
 

Vol. 10 No. 2 (2026)       73  
 

  

AI in Human Resource Management: Managerial Challenges and Strategies for Responsible, 
Transparent, and Human-Centered Adoption 

 
Sunil Kumar Sharma1, Dr. Anupama Pandey2* 

1Ph.D. Scholar, Nims School of Business, Nims University Rajasthan, Jaipur 
2Professor, Department of Management, Nims School of Business, Nims University Rajasthan, Jaipur 

Corresponding Author 
Dr. Anupama Pandey 

Professor, Department of Management, 
Nims School of Business, Nims University Rajasthan, Jaipur 

anupama.pandey@nimsuniversity.org 
Abstract 
Artificial Intelligence (AI) is increasingly transforming Human Resource Management (HRM) by supporting 
recruitment, employee evaluation, workforce planning, learning, and decision-making. However, its 
implementation presents significant managerial challenges related to data privacy, algorithmic bias, 
transparency, employee trust, accountability, and resistance to technological change. This article examines the 
key challenges associated with AI adoption in HRM and explores strategies for ensuring responsible, 
transparent, and human-centered implementation. It emphasizes the importance of ethical governance, 
explainable AI, data protection, employee participation, managerial oversight, and continuous monitoring. The 
article argues that successful AI adoption requires balancing technological efficiency with human judgment and 
organizational values. A human-centered approach can help organizations improve HR processes while 
protecting employee rights, fairness, transparency, and trust. 
Keywords: Artificial Intelligence; Human Resource Management; Responsible AI; Transparency; Human-
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INTRODUCTION 
Artificial Intelligence (AI) has revolutionized various aspects of Human Resource Management (HRM), 
bringing about significant changes in how organizations manage their workforce. The integration of AI in HRM 
processes enhances efficiency, accuracy, and strategic decision-making [1]. Recruitment and Selection One of 
the primary areas where AI has made a significant impact is in recruitment and selection. AI is transforming the 
recruitment and selection process by automating and optimizing various stages, from sourcing candidates to 
making final hiring decisions. AI algorithms can quickly sift through thousands of resumes, identifying the most  
suitable candidates based on predefined criteria, thus reducing the time and effort required for manual screening 
[2]. Additionally, AI tools analyze job descriptions and candidate profiles to match the best candidates with the 
right job  openings, improving the quality  of hires [3].  
AI-powered chatbots conduct preliminary interviews, asking candidates standardized questions  and  assessing 
their responses, which helps in filtering out unsuitable candidates early in the process .  Furthermore, AI uses 
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historical data to predict candidate success and retention rates,  aiding  in more informed hiring decisions. 
Employee Training and Development Another crucial area where AI plays a significant role is in employee 
training and development [4]. AI enhances employee training and development by providing personalized and 
adaptive learning experiences. AI systems analyze individual employee performance and learning styles to 
create customized training programs that cater to their specific needs [5]. AI-driven platforms adjust the 
difficulty and content of training materials in real-time based on the learner's progress, ensuring effective skill 
development .AI-powered virtual assistants provide on-demand support and guidance to employees during 
training sessions, answering questions and offering additional resources [6]. Additionally, AI tools identify skill 
gaps within the work force and recommend targeted training programs to bridge these gaps, ensuring employees 
remain competitive and competent 12. Performance Evaluation and Management In the realm of performance 
evaluation and management, AI provides continuous feedback and data-driven insights. AI enhances 
performance evaluation and management by providing continuous feedback and data-driven insights. AI 
systems track employee performance metrics in real-time, offering ongoing feedback and identifying areas for 
improvement [7]. By relying on data and predefined criteria, AI removes human biases from performance 
evaluations, ensuring fair and consistent assessments [8].  AI  tools  analyze performance data  to  identify  high-
potential employees, enabling organizations to  nurture  and  retain  top talent . Moreover, AI assists  in setting 
realistic and achievable  performance goals based on historical data  and  predictive analytics, aligning employee 
objectives with organizational goals. Employee Relations Management AI also significantly improves 
employee relations management by  facilitating better communication and engagement [9]. AI chatbots handle 
routine HR inquiries, such as leave requests, policy clarifications, and benefits information, providing  instant  
responses  and  reducing  the  HR  team's workload 15. AI analyzes employee feedback and  communication  to  
gauge  morale and  identify  potential issues,  allowing  HR teams  to  address  concerns proactively . AI-driven 
platforms offer personalized recommendations to enhance employee engagement, such as tailored  wellness  
programs  and  recognition  initiatives [10]. Additionally,  AI  tools  assist  in conflict resolution by analyzing 
communication patterns and suggesting  mediation  strategies,  promoting  a  harmonious work environment 
[11]. 
HRM(AI) Assimilation As noted earlier, the theory of innovation assimilation posits a stage-based HRM(AI) 
assimilation process 18. In line with this theory, we consider HRM(AI) assimilation as a four-staged process 
comprising initiation→adoption→routinisation → extension. The first stage initiation can be explained as the 
awareness and evaluation stage of the potential benefits of an HRM(AI) application/s to improve organisational 
performance. This stage implies evaluating the success potential of an AI technique for a particular HR function 
and comparing the intended application for checking the effectiveness (improved results) than the already 
established HR technique [12]. In contrast, the adoption stage explores organisation needs, the capabilities of 
the technology, and the accessibility of the resources required for the adoption [14, 15]. In addition, the intended 
exploration may encompass the investigation of technological functionalities related to a particular activity of 
HR, task characteristics, and the potential fit of both - task-technique combinations - and the resulting 
consequences [16]. Adoption of HRM(AI) application/s would be further followed by the adjustment and 
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reengineering of the business processes, and the adopters of HRM(AI) will evaluate their adoption decision 
(confirmation) [17]. 
 
