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ABSTRACT
        Artificial Intelligence (AI) is transforming business 
domains such as operations, marketing, risk, and financial 
management. However, its integration into Human Resource 
Management (HRM) poses challenges, particularly in recruit-
ment, where AI influences work dynamics and 
decision-making. This study, using a grounded theory 
approach, interviewed 39 HR professionals and AI develop-
ers to explore potential biases in AI-Recruitment Systems 
(AIRS) and identify mitigation techniques. Findings highlight 
a critical gap: the HR profession’s need to embrace both 
technical skills and nuanced people-focused competencies 
to collaborate effectively with AI developers and drive 
informed discussions on the scope of AI’s role in recruitment 
and selection. This research integrates Gibson’s direct per-
ception theory and Gregory’s indirect perception theory, 
combining psychological, information systems, and HRM 
perspectives to offer insights into decision-making biases in 
AI. A framework is proposed to clarify decision-making 
biases and guide the development of robust protocols for AI 
in HR, with a focus on ethical oversight and regulatory 
needs. This research contributes to AI-based HR 
decision-making literature by exploring the intersection of 
cognitive bias and AI-augmented decisions in recruitment 
and selection. It offers practical insights for HR professionals 
and AI developers on how collaboration and perception can 
improve the fairness and effectiveness of AIRS-aided 
decisions.
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Introduction

Illustrative case #1: Consulting firm’s AI recruitment challenge

A consulting firm employed an AI recruitment tool to fill a senior leadership role, 
prioritizing traits like assertiveness and clarity as indicators of good communica-
tion. Consequently, the tool overlooked candidates with more reserved but equally 
effective communication styles. The firm recognized this limitation after observing 
feedback from recent hires and noticing a pattern of missed opportunities for can-
didates with alternative communication strengths. This experience has prompted 
the firm to refine its AI system to better recognize diverse leadership qualities, 
moving beyond narrow interpretations of communication skills.

Artificial Intelligence (AI) is a collection of programs, algorithms, sys-
tems, and machines that mimic human intelligence and is increasingly 
used in organizational decision-making, including recruitment and selec-
tion (R&S) (Upadhyay & Khandelwal, 2018). The adoption of AI tech-
nologies in R&S presents opportunities for objective evaluation and 
recruitment, background checks, compensation development, and poten-
tial job-fit prediction (Vrontis et  al., 2021). However, challenges such as 
algorithmic biases may limit the effectiveness of AI in delivering on its 
promises (Rana et  al., 2022).

Algorithmic biases refer to process biases and/or discriminatory out-
comes that can occur due to the design, development, or implementation 
of algorithms in computational systems, including AI systems (Barocas & 
Selbst, 2016). The embedded source of bias in AI originates from the 
human behavior it replicates. Bias can stem from multiple sources, 
including the datasets used to train the algorithms, the design of the 
algorithms themselves, and human decision-making throughout the 
development process. If the AI’s behavior seems problematic, it is import-
ant to remember that it is simply reflecting human actions, as it learns 
directly from them (Polli, 2019).

Artificial Intelligence biases can manifest when algorithms systemati-
cally favor or disadvantage certain individuals or groups. This has been 
reflected in AI applications for R&S, including candidate ranking and 
facial recognition, where biases have been identified (Mujtaba & 
Mahapatra, 2019). These biases often revolve around legally protected 
characteristics like race, gender, and age (Barocas & Selbst, 2016) and 
can extend to more subtle characteristics, such as personality types, 
which although not legally protected, can equally be subject to unfair 
treatment, thus creating a broader scope for potential bias (Mann & 
Matzner, 2019).

Cognitive biases have been extensively studied in the psychology and 
behavioral economics domains (Simon, 1997), with researchers investi-
gating their impact on manager decision-making (Kahneman et  al., 
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2011). Although ethical, legal, and design implications of algorithmic 
bias have been discussed conceptually (Shams et  al., 2025), there is a lack 
of empirical study exploring these areas in AI (Kordzadeh & Ghasemaghaei, 
2022) and this has circumscribed the ability of AI developers and HR 
professionals to identify and mitigate biases in AIRS.

In R&S, biases pose a formidable challenge in developing AI-based 
decision-making systems. Addressing these challenges necessitates a 
cross-functional approach involving the deployment of technologies and 
human knowledge aimed at reducing biases from algorithms’ design and 
application (Bhattacharya, 2021). By integrating expertise from fields 
such as information technology (i.e. AI developers) and management, 
HR professionals and AI developers can better detect and mitigate biases, 
ensuring AI systems are both effective and ethically sound. This 
cross-functional collaboration enhances trust in AI-based decision-making 
(Gressel et  al., 2020), as it combines diverse insights to create more 
robust frameworks for understanding and managing biases inherent in 
AI applications, including those specific to R&S (de Bruijn et  al., 2022).

This study empirically explores HR and developer perceptions of AI 
biases and their mitigation specifically within the context of R&S. It 
focuses on potential cognitive biases that may emerge when integrat-
ing AI into R&S decisions. In addition to furthering an understanding 
of AI applications in general, the findings offer specific insight into 
the application of AI in R&S, addressing the context-sensitive nature 
of the relationship between technology and HR, as encouraged in 
recent HR research (Kim et  al., 2021). The study emphasizes the 
importance of cross-disciplinary training between AI and HR profes-
sionals to enhance mutual understanding and communication, thereby 
addressing the often complex and ambiguous issues encountered 
throughout the AIRS development process. The identification and mit-
igation of such biases is important as they influence the quality of 
hiring decisions and thus affect organizational effectiveness and fair-
ness as well as the equity of outcomes for individual candidates (Mann 
& O’Neil, 2016).

This study addresses the question: How can AI developers and HR 
professionals collaborate to jointly apply technical skills and 
people-focused competencies to reduce cognitive biases in AI-based 
recruitment decision systems? To this end, we first sought to identify 
the cognitive biases that are more likely to occur in R&S decisions and 
then explore how these biases may be embedded in AIRS. Based on the 
findings, we propose a model of AIRS development that integrates these 
essential competencies. Applying the theory of perception, we further 
explain the complex mechanisms through which biases can become 
entrenched in AIRS.
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Literature review

As the pioneering computer scientist Joseph Weizenbaum (1976) pointed 
out, humans exercise judgment while machines make calculations. While 
AI systems may reflect human cognitive patterns, their biases do not 
always stem directly from human thought processes but can arise in 
unexpected ways due to the structure of data and the design and train-
ing of ML models within the R&S ecosystem. This literature review 
focuses on AI as a decision support system in the R&S ecosystem. The 
R&S ecosystem includes HR professionals, who interpret and evaluate 
candidate information, and AI developers, who design and implement AI 
systems like AIRS. Both groups influence how data is perceived and pro-
cessed, with HR professionals often relying on intuition and experience 
(indirect perceptions), while AI developers focus on quantifiable data 
(direct perceptions). Drawing on theories of perception, the review 
explores how organizing, identifying, and interpreting information shapes 
cognitive biases that affect recruitment decisions. Figure 1 provides an 
overview of these interactions, illustrating the flow of perceptions, biases, 
and decision-making within the R&S ecosystem.

Artificial Intelligence in recruitment and selection

Applications of AI in R&S include automation of tasks, such as candidate 
screening, shortlisting, and ranking, as well as evaluating their compati-
bility with a team and predicting their likelihood of retention, leading to 
a more data-driven approach to recruitment (Ore & Sposato, 2022). The 
contribution of AI stems from its ability to learn from experience and to 
use knowledge representation for problem-solving. The ‘thinking’ capabil-
ity of AI, which separates it from other decision tools, encompasses 
problem-solving, reasoning, and learning (Russell & Norvig, 2010). 
However, challenges exist in accurately capturing and representing real 
world complexity (Abebe et  al., 2020).

