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[bookmark: _Toc219662350][bookmark: _Toc220858871]Abstract
This dissertation explores how artificial intelligence (AI)-driven recruitment affects team formation and project success in project-based organizations. Adopting a pragmatist philosophy and a mixed-methods approach, the research utilizes an online cross-sectional survey of 47 HR professionals and project managers across the UK, US, and India. The study finds that while AI is highly effective at accelerating team formation speed (M=3.9), its impact on team quality and broader project outcomes is perceived more moderately (M=3.6 - 3.7). Key findings reveal that resume screening dominates adoption, yet a significant governance gap exists with 18.18% of practitioners using "Shadow IT" via general-purpose AI tools like ChatGPT. Algorithmic bias emerged as the primary challenge, cited by 48.48% of respondents, alongside a "training paradox" where untrained staff reported higher bias awareness than those receiving formal training. The dissertation concludes that while AI offers substantial operational efficiency, it cannot replace the human judgment required for assessing relational fit. Consequently, a hybrid governance model is recommended, positioning AI as a support tool under rigorous human oversight to ensure ethical and successful project delivery.
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1. [bookmark: _Toc220858872]Introduction:
[bookmark: _Hlk216301810]Artificial intelligence (AI) is now a normal part of how many organisations recruit and manage people, especially in HR and talent acquisition (Nawaz et al., 2024). Tools such as CV‑screening algorithms, chatbots, automated shortlisting systems and predictive matching are used to speed up hiring and make decisions more data‑driven (Repakula, T.S and Raj K, 2025). These systems are attractive because they can handle large applicant volumes, reduce routine manual work, and bring more structure and consistency into recruitment.
For project‑based organisations, getting recruitment right is even more critical. Their success depends on forming project teams quickly, matching the right mix of skills to specific project requirements, and coordinating people who may be working remotely or across different locations. AI‑driven recruitment tools seem well suited to this environment because they can help identify suitable candidates faster and support managers in building teams under time pressure. These trends can be seen in different labour markets, including the UK, US and India, where organisations are using AI to support project delivery in competitive and changing conditions.
1.1. [bookmark: _Toc219662352][bookmark: _Toc220858873]Problem statement
Even though AI is being promoted as a way to “fix” recruitment, there is still limited evidence about what it really does for team formation and project results in project‑based organisations. Many studies report benefits such as shorter time‑to‑hire or lower recruitment costs, but they say much less about whether AI actually improves the quality of project teams or leads to better project completion, productivity and satisfaction (Dima et al., 2024). In practice, this means organisations may invest in AI without clearly understanding its impact on project performance.​
There are also growing concerns about fairness and bias in AI‑enabled recruitment. Research shows that when AI systems are trained on biased or unbalanced data, they can repeat or even worsen existing discrimination, which can harm candidates and damage employer reputation (Chen, 2023). Questions about transparency, explainability, candidate consent and data protection have led professional bodies and regulators to call for more responsible AI use in HR, but there is still little practical guidance for project‑based organisations working in different national contexts.​
Most existing work focuses on single countries or sectors and rarely looks at how AI in recruitment operates across different cultures, regulations and ways of working (Nawaz et al., 2024). For organisations in the UK, US and India, these differences may shape how AI tools are introduced, how people experience them, and what outcomes they deliver. Overall, there is a clear gap in understanding how AI‑driven recruitment affects both the speed and quality of team formation and how this connects to project success in project‑based settings.
1.2. [bookmark: _Toc219662353][bookmark: _Toc220858874]Research aim and objectives:
The overall aim of this dissertation is to critically explore how AI‑driven recruitment affects team formation and project success in project‑based organisations. To achieve this aim, the study focuses on four main objectives, adapted from the approved proposal: 
1. To examine how AI technologies are currently integrated into recruitment processes within project‑based organisations in the UK, US and India. 
2. To evaluate how far AI‑driven recruitment supports the selection of candidates who fit project requirements and organisational needs.
3. To assess the influence of AI recruitment tools on the speed and perceived quality of project team formation and related project outcomes, such as completion, satisfaction and productivity.