METHODOLOGY 
In this study, we provided a comprehensive framework to assist HRM professionals in tackling the complex 
ethical challenges presented by GAI use. By relying on the Two-Rule Method, HRM professionals should feel 
more confident when implementing affordances enabled by GAI while also addressing potential ethical issues 
that might adversely affect stakeholders. We advise prudence as HR managers navigate complex decisions about 
GAI-enabled affordances, which, despite their tantalizing capabilities [17]. 

Content analysis was conducted on interviews held with a sample of 16 HR practitioners from a spectrum of 
areas, and the findings were analyzed using the big data maturity model (BDMM) framework. Domains covered 
by this model allow the study of decision-making trends, in terms of preparedness and willingness to tackle 
disruptive technology with the aim of improving and gaining the competitive edge in decision-making [17]. 

The study methodology that helped us deliberately explore the independent phenomenon (the use of AI and 
digital data) and observe and explain its impact on the dependent phenomenon (candidates’ perceptions of OA).  
Indeed, experimental designs are fundamental for establishing valid causal inferences in the social sciences. On 
the other hand, designing an experiment allowed us to isolate and control other phenomena that could influence 
the OA of candidates, ensuring that the results are specifically due to the use of AI and digital data and not 
because of other external factors. Finally, using experiments allowed us to observe the authentic reactions of 
candidates in situations close to reality. 
This provides more reliable data on how AI and digital data can affect their decision to apply (or even accept) a 
job offer. The vignettes were identical across all experimental conditions except for the parts containing 
experimental scenario manipulations (Höddinghaus et al., 2021), described in detail in the Procedure and 
Measures section [18]. 

According to a UNESCO report, women constitute only 22% of the AI workforce. The underrepresentation of 
women in the field leads to gender biases and stereotypes being perpetuated in AI technologies. For instance, 
virtual personal assistants like Siri, Alexa, and Cortana are often defaulted as female, a deliberate choice that 
reflects how AI might continue to reinforce gender bias in society.  
This study conducts a systematic literature review to synthesize empirical and conceptual scholarship on the 
implications of artificial intelligence (AI)-augmented human resource management (HRM) tools for diversity, 
equity, and inclusion (DEI) outcomes. The methodology, guided by the protocols of Fisch and Block [19] and 
Siddaway et al [20], ensures a transparent and replicable process for identifying, evaluating, and synthesizing 
extant research. The synthesis aims to delineate the current theoretical understanding, identify empirical 
consistencies and contradictions, and propose a cogent agenda for future scholarly inquiry 
Screening, eligibility process, and inclusion process 
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The screening process involved two stages. First, a manual review of titles and abstracts identified articles 
fundamentally relevant to the impact of AI-augmented HRM on DEI. Second, a full-text eligibility assessment 
applied specific inclusion criteria: 
1. Examination of AI integration into HRM practices (e.g., recruitment, performance management), Discussion 
of AI’s impact on DEI outcomes.whether positive (e.g., fairness) or negative (e.g., algorithmic bias). 
2. Classification as empirical or theoretical papers published in English in the fields of management, 
organizational behavior, or related disciplines. 
To ensure reliability, the authors independently assessed all papers across two temporally separated points. A 
list of excluded studies is available upon request. Data synthesis followed an abductive approach, guided by 
predefined analytic categories (e.g., “research methods,” “AI applications,” “sources of bias”). Information was 
extracted and coded inductively within this framework, without a pre-existing coding scheme. The entire 
process adhered to the PRISMA guidelines, with a flow diagram provided in Fig. 2  as per Moher et al [21]. 