Figure 1. A I-assisted recruitment and selection ecosystem.
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Technologies underpinning AI systems, such as machine learning 
(ML), neural networks, and deep learning, automate and enhance the 
accuracy of recruitment and selection (R&S) decisions (Davenport, 2018). 
ML refers to a set of algorithms that allow systems to learn from data, 
while neural networks are a specific type of ML model inspired by the 
structure of the human brain (Goodfellow et  al., 2016). These networks 
consist of interconnected layers of nodes, or ‘neurons,’ that process data 
and adjust their parameters based on the patterns they detect, enabling 
more complex forms of learning and decision-making (Goodfellow et  al., 
2016). Deep learning, a subset of neural networks, utilizes multiple layers 
to analyze complex patterns in data. Together, these techniques enable AI 
to adapt and optimize recruitment decisions (Kaplan & Haenlein, 2019). 
However, the subjective components of R&S, such as job descriptions or 
character assessments, make the use of ML-based systems problematic 
(Bogen et  al., 2018), a problem likely to be compounded by the emer-
gence of Artificial General Intelligence (Salmon et  al., 2023).

Three factors play important roles in determining the reliability of the 
ML-based systems: data, algorithms, and human perception. Firstly, the 
utility and reliability of ML-based decision support systems are highly 
dependent on the quality and volume of data. This challenge distin-
guishes ML-based systems from conventional decision support systems, 
where data quality and volume also matter but are not as central to their 
reliability after development (Davenport & Kalakota, 2019). While large 
quantities of data empower ML algorithms to discern patterns and 
enhance their predictive accuracy, poor data quality can undermine the 
ability of ML models to deliver accurate predictions, particularly when 
balancing accuracy and fairness, which can lead to biased decision-making 
(Barocas & Selbst, 2016).

Second, algorithms are the foundations of AI systems, shaping their 
ability to perceive patterns, make inferences, and execute decisions 
(Bishop, 2020). The design and decision-making processes inherent in 
developing these algorithms could introduce biases, significantly affecting 
the system’s outputs. According to Kusner et  al. (2017), biases can be 
introduced in the course of algorithmic design at several key junctures, 
such as the choices made in model selection, the decision-making pro-
cess on how to measure the performance or effectiveness of that model, 
or the methods used to encode fairness into the algorithm.

For instance, if the selection or weighting of certain variables during 
algorithm development unintentionally favors certain outcomes, or if an 
algorithm otherwise emphasizes certain features while neglecting others, 
the resulting decision-making could become biased (Danks & London, 
2017). This bias can manifest in the design of the decision-making pro-
cess within the algorithm itself, where decision boundaries or thresholds 



6 M. SOLEIMANI ET AL.

set to favor certain outcomes can lead to skewed results (Grgic-Hlaca 
et  al., 2018). As such, even seemingly innocuous design choices can sig-
nificantly affect the fairness of algorithmic decisions. Notably, defining 
the target variable in R&S is particularly challenging, as definite perfor-
mance metrics are often unavailable (Albaroudi et  al., 2024). While some 
objective factors, such as sales numbers, can be used as a metric, they 
may not be appropriate in all cases. For example, sales volumes may be 
biased and influenced by external factors like organizational climate or 
opportunities rather than a candidate’s skills and qualifications (Albaroudi 
et  al., 2024).

The third important factor, to which we next turn, is human percep-
tion—our understanding and interpretation of the hiring context and AI 
outputs—which can significantly affect the integration of AI into R&S 
processes. While the quality of data and the design of algorithms play 
pivotal roles in developing unbiased AI systems, human perception 
remains a key influence.

The role of perception in integrating less biased AI for R&S

There are two main schools of thought in the psychology of percep-
tion which reflect different perspectives on the role of cognitive pro-
cesses in shaping our perceptual experiences: the direct (Gibson, 
1966) and the indirect accounts of perception (Gregory, 1970, 1980). 
The former, as exemplified by Gibson’s Ecological Approach to 
Perception, emphasizes the direct and immediate nature of perception 
and suggests that perception is primarily driven by external informa-
tion and not subject to hypothesis testing (Gibson, 1979). The indi-
rect account of perception, as exemplified by Gregory’s Indirect 
Theory of Perception, underscores the constructive nature of percep-
tion by highlighting the significant role of internal cognitive pro-
cesses—such as memory, attention, and expectations—in shaping our 
understanding of the world (Gregory, 1970, 1980). This perspective 
emphasizes the critical interaction between the perceiver and the 
environment, illustrating how the brain actively processes sensory 
information by leveraging past experiences and anticipations to form 
our perceptual experiences (Chalk et  al., 2010).

This dynamic process reflects the interplay of both direct and indirect 
perceptions, where sensory input and cognitive factors interact to shape 
our perceptual experiences. While the direct account emphasizes the role 
of external information in driving perception, the indirect account high-
lights the influence of internal cognitive processes such as pre-existing 
knowledge and hypothesis formation, which are heavily swayed by con-
text, task, and individual differences (Feldman, 2015). Central to these 
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cognitive factors are our individual mental models, which are developed 
through our upbringing and educational experiences (Gressel et  al., 
2020). These models deeply influence how we interpret sensory inputs 
and integrate them with our cognitive processes, thereby forming our 
interpretation of the world (Pearson et al., 2008). Understanding this 
intricate balance between sensory data and cognitive processes is integral 
to comprehending how we perceive and interpret our environment 
(Spivey, 2003).

As discussed, the development of AI for R&S carries the potential to 
enhance the profiling of candidates, projecting their fit within a team 
and likelihood of good performance and retention, but it requires a com-
prehensive set of competencies, such as gathering and amalgamating 
quality data, devising algorithms for training, and overseeing the learning 
process of the algorithm. Thus, the involvement of individuals with var-
ied and specialized skills becomes an integral part of the AI development 
process.

Gregory’s Theory of Perceptions as Hypothesis underscores the need 
for varied expertise in the realm of AI development. As mentioned, the 
theory posits that an individual’s ‘knowledge base’—a collection of their 
prior knowledge, beliefs, experiences, and expectations—directs their 
responses and interpretations of external stimuli, including environmen-
tal information (Gregory, 1980). Effective AI predictions hinge signifi-
cantly on domain-specific data (Chowdhury et  al., 2023), necessitating a 
substantial degree of cognitive engagement and leading to the inevitable 
formation of hypothesized perceptions.

In the AIRS development process, AI developers and HR profes-
sionals are not simply passive absorbers of R&S-related data points 
and information. On the contrary, they actively interpret this data, 
leveraging their unique knowledge bases to navigate multifaceted HR 
phenomena, ethical conundrums, and employee responses to AI, all of 
which could contribute to potential algorithmic biases (Giermindl 
et  al., 2022).

The type of input AI developers and HR professionals engage with 
shapes their reliance on different types of perception. AI developers, 
trained to work primarily with objective, quantifiable data, may tend to 
rely more on direct perception, focusing on observable metrics and pat-
terns. In contrast, HR professionals, who deal with more complex, con-
textualized and subjective human-related phenomena, often rely on 
indirect perception, drawing on intuition and experience (Highhouse, 
2008). The following example highlights how these differing inputs might 
work in R&S.

For example, AIRS is used in preliminary video interviews to leverage 
direct perception by analyzing structured and observable data during the 
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interview process. For instance, the AI can evaluate clear communication 
using speech-to-text transcription to assess sentence coherence, logical 
flow, and keyword relevance. It can analyze active listening by checking 
whether responses align with the questions asked and by measuring 
thoughtful response timing. For adaptability, AIRS might assess behav-
ioral question responses for patterns indicating problem-solving or learn-
ing agility, alongside sentiment analysis to gauge attitudes toward 
challenges. Similarly, immersive technologies like Virtual Reality (VR) 
and Augmented Reality (AR) could complement AIRS by allowing can-
didates to engage in simulated job scenarios (Ferreira et  al., 2021), such 
as a hospital simulating operating room conditions to assess a nurse’s 
performance under pressure.