4. To develop practical recommendations and good‑practice guidelines for using AI in recruitment to support fairer and more successful project delivery.
These objectives shape the research design and provide a clear line of sight from data collection to analysis and recommendations.
1.3. [bookmark: _Toc219662354][bookmark: _Toc220858875]Research questions
Based on the aim and objectives, and reflecting current debates on AI in recruitment, HRM and project performance, this dissertation addresses the following research questions:​
1. How are AI technologies currently integrated into recruitment processes within project‑based organisations in the UK, US and India?
2. In what ways, and to what extent, do AI‑driven recruitment tools influence the speed and perceived quality of project team formation?
3. How do AI‑enabled recruitment practices relate to project outcomes such as project completion, team satisfaction and productivity?
4. What benefits, challenges and ethical concerns do HR professionals and project managers identify when using AI in recruitment, and what best practices do they recommend?
These questions allow the study to look at both the practical use of AI in recruitment and the wider consequences for project‑based work in different national contexts.
1.4. [bookmark: _Toc219662355][bookmark: _Toc220858876]Rationale and significance
From an academic point of view, there is a growing body of work on AI in HR and talent acquisition, but much of it focuses on process measures such as efficiency, cost and recruiter workload. Fewer studies connect AI‑driven recruitment directly to how project teams are formed and how projects actually perform (Venugopal et al., 2024). By looking specifically at project‑based organisations and linking recruitment practices to project outcomes, this dissertation aims to fill part of that gap.​
From a practical perspective, HR and project leaders are under pressure to deliver projects faster, show clear value from AI investments and ensure that recruitment processes are fair and transparent. While some evidence suggests that AI can speed up hiring and improve consistency, there are still doubts about bias, candidate trust and how well AI‑based decisions align with the real needs of project work (Chen, 2023). This study aims to provide grounded insights from HR professionals and project managers in the UK, US and India, giving organisations a clearer view of when AI is helpful, where it may create risk, and how human judgement and governance should still play a central role.​
1.5. [bookmark: _Toc219662356][bookmark: _Toc220858877]Theoretical and conceptual framework
The study is guided by three main sets of ideas.
1. Concepts such as person–job fit, person–organisation fit and team composition help explain how recruitment decisions affect, how well people work together and how teams perform (Hapke, 2024). These ideas stress that effective recruitment is not just about matching technical skills, but also about aligning behaviours, values and ways of working with the needs of specific projects. They provide a useful lens for judging whether AI‑supported selection seems to be improving fit or not.​
2. Research on algorithmic decision‑making and fairness in AI recruitment is used to think about bias and discrimination risks. This work shows how bias can enter AI systems through training data, model design or deployment, and discusses tools and practices, such as fairness metrics and audits, which can help reduce harm (Soleimani et al., 2025). These ideas help interpret how HR professionals and project managers view the ethical side of AI tools and how this influences adoption.​
3. Project management and project success frameworks link recruitment and team formation to outcomes like timeliness, quality, stakeholder satisfaction and team well‑being (Han et al., 2025). By placing AI‑driven recruitment within these frameworks, the research can explore whether changes in recruitment processes are associated with noticeable differences in project performance. 
Together, these three perspectives form a simple conceptual framework that informs the survey and interview design and supports the analysis in later chapters.
1.6. [bookmark: _Toc219662357][bookmark: _Toc220858878]Scope and delimitations
The scope of the study is focused so that it can be completed realistically and still provide useful depth. The research concentrates on published academic and high‑quality practitioner studies that examine AI‑driven recruitment and its implications for team formation and project outcomes. Particular attention is given to work conducted in, or highly relevant to, project‑based organisations in the UK, the US and India. The study focuses on AI tools used specifically in recruitment and selection, such as automated screening, ranking, scheduling and decision‑support systems, rather than the full range of AI applications across HR.
