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THE AIM OF THE PAPER
This paper investigates the dual role of artificial intelligence (AI) in human resource management (HRM), 
assessing its capacity to both perpetuate and mitigate biases, particularly within the framework of diversity, 
equity, and inclusion (DEI). The goal is to identify the sources of AI-induced biases in HRM and establish 
a strategic framework to effectively reduce these biases.

METHODOLOGY 
This paper conducts a thorough literature assessment on the application of AI in HRM and its implications 
on DEI efforts. The review draws on a wide range of academic sources, including major databases like Web 
of Science and Google Scholar, to isolate the mechanisms through which AI tools introduce biases in HR 
functions such as recruitment, performance assessment, and compensation.

MOST IMPORTANT RESULTS 
The investigation highlights that AI-induced biases in HRM are mainly attributable to three sources: human 
influence in the design and operation of AI tools, biases inherent in the datasets employed for training AI, 
and the algorithms’ intrinsic biases. These elements collectively contribute to reinforcing discriminatory 
practices within organizations, thereby impeding DEI initiatives.

RECOMMENDATIONS 
To combat these biases, the paper proposes a robust framework encompassing four key strategies: 
enhancing AI and DEI literacy among HR professionals, adopting inclusive design practices for AI tools, 
ensuring accountability in dataset management, and promoting transparency in AI implementations. These 
measures aim to equip organizations with the tools to integrate AI into HRM in a manner that fosters an 
inclusive, fair, and equitable workplace environment. 

Keywords: Artificial intelligence, Human resources management (HRM), Diversity, Equity and Inclusion 
(DEI), Bias
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INTRODUCTION 

Artificial intelligence (AI) is revolutionizing human 
resource management (HRM), automating tasks 
from recruitment to performance management 
(Singh & Doval 2019). While AI-driven tools 
promise efficiency and strategic decision-making 
(Murugesan et al. 2023), their impact on diversity, 
equity, and inclusion (DEI) remains a critical 
concern. Though DEI initiatives are proven to 
boost innovation, productivity, and employee 
performance (Singha & Prakasam 2014), integrating 
DEI holistically remains challenging (Kochan et al. 
2003; Shen et al., 2009 ‒ a challenge compounded 
by AI’s potential to perpetuate biases. Existing 
research highlights AI’s role in HRM functions 
such as talent acquisition (Oswald et al. 2020), 
employee onboarding (Brown 2024), performance 
management (Charbonneau & Doberstein 2020; 
Cappelli et al. 2019b; West 2018), training and 
development (Chandar et al. 2017; Schweyer 2018), 
compensation (Cappelli et al. 2019b; Johnson 
et al. 2022), and turnover prediction (Schweyer 
2018). While digital tools enhance operational 
effectiveness (Akter et al. 2020; Aström et al. 2022; 
Kumar et al. 2022), reduce HRM accuracy risks 
(Bresciani et al. 2021a, 2021b; Li et al. 2023) and 
optimize decision-making (Lindebaum et al. 2020; 
Rana et al. 2022), the domain of AI in HRM remains 
nascent, with a stark gap between its potential and 
practice (Cappelli et al. 2019a; Strohmeier & Piazza 
2015). The gaps persist in understanding how this 
paper consequently narrows its focus to AI-induced 
biases rather than broader DEI challenges. 

Research questions are:

(1) What bias sources arise from AI-HRM tools? 

(2) How can organizations mitigate these biases?
By the end of the paper, we propose a conceptual 

framework addressing bias mitigation through four 
pillars: AI upskilling, inclusive design, dataset 
accountability, and transparency. Synthesizing 
literature on ethical AI and DEI, this work guides 
researchers and practitioners in aligning AI-
HRM systems with equitable outcomes, ensuring 
technological advancements do not come at the cost 
of inclusivity.