However, AIRS can only complement human final decision-making, as 
HR professionals might observe that a candidate with moderate technical 
scores demonstrates exceptional interpersonal skills, such as active listen-
ing, clear communication, and empathy when describing past teamwork 
experiences (Highhouse, 2008). They might also recognize adaptability 
through examples where the candidate successfully handled sudden 
changes in project scope or quickly learned a new tool to meet dead-
lines. These observations, rooted in indirect perception, highlight nuanced 
qualities that are not immediately quantifiable but are critical for work-
place success (Ryan & Ployhart, 2014).

To be clear, this is not a zero-sum relationship. Both roles are essential 
to the AIRS development process, and their differing perceptions—objec-
tive and subjective—complement each other. This balance between direct 
and indirect perception, as reflected by their respective responsibilities 
and data focus, is illustrated in Figure 2.

Figure 2.  Balance of perception types across professional roles in AI recruitment systems 
development.
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Decision-making and cognitive biases

Illustrative case #2: AI screening bias in a changing talent landscape

A creative agency’s AI tool for candidate screening, initially trained to prioritize 
traditional career trajectories and industry-specific qualifications, began overlook-
ing a new wave of applicants with non-linear paths—such as career switchers and 
freelancers—as the market evolved. These candidates, who offered adaptability and 
innovation suited to the agency’s needs, were filtered out due to embedded biases 
favoring conventional markers of success. Realizing the tool’s misalignment with 
the changing talent landscape, the agency revised its AI criteria to better recognize 
diverse experiences, enhancing its capacity to attract talent attuned to current 
demands.

In organizational contexts, recruitment and selection decisions are influ-
enced by individuals’ decision-making perceptions, shaped by their 
unique expectations and past experiences (Gregory, 1980). These percep-
tions can introduce cognitive biases that may skew the outcome of 
recruitment decisions (Derous & Ryan, 2019). Understanding the rela-
tionship between perception and decision-making can help explain how 
cognitive biases can arise and exert influence throughout the recruitment 
decision-making process.

Decision-making is a mental process of ‘option generation and com-
parison’ (Schraagen et  al., 2008, p. 4) to choose among alternatives 
(Galotti et  al., 2006). It is a dynamic and non-linear process blending 
rational thought and intuition (Simon, 1993). Decisions required for 
many sensory-motor tasks can be thought of as a form of statistical 
inference, underlining the complexity of decision-making processes (Gold 
& Shadlen, 2007). Personal experience and perceptions substantially 
influence decision-making processes, notably in the face of incomplete 
information or amidst environmental changes, which may lead to cogni-
tive biases (Kahneman & Tversky, 1979).

Cognitive biases, viewed as irrational perceptions that affect 
decision-making (Simon et  al., 2000), are crucial elements to consider in 
the decision-making process, as they can sway or even distort this pro-
cess. These biases stem from heuristic thinking, or the mental shortcuts 
that individuals use to simplify complex problems or decisions (Tversky 
& Kahneman, 1974). Cognitive biases can influence managerial and orga-
nizational decision-making, creating potential pitfalls but also areas for 
improvement. By understanding and acknowledging these biases, 
decision-makers can employ strategies to mitigate their effects, promot-
ing more accurate and balanced decision-making (Larrick, 2004).

In a study of the decision-making process, Acciarini et  al. (2021) out-
line critical stages including objective identification, information gather-
ing, strategy selection, action execution, and result evaluation. These 
stages inherently intertwine rigorous data analysis and human judgment, 
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therefore introducing potential cognitive biases into the process. It is 
within this context that a delicate balance emerges between reliance on 
data-driven decisions and the influence of cognitive biases.

Despite the potential of high-quality data to mitigate decision-making 
risk (Merendino et  al., 2018), a comprehensive understanding of the con-
text and the application of analytical techniques remain vital for effective 
decision-making. This underlines the necessity of managing data analysis 
and cognitive biases simultaneously for better decision-making amid 
environmental transformations. The interplay between cognitive biases 
and data-centric methodologies is evident in numerous organizational 
decision-making processes, including R&S (Davenport et  al., 2010; 
Klimoski et  al., 2016; Rasmussen & Ulrich, 2015).

As noted above, AI systems, increasingly prevalent as a data-driven 
solution for mitigating biases in decision-making processes, are also 
susceptible to human-induced cognitive biases (Ntoutsi et  al., 2020). 
These biases stem from two predominant sources: the regularities of 
training datasets and the algorithms themselves (Barocas et  al., 2023). 
The dataset may not be representative of the target population, label-
ing may be inaccurate or coarse, and cognitive biases prevailing in 
the environment may be reflected in the data (Johnson, 2021). 
Algorithmic biases can also arise through design choices and assump-
tions made during development (Mitchell et  al., 2021). These com-
bined biases can lead to socially skewed outcomes, potentially 
exacerbating inequalities in the workplace and society (Kordzadeh & 
Ghasemaghaei, 2022). This is particularly concerning in recruitment 
decisions where biases can obstruct the development of a diverse and 
inclusive workplace (Whysall, 2018). Recognizing and addressing these 
algorithmic biases in AI systems is crucial (Friedler et  al., 2019). This 
study therefore explores the potential scope and mitigation of these 
biases through the perceptions and experiences of the two key stake-
holders: developers and HR professionals.

Research methodology

This study employs an exploratory inductive research design using a 
grounded theory (GT) approach (Glaser & Strauss, 1967). This is appro-
priate for examining complex, multi-dimensional phenomena such as 
group and individual decision-making (Intezari & Pauleen, 2018) and 
was deemed suitable for this study for four reasons. First, it aims to meet 
the immediate need to investigate methods to regulate potential adverse 
behaviors associated with AI usage in business decision-making, as high-
lighted in previous studies (Duan et al., 2019; Kordzadeh & Ghasemaghaei, 
2022). Second, the recent emergence of biases in AI (Von Krogh, 2018) 
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and the rapidly increasing use of AI in R&S (Alsaif & Aksoy, 2023) has 
resulted in a lack of theoretical frameworks and practical solutions for 
addressing biases in R&S decisions (Hunkenschroer & Luetge, 2022). 
Third, the study aims to explain, based on field research, how cognitive 
biases may be introduced into AIRS. Finally, the study seeks to identify 
effective techniques for mitigating cognitive biases through the varied 
experiences of practitioners.

The classic GT approach facilitates the inductive identification of vari-
ables without preconceived categories and hypothesis (Glaser, 1992). In 
the later phases of this study, particularly after the emergence of the core 
category, references were made back to the literature to gain a deeper 
understanding of the evolving concepts and categories. This comparison 
with the literature and conceptual mapping facilitated the emergence of 
the core category (Intezari & Pauleen, 2018).

Participants and data collection

There are growing concerns about a disconnection between AI develop-
ers and those who implement and utilize their tools in applied settings, 
as well as between the technical and social sciences that seek to under-
stand them (Graziani et  al., 2023). To address this issue, this study 
engages both AI developers for their technical insights and HR profes-
sionals for their practical perspectives. Despite not interacting directly in 
an organizational setting, the shared and integrated understanding of 
these two groups is critical to encompass the full lifecycle of AI in 
recruitment decisions—from its creation to deployment—for addressing 
algorithmic bias issues. In all, 39 informants were recruited, comprising 
22 HR professionals (56%) and 17 AI developers (44%), who participated 
in a four-phase interview process.