The dissertation does not involve building or testing AI models, accessing proprietary algorithms, or running formal technical fairness audits. Instead, it analyses how AI tools are designed, implemented and experienced as reported in existing empirical and conceptual studies, and what outcomes these studies describe. The research design uses an online survey to capture views and experiences from practitioners at one period in time, rather than following projects longitudinally over several years. These choices are made to keep the study manageable within the dissertation timeframe and are acknowledged so that readers are clear about what the findings can and cannot claim.
1.7. [bookmark: _Toc219662358][bookmark: _Toc220858879]Structure of the dissertation
The rest of the dissertation is organised as follows. Chapter 2 presents a critical literature review on AI in recruitment, algorithmic bias and fairness, team formation in project‑based organisations and project success, and sets out the detailed conceptual framework and research gap. Chapter 3 explains the research methodology, including the philosophical stance, survey design, sampling approach, data collection procedures, analysis methods and ethical considerations. Chapter 4 presents the findings, showing the main survey results through descriptive statistics and thematic analysis of open‑ended responses. Chapter 5 provides the discussion, linking the findings back to the research questions, the conceptual framework and the existing literature, and drawing out implications for theory and practice. Chapter 6 offers the conclusion, summarising the key findings, outlining the contributions and limitations, and providing recommendations for practitioners and for future research.

2. [bookmark: _Toc219662359][bookmark: _Toc220858880]Literature Review
This chapter presents a critical review of the literature on AI-driven recruitment, its implications for team formation and project success, and the ethical and practical challenges that accompany its adoption. The review is structured thematically to address the key concepts and debates that underpin this dissertation's research questions.
The chapter begins by examining how AI technologies are being integrated into recruitment and talent acquisition processes, and what benefits and limitations have been documented in recent research. It then explores the growing body of work on algorithmic bias, fairness and ethics in AI-enabled hiring, highlighting concerns about discrimination, transparency and candidate trust. The third section reviews literature on team formation, person–job and person–organisation fit, and why recruitment decisions are particularly critical in project-based organisations. The fourth section discusses project success frameworks and the limited research linking recruitment practices, especially AI-driven approaches, to project outcomes such as completion, quality and team satisfaction.
Drawing these themes together, the chapter then presents a detailed theoretical and conceptual framework, building on the brief overview in Chapter 1 and showing how theories of fit, algorithmic fairness and project success combine to guide this study. Finally, the chapter identifies the research gap that this dissertation addresses: the lack of empirical evidence on how AI-driven recruitment influences the speed and quality of team formation, and how these practices relate to project performance in different organisational and national contexts. By the end of this chapter, the rationale for the four research questions will be clear, and the foundation for the methodology in Chapter 3 will be established.
2.1. [bookmark: _Toc219662360][bookmark: _Toc220858881]AI in recruitment and talent acquisition
[bookmark: _Hlk218352972]Artificial intelligence has become increasingly embedded in recruitment and talent acquisition, with organisations deploying a range of automated tools to reshape how candidates are identified, assessed and selected. These technologies include automated resume screening, chatbots for candidate interaction, video interview analysis platforms, and algorithmic matching systems designed to align applicants with job requirements (Horodyski, 2023). Proponents of AI in recruitment argue that these tools address persistent operational challenges by automating routine tasks such as CV screening, interview scheduling and candidate communication (Hewage, 2023). This automation is claimed to reduce time-to-hire and free recruiters to focus on higher-value activities such as relationship-building and strategic decision-making (Horodyski, 2023). However, this framing of AI as a solution to recruitment inefficiencies raises important questions about what is actually being optimised. The emphasis on speed and automation reflects organisational priorities around cost reduction and process efficiency, yet there is little accompanying evidence that faster recruitment translates into better hiring decisions, stronger team performance or improved candidate quality. Instead, the literature tends to measure success in terms of time saved and tasks automated, leaving unexamined whether these process improvements serve strategic goals such as building effective project teams or selecting candidates who will perform well over the longer term. This gap between claimed benefits and demonstrated outcomes suggests that the case for AI in recruitment may rest more on assumptions about efficiency than on evidence of effectiveness.