 
Fig.1 PRISMA flow diagram illustrating the selection process of peer-reviewed articles included in this 
systematic literature review (SLR). The diagram outlines the stages of identification, screening, eligibility, and 
inclusion, in accordance with the PRISMA 2020 guidelines by Page et al.13 

A total of 43 studies were included after removing duplicates, screening titles and abstracts, and assessing full-
text articles.  

a. Reason for Inclusion: The reference sections of the selected papers were reviewed, and a manual search for 
relevant articles was conducted by Siddaway et al [20].  

b. Reason for exclusion: Topic did not fit, mostly no AI integration in HR, and no obvious DEI-related issues 
focus, or were primarily technical or engineering-oriented. c Reason for exclusion: Mostly no AI integration in 
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HR and no obvious DEI-related issues focus, or were primarily technical or engineering-oriented, or not meeting 
the inclusion criteria 
Descriptive results: 
The following section presents an overview of the current research landscape. It summarizes the key 
characteristics of the identified articles, including author names, publication year, primary HR focus (e.g., 
staffing, selection, recruitment), research method, study location, and main findings. The articles in  are 
organized by their HR focus.  
Figure 1 illustrates the distribution of publications over time. The first article identified in our literature sample 
was published in 2016. Between 2016 and 2021, only a few articles were published each year. From 2022, 
interest in AI-HRM, Augmented, and DEI-related aspects (such as fairness, equality, trust, etc.) increased 
notably. As shown in Fig. 3, there was enormous interest in the topic in 2024. 

 
Temporal distribution and methodological categorization of the 43 peer-reviewed articles included in this review 
(2016–2024). The figure presents the publication trend over time, distinguishing between qualitative, 
quantitative, and mixed-methods studies. This visualization highlights the growing academic interest in AI-
driven HRM and DEI, as well as the diverse range of research approaches employed in the field. Data are based 
on the systematic database search completed in January 2025. 
Figure illustrates the methodologies employed in the sampled articles. From a methodological perspective, a 
key finding of this systematic review is the dominance of non-empirical studies, primarily conceptual papers 
and literature reviews, which comprise approximately 53% of the studies, as indicated in  Figure. This trend 
likely reflects the emerging nature of research on DEI-related aspects within AI-HRM augmented tools. 
However, since 2021, there has been a noticeable increase in quantitative studies, which constitute around 30% 
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of the sample and often employ experimental designs or surveys. These are followed by qualitative studies, 
mainly based on interviews, which account for approximately 9%, while mixed methods were used in about 7% 
of the articles. 
Meanwhile, the majority of studies focus on general HRM topics as well as recruitment and selection, each 
accounting for approximately 35% and 37% respectively of the sample. These are followed by studies on 
performance management (13%) and career development (6%). This distribution highlights notable gaps in 
research on other HRM functions such as compensation and benefits, employee relations, employee well-being, 
and DEI  see Fig. 5.  
Our findings indicate that academic researchers still have a significant opportunity to expand the literature and 
contribute to the ongoing discussion on DEI aspects in AI-augmented HRM tools. In the following sections, we 
present both the positive and negative impacts of AI-augmented HRM, identify sources of bias that can emerge 
throughout the process of AI systems integration in HRM practices, and outline mitigation strategies proposed 
in the existing literature. 
 