METHODOLOGY

A structured narrative literature review methodology 
was adopted to explore how AI integration in Human 
Resource Management (HRM) may introduce 
biases, particularly in relation to Diversity, Equity, 
and Inclusion (DEI). This approach was chosen 

for its flexibility and suitability for conceptual and 
integrative research, allowing for a broad, theory-
driven synthesis without the rigid constraints of a 
systematic review protocol. The review aimed to 
synthesize existing knowledge, identify conceptual 
and empirical gaps, and analyze how AI-powered 
HRM tools may bias or enhance organizational DEI 
practices. Searches were conducted across major 
academic databases, including Web of Science, 
Google Scholar, JSTOR, and IEEE Xplore, using 
combinations of keywords such as: “artificial 
intelligence”, “human resource management”, “AI 
bias”, “DEI in HRM”, “algorithmic fairness”, and 
“bias mitigation in AI”. Boolean operators were 
applied to refine results. Inclusion criteria focused 
on peer-reviewed journal articles and high-quality 
academic conference papers published between 
2015 and 2024, addressing AI applications in 
HRM, DEI outcomes, or bias mitigation strategies. 
Studies that did not meaningfully address both AI 
and HRM contexts or were unavailable in full text 
were excluded. Non-scholarly sources (e.g., blogs, 
corporate booklets, etc.) were excluded to maintain 
academic integrity. This paper is conceptual in nature 
and does not aim to offer an exhaustive systematic 
review. Future research may empirically validate the 
framework or conduct a systematic synthesis of the 
literature on AI bias in HRM systems.

LITERATURE REVIEW 

Recent decades have witnessed accelerated 
advancements in artificial intelligence (AI), with 
cross-disciplinary innovations like machine learning 
and big data analytics transforming business 
operations (Verma et al. 2021). In human resource 
management (HRM), AI promises enhanced 
efficiency and objectivity in talent decisions – from 
recruitment to performance evaluation (Hmoud 
& Laszlo 2019; Borry & Getha-Taylor 2018). 
However, this „new service delivery regime” (Giest 
& Klievink 2022, 2) introduces ethical paradoxes: 
algorithmic „black boxes” obscure decision logic 
(Chen 2023; Johnson et al. 2022), while claims 
of reduced human bias clash with evidence of 
amplified discrimination. For instance, Amazon 
abandoned gender-biased AI recruitment tools 
in 2018 after systematically excluding female 
applicants (Tambe et al. 2019). Such cases expose 
how AI-HRM systems risk codifying organizational 
prejudices (Drage & Mackereth 2022), complicating 
diversity, equity, and inclusion (DEI) efforts. 
Critical scholarship urges proactive identification 
of bias sources – whether in training data, design 
assumptions, or feedback loops – to mitigate 
discrimination risks in AI-powered HR tools. The 
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subsequent sections examine the sources of biases 
and the strategies for their mitigation.

Source of Biases of AI-powered Systems
Human bias: 
A recent systematic review (Kekez et al. 2025) across 
64 papers found that many AI-HRM studies fail to 
define key terms like “bias” or “discrimination”, and 
tend to focus disproportionately on gender and race 
bias, leaving intersectional and contextual forms 
underrepresented. However, based on Belenguer’s 
2022 definition, AI bias occurs when the outcomes 
of AI-powered systems discriminate against 
certain groups of people. Human cognitive biases 
fundamentally shape the development of AI-powered 
tools, embedding systemic inequities into systems 
marketed as „objective” (Letheren et al. 2020; 
Köchling & Wehner 2022). These biases manifest 
most critically through three groups of actors in the 
AI-HRM pipeline: (i) AI engineers, developers and 
designers; (ii) biases of domain experts; and (iii) 
biases from users and end users of AI-powered tools. 

The first actors are AI developers or engineers, 
whose cognitive biases directly influence how 
data is processed and algorithms are coded, 
perpetuating discrimination (Chen 2023). For 
example, status quo bias compels designers to 
uncritically adopt historical datasets that reflect 
existing inequalities, reinforcing discriminatory 
patterns (Malin et al. 2024). Similarly, in-group bias 
prioritizes homogeneous team perspectives during 
development, stifling diverse input and innovation 
(Postmes et al. 2001). These biases intersect with 
hierarchical power dynamics: Bonilla-Silva’s 
(2001) analysis of systemic exclusion ‒ originally 
critiquing racialized hierarchies ‒ highlights 
how elite minorities, even unconsciously, design 
strategies that restrict marginalized groups’ access 
to privileges. Applied to AI-HRM, these dynamic 
risk encoding tools favor dominant demographics 
(e.g., privileging male-coded resumes in hiring 
algorithms), exacerbating inequity. Even well-
intentioned developers, constrained by heuristics 
and flawed assumptions, create “short-sighted” AI 
solutions that amplify bias in HRM processes such 
as hiring or promotions (Myllylä 2022; Njoto 2020; 
Gulati et al. 2022).