[bookmark: _Hlk218375315]Research examining AI in recruitment frequently highlights claims of improved efficiency and speed. Studies report that organizations implementing AI-powered tools can achieve up to 35% improvement in recruitment efficiency through faster screening and reduced administrative workload (Repakula, T.S and Raj K, 2025). Survey evidence suggests that candidates also perceive benefits from AI-driven processes, with 68% of job seekers reporting preference for AI-enhanced platforms due to faster response times and greater transparency in communication (Repakula, T.S and Raj K, 2025). However, these reported benefits warrant critical scrutiny. Much of the evidence supporting AI's value in recruitment focuses on process metrics such as time-to-hire and administrative efficiency, rather than on whether faster or more automated recruitment actually leads to better hiring decisions or improved team performance. Horodyski (2023) notes that while 69% of survey respondents acknowledged AI's speed advantages, nearly half also reported concerns about low accuracy and reliability, with participants warning that good candidates can slip through the cracks when selection relies too heavily on algorithmic filtering. This suggests a potential trade-off between speed and quality that efficiency-focused evaluations often overlook. Repakula, T.S and Raj K (2025) observes that while AI excels at assessing technical qualifications and experience, it remains limited in evaluating soft skills, emotional intelligence, and interpersonal dynamics that are often critical to job success and team cohesion. The emphasis on automating and accelerating recruitment may therefore reflect organizational priorities around cost containment and operational convenience, rather than a genuine improvement in the strategic value of hiring decisions. For project-based organizations, where the ability to form effective teams quickly depends not only on technical fit but also on collaboration, communication and cultural alignment, this limitation raises questions about whether AI-driven efficiency genuinely supports better project outcomes or simply makes existing processes faster without addressing their underlying quality.
From a strategic perspective, patterns of AI adoption in recruitment vary considerably across organizational contexts, and the evidence base supporting its effectiveness remains uneven and incomplete. A systematic review of 120 articles on AI in recruitment and selection reveals that existing research concentrates predominantly on process optimization, time efficiency, and cost reduction, with studies focusing on how AI automates resume screening, shortlisting, and candidate matching (Mori et al., 2024). This emphasis reflects a focus on practical benefits in the literature, where the value of AI is assessed primarily through its capacity to accelerate recruitment workflows and reduce administrative burden for organizations. However, this focus on early-stage recruitment activities such as CV filtering and initial screening leaves significant gaps in understanding how AI influences later stages of selection, the quality of teams once formed, or the performance and cohesion of employees in their roles. Roppelt et al. (2025) observe that much of the empirical work on AI in recruitment is contextually limited, often confined to specific countries, sectors, or organizational types, which restricts the broader applicability of findings and offers little insight into how AI operates across different regulatory environments, cultural norms, or labour market conditions.  
Moreover, the existing literature reveals little about how AI-driven recruitment affects downstream organizational outcomes beyond hiring speed. Most studies examine whether AI can identify technically qualified candidates more quickly, but not whether these candidates perform well in teams, contribute to project success, or remain with the organization over time. Research indicates that AI effectiveness varies across different recruitment phases, with professionals expressing reluctance to use AI in later selection stages such as interviews due to concerns about assessing interpersonal fit and team dynamics (Hewage, 2023). This gap is especially significant for project-based organizations, where recruitment decisions directly influence the speed and effectiveness of team formation and where the ability to assemble teams with complementary skills, compatible working styles, and strong interpersonal dynamics can determine project delivery and stakeholder satisfaction.
2.2. [bookmark: _Toc219662361][bookmark: _Toc220858882]Algorithmic bias, fairness and ethics in AI recruitment
While AI is promoted as a means of reducing human bias in recruitment through greater objectivity and consistency, growing evidence suggests that algorithmic systems can themselves perpetuate or even amplify discrimination in hiring decisions. Bias in AI recruitment can enter at multiple stages, including through the selection and quality of training data, the design of algorithms, and the way systems are deployed and interpreted in organizational settings (Roppelt et al., 2025). When AI systems are trained on historical recruitment data that reflects past patterns of inequality, they risk learning and reproducing those patterns rather than correcting them. For example, if training datasets overrepresent certain demographic groups such as predominantly male or ethnically homogeneous populations, the resulting algorithms may systematically disadvantage candidates from underrepresented backgrounds (Mori et al., 2024). A well-documented instance of this problem occurred when Amazon withdrew its AI recruitment tool in 2017 after discovering the system penalized resumes containing the word "women's" and downgraded graduates from all-women's colleges, having learned to favour male candidates based on a decade of historical hiring data that predominantly featured male applicants (Dastin, 2018). 
