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[bookmark: _Toc201765889][bookmark: _Toc209627860]1.Introduction 
Artificial intelligence (AI) has become a key driver of change in today’s dynamic global business environment, particularly within human resource management (HRM). In talent acquisition, AI technologies are increasingly used to improve efficiency, accuracy, and decision-making processes. Applications such as automated resume screening, AI-powered chatbots, video interview analysis, and predictive analytics are transforming how multinational corporations (MNCs) approach recruitment (Chamorro-Premuzic et al., 2019; Upadhyay & Khandelwal, 2018). These tools enable organisations to streamline hiring processes and make more informed decisions.
This research examines how AI is integrated into recruitment practices across MNCs, focusing on its effectiveness, implementation challenges, and influence on HR strategies. It explores the role of machine learning, natural language processing, and automation in different stages of hiring, as well as variations in adoption across regions and organisations (Raghavan et al., 2020).
The study is significant because it addresses the growing need for efficient global talent acquisition and the strategic importance of recruiting skilled employees in competitive markets (Bersin, 2020). It also considers ethical concerns such as bias, transparency, and data privacy linked to AI use (Ajunwa, 2020; Binns, 2018). Overall, the research highlights the importance of balancing technological innovation with fairness and ethical HR practices.
1.1. [bookmark: _Toc209627861]Research Aim:
To investigate how multinational corporations in Europe and Asia adopt and perceive AI-enabled recruitment tools, with particular attention to cross-national differences in efficiency, fairness, and ethical practices.
1.2. [bookmark: _Toc209627862]Research Questions:
1. How are AI technologies currently adopted in recruitment practices by MNCs in Europe and Asia?
2. What cross-national differences exist in the perceived benefits and challenges of AI in talent acquisition?
3. How do regulatory and cultural contexts influence fairness, diversity, and inclusion outcomes in AI-driven recruitment?
4. What ethical considerations and compliance strategies arise across these regions?
1.3. [bookmark: _Toc209627863]Research Objectives:
· To identify and categorise the AI recruitment tools used in MNCs across Europe and Asia.
· To compare how these tools are perceived in terms of efficiency and candidate-job fit in different cultural and regulatory environments.
· To evaluate ethical, legal, and DEI concerns in AI-driven hiring across both contexts.
· To generate recommendations for regionally sensitive and ethically responsible AI adoption in MNC recruitment.
This study contributes by providing a comparative cross-national perspective, addressing a gap in existing literature that largely focuses on single-region contexts (US/Europe). It offers insights into how cultural and regulatory differences shape AI adoption in recruitment.
[bookmark: _Toc201765890][bookmark: _Toc209627864]2.Literature Review
The rising adoption of artificial intelligence (AI) in recruitment marks a transformative moment for human resource management (HRM). Organizations, especially multinational corporations (MNCs), are increasingly deploying AI tools such as resume parsers, predictive scoring, and video interview analysers to cope with high volumes and improve hiring efficiency (Tsiskaridze, Reinhold & Järvis, 2023). Yet these benefits come embedded with complex challenges of fairness, bias, cross contextual generalisability, and regulatory compliance (Prikshat et al., 2023). This review analyses three interlinked strands: (i) how AI in recruitment alters efficiency and decision processes, (ii) fairness and bias challenges, and (iii) cross national, regulatory, and DEI tensions in global contexts.
[bookmark: _Toc209627865]2.1. AI in Recruitment: Efficiency, Decisions, and Dualities
A recurring claim in the literature is that AI offers scalability, speed, and cost savings in screening large applicant pools, which creates a compelling rationale for adoption in MNCs (Tsiskaridze et al., 2023). Prikshat et al. (2023) propose a multilevel framework showing AI’s role from individual level automation to organisational level HR strategy, highlighting how automation can reshape role expectations of HR professionals. Their review finds, however, that many empirical studies focus on descriptive adoption rather than deeper process mechanisms, such as how AI decisions are integrated with human judgment.
Tsiskaridze, Reinhold and Järvis’s systematic review (2023) categorises deployment into recruitment phases such as sourcing, screening, and interviewing, and highlights that most studies cluster around screening. They note a regional imbalance, observing that many studies emerge from Asia and Africa, with Europe understudied, partly due to stricter data regulation constraints (Tsiskaridze et al., 2023). This gap is critical under the comparative design chosen for this dissertation.