 
 
Classification of the 43 peer-reviewed articles included in this review by research method (2016–2024). The 
figure distinguishes between qualitative, quantitative, and mixed-methods studies, highlighting the 
methodological diversity in the literature on AI-augmented HRM and its implications for diversity, equity, and 
inclusion (DEI). 
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Distribution of the 43 reviewed articles according to their primary human resource management (HRM) focus 
areas. The figure categorizes articles by the HRM functions they addressed (e.g., recruitment, performance 
management, learning and development, etc.). Several studies covered multiple HRM domains and are therefore 
counted in more than one category. This distribution highlights which HR processes are most frequently 
examined in relation to AI and DEI. 
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AI may soon execute many highly cognitively complex tasks that humans used to perform tacitly and that could 
be reframed as solvable AI pattern-recognition problems . However, because non-routine, highly cognitively 
complex decisions typically have strategic, long-term implications within organizations, human involvement 
may still be needed to alleviate political conflicts (e.g., HR professionals will need to negotiate with other 
stakeholders such as the CFO or labor law specialists) and create accountability for those decisions. 
Furthermore, because those tasks are idiosyncratic and ill-defined, they may require human creativity, synthesis, 
and sensemaking. In this regard, humans need to support AI in obtaining and classifying contextual knowledge 
and translating it into design parameters. 
The findings above illustrate a complex dual impact of AI on diversity, equity, and inclusion, confirming both 
the optimistic potential and the serious concerns highlighted in prior literature. On one hand, our review 
corroborates the view that AI can function as a DEI enabler in HRM; numerous studies documented 
improvements in consistency and fairness when well-designed AI tools are applied. For instance, automating 
aspects of recruitment or performance appraisal has been shown to enforce uniform decision criteria, reducing 
idiosyncratic biases that individual managers might introduce. AI-driven compensation analyses have identified 
wage gaps that might have gone unnoticed, thereby actively promoting pay equity by Marler [21]. Similarly, 
several works found that algorithmic screening systems broaden talent pools by focusing on relevant skills and 
qualifications rather than demographic cues or social networks, thereby increasing workforce diversity (Aydin 
et al. 149; Rigotti and Fosch-Villaronga [22]. These positive outcomes reinforce earlier arguments that AI, 
through its data-driven objectivity, can mitigate certain human biases and serve as a catalyst for more 
meritocratic HR practices by Johnson et al. [23]  
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In our dataset, 48% of articles documented instances of algorithmic bias, confirming a clear consensus: AI is 
not inherently neutral. In fact, many contributions demonstrated how AI tools can inherit historical prejudices 
from their training data and decision rules. For example, machine learning models trained on past hiring 
decisions have systematically disadvantaged certain groups (Lukaszewski and Stone  [24] and facial-analysis 
hiring software has been found to score candidates of Asian or African descent lower due to skewed training 
datasets by Köchling et al [25]. 

 These patterns validate the concern that algorithmic systems often reflect the inequities of their environments, 
unless proactively corrected. Thus, the literature strongly confirms the need for vigilance: AI can undoubtedly 
streamline HR processes, but it will also replicate systemic biases unless designers deliberately intervene at the 
data and algorithm level. In short, our review supports the prevailing view in recent scholarship that AI’s impact 
on DEI is truly double-edged capable of advancing fairness or undermining it, depending on how it is used. 
CONCLUSION 
Our analysis reveals several ongoing paradoxes that characterize this field: the objectivity paradox, where AI’s 
perceived neutrality can conceal underlying biases; the efficiency–empathy divide, which contrasts operational 
speed with human connection; the transparency paradox, where increased disclosure can sometimes erode trust; 
and the governance gap, in which technological adoption outpaces ethical and regulatory frameworks. These 
tensions cannot be resolved through technical solutions alone but call for multidisciplinary collaboration, 
stakeholder engagement, and a reaffirmation of human-centered values in HRM. 
Theoretically, this review contributes an integrative framework that links AI’s dual outcomes to their underlying 
sources of bias and to proposed mitigation strategies, thereby connecting previously siloed conversations in 
computer science, organizational justice, and ethics. Practically, it provides actionable, stakeholder-specific 
recommendations for HR professionals, system designers, and policymakers, emphasizing the need for 
participatory design, continuous auditing, explainability, and hybrid human–AI decision models. 
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