Research identifies several forms of bias that can manifest in AI-driven recruitment, including discrimination based on gender, race, age, and disability, raising concerns about procedural justice and the fair treatment of candidates (Mori et al., 2024). These concerns are not only ethical but also legal and strategic, as organizations deploying biased AI systems face risks of regulatory sanction, litigation, and damage to employer brand. Candidates themselves express apprehension about algorithmic decision-making, with bias concerns and trust issues affecting their willingness to engage with AI-driven recruitment processes (Hewage, 2023). The risk of bias is compounded when organizations fail to validate AI tools adequately across diverse populations or deploy systems designed for one regulatory or cultural context in settings where they may not perform equitably. Consequently, while AI has the potential to support fairer recruitment by removing certain forms of human subjectivity, realizing that potential depends on careful attention to data quality, algorithm design, ongoing monitoring, and the integration of human oversight to identify and correct biased outputs.
[bookmark: _Hlk218510164][bookmark: _Hlk218512223]The root causes of algorithmic bias in AI recruitment systems are complex and interconnected, and they mostly arise from flawed data and choices made during system design. One of the most significant sources of bias is the reliance on historical recruitment data that inherently reflects past patterns of discrimination and workplace inequality (Dubey and Vachher, 2025). When AI systems are trained on datasets that predominantly feature successful hires from historically overrepresented groups, the algorithms learn to replicate these patterns rather than identify genuine merit, effectively encoding existing workplace inequalities into automated decision-making processes (Sony et al., 2025). The quality and representativeness of training data present another critical challenge, as datasets that are incomplete, unbalanced, or lack proper contextual information fail to capture the full diversity of qualified candidates and instead mirror prevalent societal biases (Khanal, 2025). 
[bookmark: _Hlk218509531]AI algorithms may reinforce discriminatory outcomes when inadequately designed or supervised, particularly due to biased training data, lack of transparency in decision-making processes, and the use of exclusionary employment criteria (Sony et al., 2025). These issues are further intensified by shortcomings in algorithm design and insufficient diversity within development teams, which increases the likelihood that unconscious biases are encoded into AI-driven decision-making systems (Dubey and Vachher, 2025). The opacity of many AI systems compounds these problems, as the "black box" nature of complex algorithms makes it difficult for HR professionals or candidates to understand how hiring decisions are reached, preventing meaningful scrutiny of whether bias has influenced outcomes (Sony et al., 2025).
 Furthermore, algorithmic bias can arise when recruitment models oversimplify complex organisational and social realities, resulting in rigid evaluation frameworks that reduce candidates to narrow, quantifiable indicators and produce systematically biased outcomes due to flawed assumptions embedded in the machine-learning process or the application of algorithms beyond their intended contexts or populations (Khanal, 2025). These technical limitations are particularly concerning because they suggest that even well-intentioned efforts to create "objective" AI systems may inadvertently disadvantage candidates whose strengths do not align with historically valued patterns, raising fundamental questions about whether current algorithmic approaches can ever fully account for the nuanced, context-dependent nature of human potential in employment settings.
[bookmark: _Hlk218530562]AI-related hiring discrimination does not only arise in abstract algorithmic models but is clearly visible in real recruitment outcomes for specific social groups. Evidence from a large Swedish correspondence experiment involving 5,641 fictitious job applications with randomly assigned Swedish or foreign sounding names shows that applicants with foreign names received 29.4% callback rates compared to 44.0% for Swedish-named applicants, indicating substantial ethnic discrimination at the initial screening stage (Erlandsson, 2023). The study further demonstrates that this penalty is gendered, with foreign-named men receiving the lowest callback rates (26.7%) compared to foreign-named women (32.0%), suggesting that ethnicity and gender interact to produce gendered ethnic discrimination rather than a uniform ethnic disadvantage (Erlandsson, 2023).