An important tension is the duality of AI in HRM. While promising efficiency, integration with human agents may degrade trust or raise resistance (Tsiskaridze et al., 2023). HR professionals may resist automated tools fearing loss of control, while candidates may distrust opaque algorithmic decisions. This duality calls for qualitative insights into perceptions, rather than assuming a purely instrumental logic (Prikshat et al., 2023).
[bookmark: _Toc209627866]2.2. Fairness and Bias: Fundamental Risks
A key strand of the literature shows that AI systems can reproduce or even intensify human bias in recruitment. Mujtaba and Mahapatra (2025) classify these biases across the main hiring stages, including sourcing, screening, interviewing, and selection, and identify common causes such as biased training data, unclear feature design, and proxy variables. They also discuss approaches for detecting and reducing unfairness.
Fairness metrics remain a major debate in AI hiring. Concepts such as individual fairness, group fairness, and procedural fairness can conflict with one another, meaning that improving fairness for one group may reduce model accuracy. Because of this, organisations need to select fairness measures carefully according to context and stakeholder priorities (Mujtaba and Mahapatra, 2025).
Rigotti and Fosch Villaronga (2024) argue that fairness is defined differently across legal, technical, and sociological perspectives, but many definitions remain too abstract for practical use in HR. They call for greater transparency and auditing, especially in the European Union. Similarly, Pagano et al. (2022) show that bias detection and mitigation methods vary across domains, suggesting that no universal solution exists.
Recent research also highlights cultural and linguistic bias. Rao et al. (2025) found that AI systems evaluating interview transcripts gave lower scores to Indian candidates than to UK candidates, even when names were removed, because of lexical and syntactic differences. This creates serious concerns for cross-national recruitment, particularly in Europe–Asia comparisons.
[bookmark: _Toc209627867]2.3. DEI, Regulatory and Cross-National Tensions
AI adoption in recruitment raises important DEI issues as well as bias concerns. Bano et al. (2024) argue that many systems do not integrate diversity and inclusion at the design stage, but instead treat them as secondary add-ons. Their co-design workshops show that applying D&I in recruitment tools involves difficult trade-offs, since greater fairness may reduce efficiency or require human oversight (Bano et al., 2024).
Cross-national adoption is also shaped by different legal regimes. The GDPR in the EU places strict limits on automated decision-making and requires transparency, explainability, and contestability (Tsiskaridze et al., 2023). In Asia, regulatory conditions vary across Singapore, India, and China, creating uneven compliance environments. These differences likely affect how multinational companies adopt and control AI recruitment tools.
Culture further influences trust and acceptance of AI in HRM. Mantello et al. (2021) found that people in East Asia were generally more trusting of AI in HR than those in Europe. This aligns with the Rao et al. (2025) linguistic bias finding. Even the same tool may produce unequal effects across cultures.This suggests that the same technology may have different effects across contexts. Since much existing research is limited to single-country settings, comparative Europe–Asia research remains valuable (Tsiskaridze et al., 2023).
[bookmark: _Toc209627868]2.4. Synthesis, Gaps and Research Leverage
These three strands, namely efficiency and HR process reconfiguration, fairness and bias, and cross national regulatory and DEI tensions, offer a scaffold for the proposed dissertation. But they also reveal critical gaps.
1. Comparative empirical studies remain rare. Most research attends to AI in one national or regional context, limiting generalisability (Tsiskaridze et al., 2023).
2. Perceptual depth is often missing. Few studies systematically capture how HR professionals experience AI adoption across regulatory and cultural settings.
3. Context specific fairness trade-offs are underexamined. How do HR managers in Europe balance GDPR demands with fairness, compared to those in Asia? Which mitigation practices are viable locally?
4. Integration of D&I as core, not peripheral, design in AI tools is weak in practice (Bano et al., 2024). Empirical insight is needed on how MNCs embed or resist D&I in recruitment technology.
5. Cultural and linguistic bias effects have only begun being studied (Rao et al., 2025). This is especially salient for cross national LLM or algorithmic recruitment.
From a methodological standpoint, thematic, comparative qualitative studies are well positioned to fill these gaps. By focusing on HR professionals in MNCs across Europe and Asia, this dissertation can capture differentiated strategies, perceptions, and tensions. Cross case comparisons can identify convergent versus divergent patterns, clarifying which regulatory or cultural levers matter most.
Moreover, by situating fairness definitions, metrics, and mitigation practices in the lived organizational context, the study can link abstract fairness debates to real world constraints. For instance, HR managers may choose “good enough” fairness rather than theoretical parity due to business exigencies.