The second actors are “domain experts”, 
described as specialists possessing “expert 
knowledge and experience in the field of application 
of the AI system” (Lockey et al., 2021, 5468). In 
the context of AI-HRM, these experts are HR 
professionals tasked with aligning AI tools with 
organizational objectives (e.g., talent acquisition, 
performance management). While HR teams 
possess institutional knowledge of compliance and 

workforce dynamics, their limited technical literacy 
often hinders critical scrutiny of algorithmic outputs. 
For example, HR experts may prioritize operational 
efficiency (e.g., faster resume screening) over 
auditing how AI systems replicate historical biases 
(e.g., penalizing non-traditional career paths). This 
oversight entrenches inequity, as HR’s validation of 
AI tools becomes a rubber stamp for biased design. 

The third group of actors comprises the end-
users. Here biases arise from the interactions 
between individuals and AI tools, where users ‒ 
defined as those “directly influenced by AI decisions” 
(Lockey et al., 2021, 5468) ‒ unintentionally skew 
system outputs. For example, social desirability 
bias compels users to submit responses aligned 
with societal expectations rather than authentic 
preferences, corrupting training data (Gulati et 
al. 2022). This manifests as content production 
bias: lexical, syntactic, or semantic distortions in 
user-generated data that entrenches stereotypes 
(Olteanu et al. 2019). User trust further complicates 
this dynamic. Inexperienced users may over-rely 
on AI recommendations (e.g., accepting flawed 
performance evaluations) or dismiss valid outputs 
due to skepticism (Adadi & Berrada 2018; Andras 
et al. 2018). When end-user behavior diverges 
from organizational intent ‒ such as job applicants 
over-editing resumes to “game” AI screening tools 
‒ systems amplify disparities, disproportionately 
disadvantaging marginalized groups (Weller 2017).
Dataset Bias: 
Dataset bias operates on a foundational axiom: 
biased inputs perpetuate biased outputs (Chen 2023; 
Huang & Rust 2021). When AI algorithms are 
trained on unrepresentative or historically skewed 
data ‒ common in HRM systems ‒ they codify and 
amplify societal inequities (Köchling et al. 2021). 
Historical bias entrenches past discrimination, 
such as talent acquisition tools favoring resumes 
of historically overrepresented groups (e.g., white 
males) and systematically excluding marginalized 
applicants (Chen 2023; Marabelli & Lirio 2025). 
Geographic or behavioral data that reflects classist 
or ableist standards can distort workforce analytics 
(Belenguer 2022). Representation bias compounds 
these risks through demographic over- or over-/
underrepresentation. Facial recognition systems 
trained predominantly on lighter-skinned males 
misclassify darker-skinned females (Buolamwini 
& Gebru 2018), while personality assessments 
using Western-centric norms alienate non-Western 
candidates (Chen 2023; Suresh & Guttag 2021). 
These distortions create self-fulfilling prophecies: 
biased outputs (e.g., hiring recommendations) 
reinforce skewed training data, perpetuating 
exclusion (Köchling et al. 2021).
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Algorithmic bias: 
Algorithmic bias originates not only from input data 
but also from the design and logic of the algorithm 
itself (Baeza-Yates 2018). Defined as a “finite, 
abstract, effective control structure” (Hill 2016, 47), 
algorithms are inherently biased, though this opacity 
often remains hidden from users and organizations 
(Chen 2023; Walsh et al. 2020). Design choices 
codify exclusion into AI systems, such as variable 
selection, model architecture, or optimization 
goals. For instance, oversimplified relationships 
between variables create bias-variance trade-offs, 
where models prioritize familiar data patterns over 
adaptability, failing generalizability (Geman et al. 
1992). This ambiguity perpetuates harm: algorithmic 
“black boxes” obscure whether bias stems from 
data or processing, leaving users unaware of how or 
why they face discrimination (Johnson et al. 2022). 
Compounding this issue, developers often lack 
frameworks to audit algorithmic outputs, necessitating 
human intervention (e.g., domain experts stress-
testing tools against diverse scenarios) (Baeza-Yates 
2018). Transparency ‒ such as explainable decision 
pathways ‒ is critical to remedying errors and 
rebuilding trust, yet remains aspirational in most AI-
HRM applications (Shin & Park 2019).