HR professionals were interviewed in phases 1 and 2, and AI develop-
ers were interviewed in phases 3 and 4. This strategy ensured the selec-
tion of informants who met specific criteria: HR professionals were 
chosen based on their experience in R&S and their understanding of the 
key concepts, principles, and potential applications of AI in the recruit-
ment process, though not necessarily having hands-on experience in 
developing AI systems. AI developers were selected for their expertise in 
developing AI for recruitment purposes. Interviewing HR professionals 
before AI developers was decided upon to first explore the real-world 
implications and practical issues surrounding potential biases in AIRS. 
This foundation then guided the exploration of technical solutions with 
AI developers, ensuring a more complete and grounded insight into the 
management of algorithmic bias.
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Reflecting typical occupational gender distributions, 17 of the 22 HR 
professionals were women, and five were men, with an overall average of 
14 years of work experience in HR; in contrast, of 17 AI developers, two 
were female and 15 were male. The average work experience of the AI 
developers was four years, and all had at least one university 
qualification.

Participants were recruited through social networking platforms, 
such as LinkedIn, personal connections, and snowballing techniques. 
The initial ten participants were interviewed in person, while subse-
quent interviews were conducted remotely via an online communica-
tion tool. Although in-person interviews were feasible, several 
participants, including international participants, preferred the conve-
nience and comfort of remote interviews. This flexibility was main-
tained throughout the data collection process, which spanned a period 
during and after the COVID-19 pandemic (2020–2022). On average, 
the interviews lasted approximately one hour, with a minimum dura-
tion of 30 min and a maximum of one and a half hours (Appendix 1 
and Appendix 2). All interviews were audio-recorded and transcribed 
by the principal researcher. The transcriptions were cross-checked with 
participants.

Following Glaser’s (2003) approach, we conducted semi-structured 
interviews with open-ended questions (Appendix 3). In Phase 1, we 
interviewed 10 HR professionals who were selected based on their 
experience in recruitment and selection (R&S) processes, particularly 
in larger organizations where these practices are more formalized. 
These HR professionals were also chosen for their potential exposure 
to and familiarity with technological applications commonly used in 
HR, such as applicant tracking systems (ATS), automated resumé 
screening, and HR analytics tools. For Phase 2, we further focused on 
enhancing our theoretical sensitivity by interviewing 12 additional HR 
professionals. These participants were selected based on their experi-
ences collaborating with AI developers, unlike in Phase 1, where the 
focus was broader and included HR professionals with varying levels 
of familiarity with AI systems.

Building on the findings from Phase 1 and Phase 2, it was revealed 
that HR professionals lacked sufficient understanding of the AI develop-
ment process and the potential biases inherent in AI systems. In accor-
dance with theoretical sampling (Glaser & Strauss, 1967), new informants 
(AI developers) were recruited in Phase 3 based on emerging themes 
such as ‘missing data points in R&S datasets,’ ‘collecting R&S datasets,’ 
and ‘providing feedback to AI models.’ To explore these issues further, 
we conducted interviews with eight AI developers. During these inter-
views, the analysis raised concerns about the techniques used to validate 
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ML models and mitigate cognitive biases. This led to the recruitment of 
nine additional AI developers in Phase 4, to explore and address the 
issues identified by the Phase 3 cohort.

Data analysis

The data collection and analysis process occurred concurrently and iter-
atively over the four phases, as illustrated in Figure 3. Three coding 
strategies were employed to identify categories: open coding, selective 
coding, and theoretical coding (Glaser & Strauss, 1967). Data analysis 
began with reading the transcriptions and memo-writing to comprehend 
the context and main points of the data in relation to the research 
questions.

To systematically analyze the interview data, the principal researcher 
used open coding, assigning codes to each sentence or paragraph in the 
transcripts. The goal was to code the data in ‘every way possible’ (Glaser, 
1978, p. 56). Another researcher cross-checked the codes to ensure their 
accuracy, and any discrepancies were discussed and resolved to ensure 
consistency in the coding. After each interview analysis, the researchers 
reviewed the results to ensure complete consistency in their coding.

Similar conceptual codes were identified and grouped ‘under more 
abstract explanatory terms known as conceptual categories’ (Strauss & 
Corbin, 1998, p. 114). The analysis of data gathered in each phase was 
performed using the constant comparison method, where data was 
constantly compared with previously collected data to identify 

Figure 3.  Data collection and analysis process.3
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similarities, differences, and emerging patterns. This process was 
detailed and iterative, necessitating manual coding to accommodate 
the nuanced interpretation and flexibility needed for this analysis, 
which software like NVivo could not fully support (Davidson & Jacobs, 
2008). Through constant comparison, each code and category were 
continually examined to determine whether a new category was 
required or the existing categories were sufficient. This process was 
conducted across interviews and all the interview phases. As more 
interviews were conducted, the conceptual codes and categories were 
refined.

For instance, the initial conceptual categories of ‘asking [the] right 
questions’ and ‘articulating job position requirements’ were aggregated 
into the conceptual category of ‘HR professionals’ assumptions and job 
position requirements.’ Codes or categories that were identified by only 
one or two participants and did not come up in other interviews were 
excluded from the analysis. This increasing theoretical sensitivity (Glaser 
& Strauss, 1967) led the data analysis to become increasingly focused on 
conceptual terms, such as the AI development process and the collabo-
ration between HR professionals and AI developers in developing AI for 
R&S decisions. This constant comparison allowed for the refinement and 
elaboration of the properties of the initial concepts and categories (Glaser 
& Strauss, 1967).

In Phase 4, data analysis started becoming theoretically saturated (i.e. 
no new data or concerns emerged in the new interviews). To ensure 
theoretical saturation, we continued data collection until no new theoret-
ical concepts emerged. By the end of Phase 4, 16 conceptual codes were 
identified, leading to the emergence of five conceptual categories and two 
sub-core categories.

Two sub-core categories were identified: cognitive biases, and how the 
biases are embedded in AIRS. The sub-categories represent potential cog-
nitive biases and three aspects of how these biases are embedded within 
AIRS, which are discussed in more detail in the following sections.

Findings

The aim of this study was to explore practitioner perceptions of bias and 
specifically how to mitigate biases that could significantly influence 
AIRS-based recruitment decisions. To this end, we conducted 
semi-structured interviews with HR professionals and AI developers 
around the world. We were particularly interested in understanding (1) 
what cognitive biases are likely to slip into AIRS, and (2) how the biases 
are embedded within AIRS. This would help us understand how cogni-
tive biases could be mitigated in AIRS. Following the presentation of the 
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findings of which cognitive biases are embedded in AIRS and how, we 
will explain, in the discussion section, how the biases can be mitigated.

The sub-core categories and conceptual categories, along with their 
definitions, are presented in Appendices 4 and 5.

Cognitive biases in AIRS

The findings revealed that two common cognitive biases that happen in 
R&S decisions are likely to end up in AIRS: the similar-to-me bias and 
the stereotype bias. These two biases predominated in our findings, 
though other biases, such as the halo effect (Zebrowitz & Montepare, 
2008) and the horns effect (Radeke & Stahelski, 2020), were also identi-
fied and are widely recognized in the literature. However, these effects 
can be viewed as forms of stereotypical inferences (Radeke & Stahelski, 
2020; Shao, 2023).1

The similar-to-me bias involves preferences for candidates who, for 
example, attended the same school as the recruiter or share common 
habits, interests, or are seen as more enjoyable companions by the recruit-
ers. Stereotype bias refers to a superficial evaluation of a candidate’s 
background, which may result in undue favoritism or prejudice against 
certain ethnic groups, candidates with specific amounts of experience, or 
those employed by either renowned or local companies. While evaluating 
a candidate’s background can be an effective way to assess their compe-
tencies, it can lead to biased decisions if done algorithmically (Barocas 
et  al., 2023).

Similar-to-me bias
Similarity tends to enhance the chances of gaining agreement with one’s 
opinions. Interviewers often have a pronounced inclination to seek social 
affirmation of their thoughts and beliefs, leading them to find favorable 
similarities with those they are interviewing (Fontana, 2023). Participants 
in this study provided instances where discrepancies in values, such as 
religious beliefs, could lead to a candidate being overlooked or rejected.

