriva din nuvarande/potentiella 

tillit till AI-driven rekrytering? 

 

The Trust Model (Mayer et al., 1995) 

Vilka faktorer upplever du som mest påverkar din 

nuvarande/potentiella tillit till AI? 

 

The Trust Model (Mayer et al., 1995) 

Hur skulle du beskriva din tillit till AI jämfört med 

din tillit till människor i rekryteringssammanhang? 

 

Trust in automation (Lee & See, 2004) 

Finns det några etiska aspekter som påverkar din 

tillit till AI? I så fall, vilka?  

 

AI ethics 

Finns det några regler och riktlinjer som påverkar 

din tillit till AI? I så fall, vilka? 

 

EU AI Act 

Hur uppfattar du AI-verktygens påverkan på ett 

rättvist och transparant resultat i rekrytering? 

 

AI Bias 

Tror du att AI gör rekrytering mer eller mindre 

partisk? Har du sett exempel på detta i praktiken? 

 

AI Bias 

Tror du arbetssökande upplever AI-driven 

rekrytering som rättvis och transparent?  

 

Applicant Attribution-Reaction Theory 

(Ployhart & Harold, 2004) 

Har du fått någon feedback från kandidater om 

deras upplevelse av AI i rekryteringsprocessen? 

 

Applicant Attribution-Reaction Theory 

(Ployhart & Harold, 2004) 

Hur ser processen ut när förändringar ska 

genomföras i din organisation? Känner du dig väl 

informerad om varför tidigare förändringar har 

genomförts? 

ADKAR (Hiatt, 2006) 
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Hur upplever du medarbetarnas reaktion på 

förändring i din organisation? Brukar det vara mer 

motstånd eller mottaglighet?  

 

ADKAR (Hiatt, 2006) 

Är du en aktiv del i diskussionen kring AI-

implementering i din organisation? Om inte, finns 

det någon särskild anledning? 

 

HRM 

Inför och under implementeringen av nya digitala 

system, hur mycket kompetensbaserad utbildning, 

träning, och stöd har du fått från ledningen? 

 

ADKAR (Hiatt, 2006) 

I vilken utsträckning har du möjlighet att övervaka 

och överskrida beslut som tas av AI-verktyg? 

 

AI in recruitment 

Vad skulle få dig att känna dig mer bekväm med att 

använda AI i rekrytering? 

 

Technology Acceptance Model (Davis, 

1987) 

Hur uppfattar du den ökade användningen av AI i 

rekrytering inom offentliga sektorn? Hur tror du 

detta kommer att utvecklas i framtiden? 

AI in recruitment 
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