Gaps in the literature 
Despite growing awareness of AI-related bias, 
significant gaps remain in the literature. Many 
studies address technical aspects of bias (e.g., 
developing “fairness-aware” algorithms) without 
fully considering the organizational and human 
context (Selbst et al. 2019). Current frameworks 
and best practices often focus on narrow fixes in 
specific domains (such as bias mitigation in criminal 
justice algorithms or hiring tools) but remain 
reactive and siloed, neglecting deeper structural 
and cultural biases in organizations. For example, 
bias audits or adjustments are frequently performed 
after deployment – after harm has occurred – rather 
than embedding equity throughout the AI system 
lifecycle. Moreover, research explicitly linking AI 
ethics with DEI outcomes in HRM is scarce (Shams 
et al. 2023), especially in domestic contexts. This 
leaves a blind spot regarding how human biases 
interact with AI systems in workplaces (Gulati et 
al. 2022; Rastogi et al. 2022) and how organizations 
can proactively transform AI from a bias amplifier 
into an equity enabler.

Our proposed framework addresses these gaps 
by integrating multidisciplinary strategies into a 
cohesive model. Unlike prior work that tends to 
tackle one dimension of the problem (for instance, 
improving data fairness or increasing algorithmic 
transparency in isolation), this framework 

concurrently targets multiple bias sources ‒ human, 
data, and algorithmic ‒ through four interlocking 
pillars. By combining technical solutions with HRM 
and DEI practices, the framework bridges AI ethics 
and HRM theory; it emphasizes not just algorithm 
performance, but also organizational processes 
(like upskilling and inclusive design) and ethical 
governance (like transparency and accountability) 
necessary for sustainable bias mitigation. The 
following section introduces these four pillars in 
detail and illustrates how each contributes to closing 
the identified gaps in the literature. 

AI Bias mitigation practices in the 
context of HRM – Proposed Framework
Based on our review of the literature and identified 
gaps, we propose a four-pillar framework to 
mitigate AI-driven bias in HRM. The pillars – AI 
& DEI Upskilling, Inclusive Design, Dataset 
Accountability, and Transparency – address the 
human, technical, and organizational factors that 
contribute to AI bias. Figure 1. illustrates how these 
pillars interconnect to reduce bias across the AI-
HRM pipeline. 
Pillar 1: AI and DEI upskilling practices
Integrating AI into HRM demands radical upskilling 
of HR teams to mitigate systemic bias risks. 
Communication competencies are paramount: HR 
professionals must translate AI-derived metrics 
into actionable insights for stakeholders, while 
bridging gaps between technical vendors and 
organizational needs (Sakka et al. 2022; Margherita 
2021). Without this dual fluency ‒ negotiating 
vendor contracts and demystifying algorithmic 
outputs ‒ miscommunication entrenches distrust 
and operational paralysis. Equally critical is 
strategic reskilling. HR teams require training in 
AI literacy to oversee tools ethically (Johnson et 
al. 2022; Brown 2024), while employees need 
foundational AI competencies to engage with 
systems confidently (Arslan et al. 2022; Gillath et 
al. 2021). Failure here risks organizational inertia, 
as underprepared workforces reject or misuse AI 
tools (Webster & Ivanov 2019). Finally, DEI-centric 
upskilling is non-negotiable. HR must lead training 
on cultural competencies, contextualizing how 
data demographics (e.g., geographic, racial) shape 
algorithmic biases (Dankwa-Mullan & Weeraratne 
2022; Roopaei et al. 2021). Without this, AI-HRM 
systems risk automating exclusion under the excuse 
of objectivity. A 2022 survey of 191 Hungarian 
HR managers revealed generally positive attitudes 
toward AI in HRM, but noted mixed emotions 
and concerns about readiness ‒ underscoring the 
importance of upskilling and trust-building in 
domestic HR units (Karácsony 2022).
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Figure 1. Conceptual framework synthesizing literature on human, data, and algorithmic bias sources 
and the four pillars of mitigation (AI upskilling, inclusive design, dataset accountability, transparency)