The findings revealed that one reason that the similar-to-me bias 
occurs in hiring decisions is that HR professionals often find it easier to 
communicate with candidates when they perceive similarities between 
themselves and the applicants (for evidence see Appendix 5). Moreover, 
they justify the bias as a criterion for good fit. For example, our partic-
ipants noted that HR professionals might assess candidates for being a 
good fit within the team based on factors like sharing ‘the same hobbies.’ 
The following statement exemplifies this perspective among HR 
professionals:

https://doi.org/10.1080/09585192.2025.2480617
https://doi.org/10.1080/09585192.2025.2480617
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I remember a candidate who had a background in running community outreach 
programs—something the manager was personally passionate about—was seen as 
a better cultural fit. The manager mentioned that they found it easier to engage 
in conversation and felt the candidate would integrate more seamlessly with the 
existing team. Conversely, a technically stronger candidate, who did not share 
these interests, was seen as less of a match, simply because the rapport during the 
interview didn’t feel as natural. (HR_2)

Such criteria might not actually be pertinent when considering whether 
a candidate would be a genuine team player. However, the normalization 
of the bias makes it unnoticeable during the AIRS design and develop-
ment process. The concern was raised by the participants, stressing that 
there is no clear distinction between the ‘similar-to-me’ bias and ensur-
ing a candidate is a good fit for the team. We did not find any informa-
tion (either from the HR professionals or AI developers) as to whether 
and how the bias is counterbalanced or moderated in AIRS so that AIRS 
uses the ‘similar-to-me’ criterion to genuinely assess the good fit of the 
candidate.

While the ‘similar-to-me’ bias appeared to be the major cognitive bias 
that could imperceptibly become embedded in AIRS, we also found 
another category of biases, which could be similarly difficult to pick up 
on during the AIRS design and development: the stereotype biases.

Stereotype bias
Stereotype bias is defined in the literature as a fixed or prejudiced per-
spective on an individual based on their belonging to a particular social 
category, such as ethnicity, age, or gender. This view diminishes their 
potential and overlooks the variety within the group (Hinton, 2019). Our 
participants identified specific indicators of this bias, such as evaluating 
candidates solely based on their place of birth and proficiency in English, 
pointing to a bias towards certain ethnicities:

They could be biased on somebody’s ethnicity, and making an assumption, maybe 
all that person might not have as great of English skills, or they might look at 
somebody who has a date of birth on there (HR_13).

What makes the stereotype bias undetectable during the design and 
development of AIRS is that it is rooted in the common practice of heu-
ristically assessing a candidate’s professional and personal background. 
While an HR professional may be able to moderate or augment their 
own experience-based preconceived view about a candidate’s professional 
and personal background to assess their overall competences, AIRS do 
not have this ability. Once embedded into AIRS, the stereotype bias may 
continue unchecked. For example, the following sentiment shows how 
HR professionals sometimes have conscious biases towards candidates, 
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although they would not necessarily identify such judgments as biased, 
perhaps considering it to be useful tacit knowledge. The participant 
explains his bias when he judged a candidate based on having five years 
of experience in a specific organization that he was familiar with:

So I know the engineers at that company are really good. So, she gets a little bit 
more credibility when I read her CV because I know from experience that she’s a 
really good engineer if she’s been working for five years in that company (HR_ 
15).

This kind of human perception and judgment is difficult, if not impos-
sible, to include in AIRS. For this reason, AI developers rely on 
data-driven analysis to make ML models accurate. While this can be 
seen as a benefit of AIRS, the downside is that it might reduce the 
importance of human judgment and expertise. The focus of AIRS would 
likely shift from a deep, thoughtful evaluation of a candidate’s suitability 
to an automated, algorithm-based assessment of many applications (See 
more quotes about ‘Stereotype biases’ in Appendix 5).

How the biases are embedded in AIRS

Our findings revealed that the biases are likely to be embedded in AIRS 
due to (1) flawed interpretation-algorithm transition, (2) flawed 
foundations-bias through data and design, and (3) flawed cycles-feedback 
stagnation and bias propagation.

Flawed interpretation-algorithm transition
Understanding the assumptions and requirements that HR professionals 
have for each job position is a pivotal aspect for AI developers who are 
seeking to select precise and relevant training datasets. For example, HR 
professionals may perceive that a good leader must have strong commu-
nication skills, and they rely on information and cues during interviews, 
such as observing how a candidate speaks, engages, and responds 
(Whysall, 2018).

This indirect perception (as it engages HR professionals’ high-level 
cognitive processes such as memory and expectations) shapes their eval-
uation of candidates face-to-face (Hunkenschroer & Lütge, 2021). They 
often equate strong communication with traits like assertiveness and con-
fidence, which are easily detected through direct interaction during the 
interview process.

In contrast, when AI developers are defining ‘strong communication 
skills’ for an algorithm, they rely on direct perceptions, shaped by avail-
able data and their technical knowledge (Marinucci et  al., 2023). This 
translation process can introduce errors, as AI developers may define 
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communication strength through quantifiable indicators like speaking 
clearly, forcefully, and without hesitation, leading AIRS to prioritize these 
measurable traits.

As a result, the system may end up overlooking those who possess 
strong leadership qualities but communicate in more collaborative or 
quieter ways (Albassam, 2023). Interviewees who engage in more thought-
ful, reserved communication styles may be disadvantaged by the AI’s 
narrow interpretation of what constitutes strong communication, which 
was shaped by indirect perceptions rather than the direct sensory cues 
available to HR professionals.

Understanding the contextual job requirements, however, can be highly 
challenging as the requirements may be interpreted differently by HR 
professionals and again when the understanding is transferred to the AI 
developers. This dilemma is captured by this participant:

People do not necessarily understand what they exactly want; people retrofitting a 
role around rather than considering what the role is and what they need first. To 
get your applicants quicker, you really need to understand what it is you’re look-
ing for. What skills? What age? What stage is going to be relevant for this? 
(HR_7).

Both AI developers and HR professionals highlight the importance of 
domain expertise. Identifying appropriate training datasets relies heavily 
on an understanding of contextual knowledge. Without a comprehensive 
and precise understanding of domain-specific requirements, AI develop-
ers may encounter challenges with datasets that do not align with the 
R&S objectives. As this HR professional explains:

What we need to do before AI can really help us [is] fix the start of the process 
in terms of understanding what it is that we’re looking for first, so that everyone 
knows, everyone at the start of the process is aware of what we’re looking for and 
drawing the right information out (HR_8). (For more supporting data, see 
Appendix 5).

For this reason, when HR professionals’ perception and interpretation 
of the job position requirements are not transferred to the AI developers 
correctly, the algorithms that AI developers write fail to reflect the actual 
job position assumptions and requirements. Such a flawed 
interpretation-algorithm transition can lead to unintentional and unde-
tectable biases in AIRS.

Flawed foundations-bias through data and design
When AI developers embark on creating AI systems, they often rely on 
historical data as the foundation for model development. However, 
addressing potential biases within this data is frequently an afterthought, 
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rather than a priority, during the initial stages of development 
(Davies, 2023).

Historical data often contains biases due to several factors, such as the 
inclusion of irrelevant data points, imbalanced datasets, missing entries, 
flawed data labeling, and inconsistencies in data preprocessing methods. 
This collection of biases can significantly affect the fairness of AI sys-
tems; even when AI developers curate these biased datasets, their indi-
rect perception come into play (Dwork, 2023; Gatzemeier, 2021).

The disparate impact of data and algorithms design is likely to happen 
in AIRS, because the R&S decisions are traditionally subjective (heavily 
engaging indirect perception), and not necessarily data driven. AI devel-
opers have access to limited datasets from past decisions related to spe-
cific job positions. As explained here:

The Human Resource area and especially in the recruitment stage, it hasn’t been 
an area where our data is used a lot to make decisions and it’s typically less data 
driven. We need more data to train algorithms (AI_2).