Complementing this, a separate Swedish field experiment on disability discrimination sent 2,048 applications to vacancies in occupations where wheelchair use should not affect job performance, yet non-disabled applicants received approximately 33% more callbacks than equally qualified wheelchair users, highlighting the persistence of disability-based exclusion at the hiring stage (Bjørnshagen, Rooth and Ugreninov, 2025). Taken together, these findings indicate that recruitment bias is both widespread and intersectional, implying that AI systems trained on historical hiring data are likely to inherit and reproduce entrenched, context-dependent patterns of disadvantage embedded in human decision-making, rather than correcting them.
2.3. [bookmark: _Toc219662362][bookmark: _Toc220858883]Mitigation strategies for AI bias in recruitment
[bookmark: _Hlk218618407]Technical strategies to reduce AI bias in recruitment focus mainly on how data are handled and how systems are designed and monitored. AI recruitment tools can be made fairer when developers and HR teams work together to improve training data, remove or adjust features that act as proxies for protected characteristics, and deliberately check for unequal patterns across groups instead of assuming that the model is neutral by default (Soleimani et al., 2025). These tools are also more reliable when they are built to be auditable from the start, so organisations can review how decisions are made, monitor outputs for demographic disparities and update systems when problems are found (Oman, Siddiqua and Noorain, 2024). Both studies emphasise that technical fixes only work when they are supported by people and processes, because if biased historical data are not questioned or audits are not carried out regularly, even advanced algorithms are likely to reproduce unfair outcomes rather than correct them. 
Organisational and governance approaches focus on how companies structure responsibility, oversight and data practices around AI tools rather than leaving fairness to technical design alone. Cross-functional collaboration between HR professionals and AI developers is central to this, because HR staff can flag context-specific concerns about fairness and candidate experience while developers understand how to adjust models and data pipelines, making bias mitigation a shared, ongoing task rather than a one-off fix (Soleimani et al., 2025). Organisations also need governance processes for monitoring recruitment outcomes, such as collecting and reviewing diversity data through equality monitoring schemes, which can reveal patterns of under-representation and support more evidence-based diversity management, but must be communicated clearly so they are not mistaken for unfair “positive discrimination” or data misuse by majority-group applicants (Heath, Carlsson and Agerström, 2022). Finally, governance frameworks that treat AI as a support tool, with humans reviewing and, where necessary, overruling algorithmic recommendations (Oman, Siddiqua and Noorain, 2024), help maintain accountability and ensure recruitment decisions remain aligned with ethical standards and organisational values rather than being outsourced entirely to automated systems.
[bookmark: _Hlk218632625]Legal and regulatory frameworks for AI in recruitment and HRM are still catching up with how these systems are actually used, which leaves important gaps around accountability and protection for affected groups. Data protection regimes such as the General Data Protection Regulation (GDPR) require organisations to have a lawful basis for processing personal data, minimise what they collect and safeguard privacy, but these duties become harder to manage when AI tools rely on extensive data collection and require access to sensitive information such as communication records and personal details (Du, 2024). Anti-discrimination and equal employment laws also apply, because employers remain legally responsible for ensuring that AI-supported hiring does not lead to unequal treatment based on protected characteristics, even when biased outcomes arise from opaque models rather than explicit human prejudice (Du, 2024). From a broader perspective, research on international HRM highlights unresolved questions about who should be held accountable when algorithms and managers jointly shape employment outcomes, especially in multinational settings where legal standards, cultural norms and expectations of fairness differ across countries (Budhwar et al., 2022). Analyses from a human-rights perspective underline that issues such as bias, lack of transparency, limited contestability and weak accountability can threaten principles of equality, non-discrimination, privacy and access to effective remedies, and they point out that most jurisdictions currently have very few AI-specific regulations or specialist bodies to address these risks directly (Rodrigues, 2020). Together, these studies suggest that while existing laws can constrain some abuses and provide general duties around non-discrimination and data protection, they offer limited concrete guidance on how to implement concepts like explainability and fairness in day-to-day AI recruitment, leaving organisations to interpret broad principles and manage significant legal and ethical risk on their own.