Source: own illustration by synthesizing the literature 
Pillar 2: Inclusive design and practices
Inclusive design practices are non-negotiable for 
mitigating systemic bias in AI-HRM systems. 
Diverse development teams ‒ spanning race, 
gender, disability, and expertise ‒ improve the 
detection of algorithmic inequities by integrating 
multifaceted perspectives on fairness (Bellamy 
et al. 2018; Selbst et al. 2019). This diversity is 
not optional: homogeneous teams replicate blind 
spots, while inclusive recruitment for AI roles 
disrupts unconscious biases entrenched in code 
(Dankwa-Mullan & Weeraratne 2022; Huang & 
Rust 2021; Jora et al. 2022; Roopaei et al. 2021). 
User-centered participatory design further disrupts 
exclusion. Involving marginalized groups (e.g., 
disabled individuals and elderly populations) in 
system development fosters trust and ensures 
training data reflects human diversity (Huang & 
Liem 2022; Srinivasan & Chander 2021). For HRM, 
this means co-designing tools with employees 
from underrepresented demographics to preempt 
discriminatory outcomes. Finally, algorithmic 
integration of inclusive practices ‒ such as bias-
aware machine learning frameworks ‒ must align 
technical design with equity goals (Li et al. 2020; 
Nyariro et al. 2023). Without this, AI-HRM systems 
risk automating exclusion under the guise of 
neutrality.

Pillar 3: Dataset and algorithmic training
Mitigating algorithmic bias demands proactive 
dataset accountability. As Chen (2023, 7) asserts, 
“unfair datasets are the root cause of bias”, 
necessitating rigorous audits to reconfigure 
skewed data and eliminate legacy prejudices (e.g., 
gender and racial markers). Organizations must 
prioritize transparent data collection, balancing 
representativeness with employee privacy 
safeguards while diversifying data points to 
counteract historical inequities (Chen 2023). Human-
AI collaboration is critical; cross-functional teams 
‒ spanning HR, data scientists, and policymakers 
‒ must audit algorithms iteratively to identify and 
correct bias patterns (Budhwar et al. 2023; Köchling 
& Wehner 2022). For instance, Microsoft reduced 
facial recognition errors for darker-skinned women 
by 20-fold through dataset balancing (Grabovskyi 
& Martynovych 2019), illustrating how inclusive 
data practices yield measurable equity gains. 
Finally, bias-neutralizing technical interventions 
‒ such as masking demographic data in resumes 
(Jora et al. 2022) ‒ must align with HRM ethics. 
These strategies are not optional but foundational 
to preventing AI-HRM systems from automating 
exclusion under the excuse of “neutrality”.
Pillar 4: Transparency and Trust 
A quantitative study across 580 employees in 
Hungarian service firms found that robust diversity 
management significantly enhances employee 
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engagement, with organizational trust acting as 
a strong mediator and reduced job insecurity 
reinforcing engagement outcomes (Alshaabani 
et al. 2021). Therefore, ethical AI integration in 
HRM demands moving beyond surface-level 
“fairness” to confront systemic inequities. While 
trust, transparency, and bias dominate discourse 
(Shams et al. 2023; Lee 2018; Lockey et al. 
2021; Webster & Ivanov 2019; Yen & Chiang 
2021), current frameworks inadequately address 
structural exclusion. “Fairness-aware” algorithms 
(Selbst et al. 2019) and sector-specific fixes (e.g., 
justice, recruitment) (Bellamy et al. 2018) remain 
reactive, neglecting diversity and inclusion (D&I) 
as ethical need (Saheb 2023; Zowghi & Rimini 
2023). Stakeholder engagement is pivotal; HRM-
AI systems require collaboration across employees, 
developers, and policymakers to anticipate harm 
and foster trust (Budhwar et al. 2023; Arslan et al. 
2022). For instance, Microsoft’s AI ethics committee 
(Borry 2020) exemplifies corporate accountability, 
yet such initiatives are exceptions, not norms. 
Policymakers must enforce DEI-centric regulations 
‒ mandating transparency in hiring algorithms or 
bias audits (Huang & Rust 2021) ‒ to dismantle the 
myth of “neutral” AI. Despite the urgency, research 
on D&I in AI ethics remains scarce (Shams et al. 
2023), risking HRM’s complicity in automating 
inequity. 