Our findings reveal that the limited availability of datasets in R&S can 
increase the risk of biases within AIRS. Data scarcity underscores a pre-
vailing challenge within HR, where decisions often lack a robust 
data-driven basis, potentially leading to indirect bias:

What is kind of difficult is that we don’t always get the whole picture when it 
comes to data, we don’t always know if this person got hired (AI_4). (For more 
supporting data, see Appendix 5).

The findings also spotlight inconsistencies and lapses in the data har-
nessed for R&S decisions, which is a recurrent issue within many orga-
nizations. These shortcomings could undermine the completeness of the 
AI dataset, leading to a decrease in the overall accuracy of the AIRS. as 
explained by this participant:

We don’t feed through, like total information into data, so they’re not getting 
everybody’s information (HR_18).

These foundational biases in data and design pose significant chal-
lenges to the fairness and accuracy of AIRS. Without proactive efforts to 
address data limitations and inconsistencies, AIRS is likely to replicate 
historical biases, potentially exacerbating inequities in R&S.

Flawed cycles-feedback stagnation and bias propagation
Developing and retraining ML models emerges as a potential avenue 
through which biases may infiltrate AIRS. The ML model used in AIRS 
degrades over time due to the lack of continuous updating and retraining 
with new data. This stagnation can occur if there is no feedback from 
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domain experts. AI developers may assume that once the model is oper-
ational, it continues to perform effectively without requiring significant 
updates or refinements, which can allow biases to persist over time.

This study’s findings support the idea that HR professionals should be 
providing continuous feedback based on interpreting the outcomes of 
AIRS (indirect perception). By doing so, they can identify biases that 
developers might overlook due to their technical focus on models. HR 
professionals’ involvement ensures the model remains dynamic and 
responsive, bringing in real-world contextual understanding that can 
make the system fairer and more adaptable to the complex social dynam-
ics influencing hiring decisions.

We often receive user feedback regarding their preferences. They might indicate 
that a candidate doesn’t fit a specific job. This misfit could be due to various rea-
sons: the candidate might lack certain skills, the title might not match, the loca-
tion might be unsuitable, or the candidate might not have sufficient experience. 
Essentially, users provide us with various signals that guide our understanding 
(AI_13).

This research underscores the need for an adaptive approach to ML 
development in AIRS, highlighting that building a model is just the start; 
ongoing monitoring and refinement based on user feedback and evolving 
requirements are crucial. The findings indicate that AI developers must 
be vigilant in retraining and updating ML models in response to these 
ongoing changes. Failure to do so, according to the insights gathered, 
could result in issues, such as incorrect predictions (i.e. predictions that 
might be accurate but not fair), which can lead to undetected algorith-
mic biases within AIRS.

I think any AI model is not perfect out when it comes to production. They always 
need to be tested like they test it and keep on training it. It’s called retraining the 
model. Like we do our production models, we test them every two weeks, for any 
problems, for any errors, and then we train it again, and that’s how it improved 
by the time (AI_10). (For more supporting data, see Appendix 5).

Essentially, the persistence of cognitive biases within AIRS calls for an 
adaptive approach where continuous feedback and targeted retraining 
become integral. The following section presents a structured process for 
refining AIRS to remain responsive and minimize embedded biases 
over time.

Discussion

This study aimed to identify the scope and nature of AI bias in R&S, 
and how these might be mitigated, based on the perceptions and expe-
riences of the two key practitioner stakeholders. Our findings indicated 
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that at least two biases, ‘similar-to-me’ and ‘stereotype,’ are at risk of 
becoming integrated into AIRS, due to three factors: flawed 
interpretation-algorithm transition, flawed foundations-bias through data 
and design, and flawed cycles-feedback stagnation and bias propagation. 
Drawing upon the findings, we propose a model of the development 
process for a less biased AIRS. We employ the theory of perception to 
explain the intricacies of the HR-AI multidomain expertise inherent in 
AIRS development.

The AIRS development model

This model presents a multi-phase process comprising three phases—
understanding the ML model requirements, managing datasets, and 
developing and retraining ML models—in an iterative manner as depicted 
in Figure 4. Each phase engages multiple techniques that need to be 
implemented by the HR professionals and AI developers to reduce cog-
nitive biases.

Phase 1: Understanding the requirements of the ML models
In the initial stage of the development process for AIRS, understanding 
the requirements of ML models takes center stage. HR professionals need 

Figure 4.  The development process of unbiased airs and cognitive bias mitigation 
techniques.
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to communicate their expectations and assumptions to AI developers.2 
The findings suggest that these expectations often stem from high-level 
cognitive interpretations, which are difficult to fully translate into the 
structured and measurable formats AI developers require. This complex-
ity is consistent with Gregory’s theory of perception, where perception is 
not a simple reflection of reality but rather an interpretation or hypoth-
esis formed from prior knowledge (Gregory, 1980).

The challenge lies not just in different perception styles between HR 
professionals and AI developers but also in how these perceptions are 
communicated and understood. Specifically, HR professionals’ under-
standing of R&S requirements must be clearly conveyed so that AI devel-
opers can interpret and implement them effectively. Miscommunication 
or reliance on inappropriate selection criteria can increase the risk of 
biases being introduced into the system (Tambe et  al., 2019). Therefore, 
both HR professionals and AI developers need to be mindful of these 
details and skilled in ensuring a clear and accurate exchange of 
information.

In light of these communication challenges, a deeper understanding of 
the nuances in R&S is essential. This understanding extends beyond 
surface-level knowledge, encompassing the intricate domain knowledge, 
contextual relevance of each role, and the distinct needs of the organiza-
tion. Without capturing this depth, as highlighted in the findings, AI 
developers may select datasets that fail to reflect nuanced job require-
ments, leading to misaligned outputs. Addressing these biases early, par-
ticularly with historical data, is critical to prevent systemic issues from 
embedding within the AI system.

To minimize potential biases, AI developers must gain a solid grasp of 
the domain context to select appropriate and reliable training datasets 
(Barocas et  al., 2023). Since ML-based systems derive their rules from 
these datasets, it is essential that AI developers ask the right questions 
and fully understand the job requirements communicated by HR. While 
training on the fundamentals of R&S can enhance communication 
between HR professionals and AI developers, it is essential for AI devel-
opers to develop a deeper understanding that extends beyond basic 
knowledge. Ideally, they should strive to grasp the high-level cognition 
involved in R&S. This can be achieved, for example, by having AI devel-
opers study the R&S scenarios previously handled by HR professionals. 
The cases should closely resemble the job(s) for which AI developers 
develop AIRS.

Similarly, HR professionals should aim to comprehend the complex 
technical processes of AI development by examining cases that mirror 
the challenges developers face (Tambe et  al., 2019). This mutual learning 
will foster more effective communication between HR professionals and 
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AI developers which ensures that the system aligns with business needs 
and that key performance indicators (KPIs) are met. The ability to iden-
tify critical features for candidate selection and mitigate bias depends 
heavily on this collaborative effort (Bodie et  al., 2017), as the findings 
emphasize the importance of aligning HR professionals’ domain knowl-
edge with AI developers’ technical expertise.

Whether an AI model is customized for a specific role or designed to 
serve multiple positions, the risk of bias through misinterpretation per-
sists. For example, some AI hiring platforms, like HireVue, rely on 
pre-built models adaptable to a range of job types rather than bespoke 
models tailored for every position (HrTechcube, 2018). These models 
adapt to competencies such as leadership or technical skills, though cus-
tom solutions are sometimes developed, as seen with the tailored models 
for 26 North American employers (Kassir et  al., 2023).