2.4. [bookmark: _Toc219662363][bookmark: _Toc220858884]AI Recruitment in Project-Based Organizations
[bookmark: _Hlk218802260]Project-based organisations (PBOs) are companies that do most of their value-creating work through projects, while the permanent part of the organisation mainly exists to support these temporary projects rather than to run stable, ongoing operations (Samimi and Sydow, 2020). In these settings, work is organised into time‑limited, project‑intensive activities, which creates a continual tension between the temporary project layer and the more stable permanent structure that must supply people and coordinate resources across multiple simultaneous projects (Samimi and Sydow, 2020). Studies of project-based sectors such as construction show that fluctuating workloads, bespoke client requirements and the need to assemble, develop and disband teams repeatedly make human resource management particularly complex, with employee resourcing and team deployment becoming central rather than peripheral HR tasks (Raiden, Dainty and Neale, 2004). Workforce planning therefore becomes a critical governance process in project‑driven companies, because project outcomes depend on continually comparing projected workforce demand with available capacity, identifying skills gaps and triggering responses such as recruitment, training or redeployment under time pressure (Micheli et al., 2023). These features mean that staffing decisions in PBOs are not simply about filling short‑term vacancies but about maintaining a pipeline of appropriately skilled people who can be mobilised and recombined across projects, which exposes the limitations of conventional, vacancy‑driven recruitment models and raises critical questions about whether existing recruitment and selection practices are adequately designed for these more fluid and uncertain environments.
Human resource management in PBOs has largely been theorised from the perspective of stable, permanent organisations, which means that the distinctive staffing challenges of project‑based contexts remain under‑specified in mainstream HRM research (Samimi and Sydow, 2020). Despite evidence of a broader “projectification” of organisations, HRM scholars have tended to focus on temporary employment rather than on how project‑based structures disrupt conventional assumptions about stable jobs, linear careers and clearly bounded line management roles, leaving important questions about recruitment and staffing in PBOs to adjacent fields such as project management (Samimi and Sydow, 2020). In contrast, recent work on workforce planning in project‑driven companies depicts staffing as a core governance process that must continually compare forecast workforce demand with available capacity, identify skills gaps and enact responses such as recruitment, reskilling, promotion or dismissal, because project performance is highly sensitive to shortages of appropriately skilled labour and to ineffective labour management (Micheli et al., 2023). Taken together, this work indicates that workforce planning in PBOs has begun to move beyond traditional vacancy‑filling logics toward more dynamic, data‑driven governance processes. At the same time, it exposes a persistent misalignment between these emerging planning frameworks and the still largely under‑theorised, practice‑driven recruitment and selection routines that continue to assume stable roles, linear careers and clearly bounded managerial responsibilities in environments that are, by design, fluid, cross‑boundary and structurally uncertain.
This misalignment between PBO realities and recruitment practice raises questions about what effective selection should actually achieve in project contexts. Fit theories help explain why some project teams work better than others. Person–job fit is about how well people's skills and abilities match what the role actually demands, while person–organisation fit concerns the alignment between employees' values and organisational culture (Shah and Ayub, 2021). According to Shah and Ayub (2021), they show that in stable organisational settings such as pharmaceutical industry, both types of fit are positively linked with job satisfaction, commitment and performance. However, this evidence base is largely drawn from permanent, stable employment contexts, leaving open the question of whether these relationships hold in temporary, project-based teams where membership and priorities shift frequently. Recent research in stable professional settings also suggests that fit shapes how people behave towards colleagues, not just how they feel about their jobs. As per Udin (2023), he demonstrates that employees in a university setting who experience strong person–job and person–organisation fit are more likely to engage in organisational citizenship behaviours, going beyond formal role requirements to help others and contribute to a positive climate. While this finding highlights the potential value of fit for cooperative behaviour, the study does not address whether these dynamics operate in the same way in project work, where discretionary cooperation and support cannot be fully specified in advance and where team composition changes from one project to the next.