Finally, the study’s comparative lens allows testing hypotheses generated from the literature, for example whether stricter data regulation leads to more conservative AI use or whether cultural acceptance moderates bias mitigation adoption.
[bookmark: _Toc209627869]2.5. Conclusion of Review
In sum, the literature on AI driven recruitment offers robust insight into efficiency gains, bias risks, and theoretical fairness debates. But scholarship is fragmented in national silos and often abstract in fairness prescriptions. The comparative Europe–Asia MNC lens provides a unique vantage. It can surface how legal, cultural, and institutional differences shape both adoption and ethical trade-offs. By focusing on HR professionals’ perspectives, the proposed research can bridge gaps between algorithmic fairness theory and organizational realities. This review thus justifies the proposed research direction, grounding it in extant findings while clearly exposing where new, policy relevant, and context sensitive insight is needed.
[bookmark: _Toc201765891][bookmark: _Toc209627870]3.The Research Methodology
[bookmark: _Toc209627871]3.1. Research Design and Philosophical Positioning
This study adopts a qualitative, exploratory design grounded in an interpretivist paradigm. Given the research focus on how HR professionals in multinational corporations (MNCs) perceive and experience AI in recruitment, qualitative methods provide the necessary depth to capture nuance and context. Quantitative surveys could quantify adoption patterns but would risk flattening the complex ways in which professionals interpret fairness, efficiency, and ethical issues across national contexts. The interpretivist stance recognises that reality is socially constructed through lived experiences and that insights must be drawn from participants’ subjective understandings rather than imposed from predetermined categories (Creswell & Poth, 2018).
This design is also justified on originality grounds. While much of the existing scholarship relies on conceptual models or secondary commentary, few studies explore comparative perceptions across Europe and Asia through direct engagement with HR practitioners. A qualitative methodology enables the study to surface both convergent and divergent interpretations across regulatory and cultural environments, providing a textured understanding of how AI is shaping recruitment in MNCs.
[bookmark: _Toc209627872]3.2. Sampling Strategy and Participants
The study will employ purposive sampling to identify participants with direct experience in AI-enabled recruitment processes. Eligible participants include HR managers, talent acquisition specialists, and recruitment professionals working in MNCs that currently deploy or have piloted AI-based tools such as applicant tracking systems, automated resume screeners, or AI-enhanced video interview platforms.
The target sample size is 10 to 12 participants, split across Europe and Asia. This balance is intended to capture diverse regional perspectives while remaining feasible within the project’s time constraints. Interviews will last approximately 10–15 minutes, acknowledging the practical limitations of recruiting busy professionals. While the relatively short interview duration may constrain depth, the use of focused, semi-structured questions will ensure that critical themes such as efficiency gains, fairness concerns, regulatory awareness, and diversity outcomes are consistently addressed.
Recruitment will proceed through professional networks, LinkedIn outreach, and HR associations. Access to participants in different geographical regions will require careful attention to time zone differences and cultural considerations in communication.
[bookmark: _Toc209627873]3.3. Data Collection Procedures
Semi-structured interviews will serve as the primary data collection method. This approach combines flexibility with structure, ensuring comparability across cases while allowing participants to elaborate on issues salient to their own contexts.
The interview schedule will include questions clustered around five domains:
1. Types of AI recruitment tools used and their organisational purpose.
2. Perceived benefits and efficiency gains from AI use.
3. Concerns about bias, fairness, and transparency in AI-enabled decisions.
4. Perceptions of how AI adoption aligns with or challenges diversity, equity, and inclusion goals.
5. Influence of legal and cultural contexts on adoption and ethical practices.
Interviews will be conducted via secure video conferencing platforms such as Zoom or Microsoft Teams. Each will be audio recorded with participant consent and subsequently transcribed verbatim. Given the short 10–15-minute format, careful attention will be paid to ensuring that the core questions are covered efficiently, while allowing participants to add context through follow-up prompts.
[bookmark: _Toc209627874]3.4. Data Analysis
The collected data will be analysed using thematic analysis following Braun and Clarke’s (2006) six-step framework: familiarisation, coding, theme development, theme review, defining and naming themes, and producing the report. The analysis will be conducted with the assistance of NVivo software, which will support systematic coding, retrieval of segments, and comparative cross-case analysis.