Phase 2: Managing datasets
Once the requirements for the ML model are established, the next cru-
cial step is managing datasets, which involves careful data collection and 
preparation (Goodfellow et  al., 2016). Our study underscores that relying 
solely on datasets provided by HR professionals can be insufficient for 
training ML algorithms (Raghavan & Barocas, 2019). For instance, criti-
cal data points—such as the final outcomes of recruitment decisions—
may be missing, introducing potential biases due to incomplete 
information (Köchling & Wehner, 2020).

Imbalanced datasets present another challenge, as overrepresentation 
of certain groups can skew the model’s predictions (Mehrabi et  al., 2021). 
Our findings corroborate this issue, revealing that limited datasets in 
R&S often fail to capture the diversity of candidate backgrounds. For 
example, if candidates with corporate backgrounds dominate the dataset, 
the model might prioritize corporate skills over equally valuable traits 
found in non-traditional backgrounds, potentially disadvantaging capable 
candidates with entrepreneurial experiences (Bohnet, 2016). Additionally, 
irrelevant datapoints may be included based on the mistaken belief that 
certain characteristics (overemphasis on formal qualifications and specific 
skills relevance) are more predictive of success without supporting evi-
dence (Raghavan et  al., 2019).

To address these issues, our findings suggest the necessity of robust 
data preparation techniques—such as data augmentation, synthetic data 
generation, and dataset aggregation—are essential to ensure a more com-
prehensive and less biased training dataset. Data augmentation can bal-
ance existing datasets by introducing new or counterpart data or 
transforming existing data to expand the dataset’s scope, although this is 
complex in practice (Polyzotis et  al., 2017). In addition, using synthetic 
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data generation can help to fill in gaps where real-world data is scarce 
(Nowruzi et  al., 2019). For example, synthetic candidate profiles can be 
generated to simulate candidates from underrepresented groups (e.g. 
applicants from entrepreneurial backgrounds or those with career gaps 
due to caregiving) and test the features that have been selected for ML 
models (Bolón-Canedo et  al., 2013). These profiles can introduce diver-
sity into the dataset and help the system learn patterns beyond tradi-
tional candidates.

However, the use of synthetic data requires careful consideration to 
avoid perpetuating biases to implement context-aware generation tech-
niques and validate synthetic data against real-world scenarios to ensure 
it aligns with the intended diversity objectives without compromising 
data integrity (Lu et  al., 2021). If synthetic data is generated based on 
biased patterns from historical data, it could end up replicating those 
biases. To mitigate this, synthetic data generation in R&S should involve 
fairness-aware algorithms, which explicitly correct for overrepresented 
features (e.g. corporate background, specific qualifications) and ensure 
balanced representation of diverse candidate profiles (Varshney, 2018). 
For instance, synthetic candidates might be created with different combi-
nations of qualifications and experiences, focusing on skills rather than 
purely formal titles, to avoid overemphasis on a specific type of career 
path (e.g. corporate vs. entrepreneurial).

By diversifying data sources and expanding the dataset, AI developers 
can reduce the influence of biases, transforming them into more bal-
anced, objective insights. Consistent with our findings, participants high-
lighted the importance of integrating diverse data sources to enhance the 
representativeness of the training dataset. This process enhances the fair-
ness and robustness of the AI system, reducing the risk of bias replica-
tion (Lepri et al., 2018; Mehrabi et al., 2021). Data integration consolidates 
data from various sources (IBM Corporation, 2020), such as industry-wide 
databases, public employment statistics, or anonymized candidate pools 
from various regions so the AI system can better account for a broader 
range of job requirements and applicant profiles. This strategy helps in 
reducing the risk of perpetuating biases by increasing the representative-
ness of the training dataset (Gebru et  al., 2021).

Flaws in data preparation can also emerge through improper handling 
of missing entries, inaccurate or coarse data labeling, and disregarding 
outliers that may represent marginalized groups. Our findings indicate 
that these issues are prevalent in many organizations, undermining the 
completeness and accuracy of AI datasets. Addressing missing entries 
often involves imputation or normalization, yet inconsistent application 
across subgroups can distort results (Little & Rubin, 2020). For instance, 
gaps in employment history can introduce bias if interpreted 
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inconsistently. A woman’s employment gap might be assumed to be due 
to maternity leave and viewed more favorably, while a similar gap for a 
man could be associated with career instability, potentially leading to 
unfair treatment.

Inaccurate or overly simplistic data labeling further compounds 
biases (Suresh & Guttag, 2017). When labels rely solely on observable 
attributes, such as job titles or years of experience (e.g. ‘Junior 
Developer,’ ‘Senior Developer’), they may ignore the full scope of a 
candidate’s skills and achievements. This reliance on surface-level 
metrics can produce misleading results, as deeper qualifications and 
skills go unrecognized.

Additionally, downplaying outliers that do not align with dominant 
trends can introduce bias, particularly if those outliers reflect the unique 
experiences of minority candidates. For example, in NLP-based resumé 
parsers, international qualifications or experiences may be misinterpreted 
or undervalued, as assumptions about equivalence in educational terms 
go unexamined (Pagano et  al., 2023). By failing to account for these dif-
ferences, the system risks skewing assessments toward more familiar 
qualifications and undervaluing diverse backgrounds.

A structured, fairness-aware approach to data preparation that consid-
ers subgroup-specific contexts, applies consistent methods, and values 
diverse profiles can mitigate these risks. Through thoughtful data label-
ing and accurate handling of unique experiences, the AIRS system can 
better represent varied candidate profiles, reducing biases introduced 
through labeling and preprocessing inconsistencies.

Phase 3: Developing and retraining ML models
If a machine learning model is being developed in collaboration with 
domain experts, continuous feedback is essential to refine and improve 
the model. As highlighted in the findings, the lack of continuous updat-
ing and retraining can lead to bias propagation within AIRS, underscor-
ing the necessity of ongoing feedback loops. Without this iterative 
feedback, the model might not evolve to meet the specific requirements, 
nuances, or complexities of the domain. This form of stagnation is less 
about the mathematical or algorithmic aspects and more about the mod-
el’s alignment with domain-specific needs and expertise.

The development of ML algorithms in AIRS is an iterative process 
that commences with determining the genuine success criteria of job 
positions. The findings indicate that HR professionals play a crucial role 
in providing continuous feedback, which helps in identifying biases that 
might be overlooked by AI developers focused solely on model accuracy. 
During the AIRS development process, it is important to minimize feed-
back loop stagnation to ensure that the ML models are continually 
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monitored, developed, and retrained to identify factors leading to suc-
cessful candidate selection.

At this juncture, it is critical to acknowledge the role of human per-
ception in this process. The ecological theories of perception, as pro-
posed by Gibson (1950) and Gregory (1980), suggest that HR professionals 
play a crucial role in providing this feedback by interpreting AI outputs. 
Their indirect perceptions—shaped by their experience, expectations, and 
understanding of R&S—are essential to spotting biases that AI developers 
may overlook, given the AI developers’ reliance on their direct percep-
tions, such as the models’ accuracy.

According to our findings, HR professionals should maintain a com-
prehensive record of every hiring and non-hiring decision made using 
AIRS over time. Furthermore, ML models must be recalibrated as vari-
ables in R&S evolve, especially given the rapid employment changes 
affecting the career landscape in recent decades (Bessen, 2018). Thus, the 
ongoing development process of ML models in AIRS requires the exper-
tise of HR professionals to enhance algorithm performance, as high-
lighted by the participants.

The complexity of developing ML models involves selection, adjust-
ment, and training for effective performance (Goodfellow et  al., 2016). 
To ascertain the optimal ML model, different modeling approaches are 
evaluated on test datasets. During this phase, AI developers experiment 
with various modeling approaches to assess performance and determine 
the optimal model based on success metrics, enabling AIRS to continu-
ally improve and adapt to evolving circumstances.

Cai et  al. (2018) describe the process of feature selection, which 
involves mitigating irrelevant and redundant features, as a means of 
enhancing ML models. Careful selection and engineering can signifi-
cantly improve the accuracy of ML models, streamline the understanding 
of both the model and the underlying data, and bolster overall perfor-
mance (Zheng & Casari, 2018).