CONCLUSION 

This paper presented a conceptual four-pillar 
framework designed to mitigate AI bias in HRM 
by addressing the interconnected sources: human, 
dataset, and algorithmic bias. Human bias stems 
from cognitive limitations and experiential gaps 
among designers, HR professionals, and end-
users, which can perpetuate inequities throughout 
the design, deployment, and interpretation of 
AI systems (Gulati et al. 2022). Dataset bias 
reinforces historical discrimination through the 
use of unrepresentative or outdated data, while 
algorithmic bias ‒ exacerbated by opaque logic and 
flawed variable relationships ‒ intensifies exclusion 
(Rastogi et al. 2022; Rich & Gureckis 2019). These 
biases accumulate over time, leading to outcomes 
such as biased hiring practices, diminished trust in 
AI decisions, and ethical dilemmas that ultimately 
undermine DEI efforts. 

Our proposed framework advocates a multi-
faceted approach to counter these issues: AI 
and DEI upskilling to empower HR teams with 
technical and cultural competence; inclusive design 
practices co-developed with diverse stakeholders; 
dataset accountability via regular audits and 

data governance; and transparency mechanisms 
including policy-driven disclosure and ethical 
oversight of AI decision-making. Collectively, 
these strategies dismantle the misconception of 
AI neutrality and respond to the gaps identified in 
current literature. By implementing these pillars, 
organizations can transform AI-HRM systems 
from potential bias amplifiers into tools for equity 
promotion. 

In doing so, this work advances the conversation 
at the intersection of AI ethics, HRM theory, 
and DEI practice. It provides a blueprint for HR 
professionals and organizations to follow, ensuring 
that technological advancements do not come at 
the cost of inclusivity and fairness. In essence, the 
framework positions HRM not just as a consumer 
of AI technologies, but as a guardian of ethical AI 
use in organizations, championing transparency, 
accountability, and continuous learning in the 
pursuit of equitable outcomes.

FUTURE RESEARCH 
DIRECTIONS

The literature highlights a research gap in 
understanding how human biases interact with 
AI systems ‒ a blind spot often neglected by 
developers and researchers (Gulati et al. 2022; 
Rastogi et al. 2022; Rich & Gureckis 2019). 
Therefore, empirical research is urgently needed to 
explore these dynamics within HRM contexts where 
biased tools risk entrenching workplace inequities. 
Organizations should focus on understanding the 
causes of biases and transform AI-HRM systems 
from bias amplifiers into equity catalysts by 
adopting the strategies proposed in this framework 
‒ collaborative auditing, inclusive design, and 
transparency-driven processes. This approach aligns 
with ethical AI best practices to foster environments 
where stakeholders collectively refine tools to serve 
both organizational and societal goals.

This paper lays a theoretical foundation for 
future studies to question cognitive biases among 
designers, HR professionals, and end-users (e.g., 
applicants and employees), offering insights into 
how these biases shape AI integration and DEI 
outcomes. Further research is needed to explore 
AI’s potential to automate DEI efforts, ensuring that 
stakeholder roles, systemic barriers, and unintended 
results of AI automation are thoroughly examined. 
Without such a rigorous approach, AI-HRM tools 
risk replicating the inequities they promise to 
resolve, underscoring the necessity of treating 
algorithmic systems as socio-technical interventions 
that demand ethical care.
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