The use of NVivo offers two key benefits. First, it ensures rigour by maintaining a transparent audit trail of codes and memos, which is particularly important given the comparative design. Second, NVivo enables more effective management of data when examining differences and similarities between European and Asian participants, thereby enhancing the study’s capacity for cross-national insights.
Themes are expected to emerge around efficiency, fairness, DEI, and regulatory awareness. However, the analysis will remain inductive, allowing unexpected themes to surface from participants’ own accounts. Cross-case comparison will be central: codes from European interviews will be contrasted with those from Asian interviews to identify points of convergence and divergence.
[bookmark: _Toc209627875]3.5. Ensuring Research Quality
To ensure credibility, dependability, and confirmability, several strategies will be applied. First, reflexivity will be maintained through a researcher diary, documenting assumptions, decisions, and emerging interpretations. Second, coding reliability will be enhanced by iterative refinement of the coding framework, with codes tested against multiple transcripts to check consistency. While inter-coder checks are not possible in a single-researcher dissertation, transparency in coding decisions through NVivo memos will help mitigate bias. Third, thematic saturation will be monitored, although with 10–12 short interviews, saturation will be treated pragmatically as the point when no new significant themes emerge.
Transferability will be supported by thick description of participants’ organisational contexts, ensuring that findings can be interpreted in relation to different MNC settings.
[bookmark: _Toc209627876]3.6. Ethical Considerations
The research will adhere strictly to UWTSD’s ethical guidelines. Participants will receive an information sheet outlining the study’s purpose, procedures, and their rights, including the voluntary nature of participation. Written informed consent will be obtained prior to each interview.
All data will be anonymised, and pseudonyms will be used in reporting. Audio files and transcripts will be stored on encrypted devices and accessible only to the researcher. Given the cross-national nature of the study, particular care will be taken to ensure compliance with data protection laws, including GDPR in Europe and equivalent regimes in Asia. Participants will be assured that no identifiable corporate information will be disclosed and that they may withdraw at any stage without penalty.
A further ethical consideration arises from the power dynamics of interviewing HR professionals who may feel accountable for their organisation’s AI adoption. The interview guide will therefore be carefully phrased to avoid blame or reputational harm, framing questions around organisational practices rather than individual responsibility.
[bookmark: _Toc209627877]3.7. Limitations
Several limitations must be acknowledged. The sample size of 10–12 participants limits the breadth of generalisation and the short interview duration (10–15 minutes) constrains the depth of responses. While NVivo-assisted thematic analysis can identify patterns and contrasts, the insights will remain context-specific. Additionally, cross-national comparisons may be uneven if participant recruitment proves more successful in one region than the other.
Despite these limitations, the study’s value lies in its exploratory, comparative perspective, which can provide novel insights into how cultural and regulatory differences shape HR professionals’ perceptions of AI recruitment.
In summary, the methodology is designed to generate rich, comparative insights into how HR practitioners in Europe and Asia interpret AI-enabled recruitment. The use of semi-structured interviews, thematic analysis, and NVivo provides a rigorous yet flexible framework suited to the exploratory aims of the research. While limitations regarding sample size and interview duration must be acknowledged, the design remains well aligned with the study’s aim to uncover cross-national differences in perceptions of efficiency, fairness, and ethical practice in AI-driven recruitment.


[bookmark: _Toc201765892][bookmark: _Toc209627878]Timetable of Key Activities (Gantt Chart)
	Task
	Sept 2025
	Oct 2025
	Nov 2025
	Dec 2025
	Jan 2026

	Finalise research design, RQs, methodology
	███
	
	
	
	

	Draft and submit ethics application
	███
	
	
	
	

	Ethics approval process
	███
	█
	
	
	

	Recruitment of participants (Europe & Asia, parallel)
	███
	███
	
	
	

	Conduct interviews (10–12, 10–15 mins each)
	
	███
	█
	
	

	Transcription of interviews
	
	███
	███
	
	

	NVivo coding and initial thematic analysis
	
	
	███
	█
	

	Comparative cross-case analysis
	
	
	███
	█
	

	Drafting findings and discussion chapters
	
	
	
	███
	

	Supervisor feedback and revisions
	
	
	
	███
	█

	Final proofreading and formatting
	
	
	
	
	███

	Submission
	
	
	
	
	███


Key:
· ███ = Major activity focus
· █ = Light/overlap task
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