Moreover, research demonstrates that simplifying neural network models 
through moderate compression not only streamlines the training process but 
also enhances their fairness (Good et  al., 2022). By strategically pruning less 
crucial connections within these networks, developers can achieve a more 
uniform performance across diverse groups, thereby reducing bias and 
improving the accuracy of the models. This underscores our findings, 
emphasizing the importance of adaptive ML development in addressing and 
minimizing embedded biases over time. This approach aligns with ongoing 
efforts to refine ML model training and feature selection, further boosting 
the robustness and adaptability of AI systems (Good et  al., 2022).

While ML models excel at recognizing patterns, they struggle to grasp 
the deeper sociocultural and contextual subtleties that influence bias, 
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particularly in hiring decisions. For example, while a model may detect 
protected categories and apply corrective measures, it still lacks a full 
understanding of the broader social dynamics and nuances (Albaroudi 
et  al., 2024). Our findings support this limitation, highlighting that with-
out continuous feedback from HR professionals, AIRS may perpetuate 
biases despite technical safeguards. In R&S, bias is shaped by various 
intricate contextual factors, and AI’s inability to fully capture these ongo-
ing nuances makes it vulnerable to perpetuating biases in different 
contexts.

Conclusions, implications, and future research

This study underscores the potential problem of biases in AIRS that can 
affect recruitment decision-making, guided by insights obtained from 
interviews with HR professionals and AI developers. The study identifies 
the ‘similar-to-me’ and ‘stereotype’ biases as the most common ones that 
frequently appear in historical R&S data and risk becoming embedded in 
AIRS. Based on these findings, this study proposes a three-phase iterative 
process for constructing less biased AIRS, encompassing understanding 
ML model requirements, managing diverse and substantial datasets, and 
continually developing and retraining ML models.

This study makes a theoretical contribution by bridging cognitive psy-
chology, particularly the notion of perception, and the software design 
field. It integrates Gibson’s direct perception theory (1950) and Gregory’s 
indirect perception theory (1980) within the AI development process for 
recruitment decision-making (Figure 5).

The theoretical contribution of this study sheds light on the process 
leading to biased AIRS, which is challenging to identify, as the agent of 
biases is often hidden, and the cause is not easily recognizable in the 
post-development phase. Further, this study, built on a grounded theoret-
ical framework, suggests that biases in AIRS can be reduced through 
understanding ML requirements, developing diverse datasets, and itera-
tive model development and training. However, this process requires not 
only collaboration between HR professionals and AI developers, but also 
adequate training for both parties to bridge their different paradigms and 
ensure effective communication.

Our findings suggest that AI developers’ technical approach to inter-
acting with datasets aligns with Gibson’s theory of direct perception 
(Gibson, 1950), where understanding is based on observable data with 
minimal subjective interpretation. In contrast, HR professionals, drawing 
from their experience and domain knowledge, reflect Gregory’s theory of 
indirect perception (Gregory, 1980), where decision-making is shaped by 
prior knowledge, assumptions, and interpretations. This complementary 
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interaction between AI developers and HR professionals highlights the 
need for both approaches in the development of AIRS.

This interaction underscores the critical importance of HR profession-
als’ experiential knowledge in identifying biases that AI developers, 
focused on direct data interpretation, might overlook. It also reflects the 
value of AI developers’ data-driven insights and their direct perception 
in enhancing the accuracy of ML models. By combining these perspec-
tives, the cross-functional collaboration becomes essential for mitigating 
biases in AI systems. Such a collaborative approach not only helps reduce 
algorithmic bias throughout each stage of AIRS development but also 
emphasizes the need for a comprehensive strategy that integrates techni-
cal, ethical, legal, and design considerations.

The study’s findings have practical implications for individuals involved 
in the development and implementation of AIRS. First, it highlights the 
necessity of technical due diligence and data literacy for both AI devel-
opers and HR professionals. Organizations must ensure that developers 
understand the organizational context and how to create appropriate and 
unbiased algorithms, while HR professionals need to be equipped to 
communicate requirements and effectively use AI tools. Second, bias mit-
igation techniques are essential for developing ethical AI systems. AI 
developers and HR professionals must collaborate to integrate bias miti-
gation strategies during the tool’s design phase. For example, some AI 

Figure 5.  Theoretical contribution to Gregory’s theory of perception in the airs development 
process.
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solutions proactively eliminate gendered language in CVs to reduce 
unconscious bias. Furthermore, by incorporating social category data, AI 
developers can identify and address patterns of discrimination that may 
otherwise remain hidden. Regular auditing of AI tools to detect bias or 
data inaccuracies is necessary to maintain fairness throughout the hiring 
process. Such auditing is a cross-functional task and therefore must be 
conducted by a cross-disciplinary team consisting of both HR profession-
als and AI developers.

Finally, the potential of AI in promoting more objective and relevant 
decision-making, and as a consequence facilitating diversity, is its key 
practical contribution. However, this requires investment in both technol-
ogy and human expertise. AI developers and HR professionals must be 
trained to understand and mitigate biases in AI systems. By continually 
refining AI tools and maintaining a proactive approach to auditing, com-
panies can use AI to foster greater diversity and equity in their hiring 
processes, ultimately leading to improved organizational performance and 
innovation.

The present study contains limitations which in turn offer opportuni-
ties for future research. While the qualitative approach provides 
context-sensitive insights, future studies could test their broader applica-
bility through qualitative research in other domains or quantitative meth-
ods across varied organizational and occupational contexts. Interviews 
with both successful and unsuccessful candidates could offer deeper 
insights into AIRS’s impact on outcomes and perceptions.

This study identifies two broad categories of biases, but its ultimate 
goal is to contribute to their mitigation. Future research could expand 
these categories into more detailed subcategories to refine strategies for 
addressing biases. Incorporating mixed methods, such as case studies of 
AI design and implementation or studies of HR-AI dyads, would provide 
more nuanced insights. Additionally, investigating alternative interview 
formats, such as panel or group assessments, and involving a wider range 
of participant roles could further validate and enhance our understand-
ing of biases in recruitment.

In this study, the gender and age imbalance among AI developers 
and HR professionals is acknowledged as a limitation (Charmaz, 
2014), though one that tends to reflect the current realities of the HR 
and AI disciplines. Grounded theory demands careful equilibrium 
between pursuing the emerging theory and encompassing a variety of 
experiences and perspectives. Statistical representativeness is not the 
primary objective, but the depth and richness induced by diversity in 
theoretical sampling are indispensable for crafting a robust and 
nuanced theory that elucidates the complexity and diversity of the 
studied phenomenon (Charmaz, 2014).
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The shared responsibility of HR managers and AI developers in 
designing and using AIRS underscores the importance of their collabo-
ration, as AI alone cannot be held fully accountable. Future research 
could explore which recruitment and selection processes are most suit-
able for full or partial AI delegation. Addressing the gender and age 
imbalance among HR professionals and AI developers could also enrich 
theoretical diversity and enhance representation.

Lastly, given the global scarcity of AI developers with R&S expertise, this 
study’s proposed framework provides a starting point for reducing biases in 
AI applications. Future research could focus on individual applications to 
enhance the specificity and effectiveness of bias mitigation strategies.

Notes

	 1.	 While identifying biases in this study is important, the primary objective is to 
mitigate them.

	 2.	 Communicating expectations and assumptions between HR professionals and AI 
developers is critical but presents significant challenges. This complexity may war-
rant further exploration or future research to identify effective approaches.

	 3.	 The ordering of the phases in this figure is designed to emphasize the iterative 
process of constant comparison, highlighting how insights from earlier phases in-
formed subsequent ones, rather than strictly reflecting the chronological sequence 
of data collection.
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