Team‑level studies in project‑based organisations add a further layer by examining how composition, specifically the mix of abilities and motivations within teams relate to project performance. Using an Ability–Motivation–Opportunity lens, Dasí et al. (2020) show that in simpler projects, missing technical competence can act as a bottleneck even if motivation is high, while in more complex projects the interaction between ability and motivation becomes more important for results. This implies that recruitment for project‑based organisations is effectively a recurring team‑design challenge, where selecting people who "fit" both the job and the organisation also need to support complementary skills, cooperative behaviour and learning across successive project teams, rather than just filling isolated vacancies.
[bookmark: _Hlk219149037]Despite growing interest in artificial intelligence across project management and human resource domains, research linking AI-driven recruitment to team formation and project outcomes in project-based organisations remains limited and fragmented. Systematic reviews of AI in project management show that most research examines AI applications in execution-focused tasks such as scheduling, cost forecasting and risk monitoring, rather than in recruitment or upfront staffing decisions (Almeida, Fernandes and Santos, 2025). Moreover, in project management, data is often unstructured or unavailable, which constrains the effectiveness of AI tools. Knowledge areas that rely on tacit knowledge, such as assessing interpersonal fit and team dynamics, cannot be replaced by AI and can only be complemented by it (Almeida, Fernandes and Santos, 2025). This suggests that while AI is increasingly embedded in project execution, its role in forming project teams in the first place remains under-explored and under-theorised.
Emerging research on AI-driven team composition offers some insight, though much originates outside project-based organisational settings. Georgara et al. (2025) demonstrate that AI algorithms optimising team composition based on complementary skills and personality diversity can positively influence team dynamics and relational well-being, though their effect on final project performance was smaller and non-significant. This points to a tension between AI's capacity to enhance team experience and its uncertain impact on objective outcomes. Similarly, Rožman, Oreški and Tominc (2022) provide evidence that AI-supported talent acquisition processes are associated with improved performance and engagement in general organisational settings, but do not address how AI evaluates fit for temporary, cross-functional project teams. In recruitment more broadly, AI tools are applied across multiple stages, from screening to assessment, but concerns persist around algorithmic bias, transparency and the marginalisation of soft skills (Chen, 2022). Chen (2022) notes that while AI can accelerate hiring, stakeholders express concerns about whether AI can accurately assess interpersonal suitability, cultural fit and collaborative potential. These concerns are particularly relevant in project-based organisations, where recruitment is not simply about filling vacancies but about assembling teams that can coordinate effectively under time pressure and work across functional boundaries. Overall, AI in recruitment is maturing in process efficiency, but its application to project-based team formation, where tacit knowledge, relational fit and team-level complementarity are critical, remains underdeveloped.
2.5. [bookmark: _Toc219662364][bookmark: _Toc220858885]Theoretical and Conceptual Framework
This study is guided by three interconnected theoretical perspectives, introduced briefly in section 1.6, which together provide a comprehensive lens for examining AI-driven recruitment in project-based organisations.
Person–job fit, person–organisation fit and team composition theory provide the foundation for understanding recruitment quality. Person–job fit concerns the alignment between an individual's skills and job requirements, while person–organisation fit addresses value and cultural congruence (Shah and Ayub, 2021). Both forms of fit predict satisfaction, commitment and performance in stable contexts (Shah and Ayub, 2021; Udin, 2023), but their relevance in temporary, project-based teams remains underexplored. Team composition research extends this focus by examining how team ability, motivation and structural opportunities interact to influence project outcomes (Dasí et al., 2020). In project-based organisations, recruitment decisions are effectively team-design decisions, requiring attention to complementarity, diversity and coordination potential.
[bookmark: _Hlk219159739][bookmark: _Hlk219159764]Algorithmic fairness and bias frameworks address the risks and governance challenges of AI-enabled decision-making. Bias can enter AI recruitment systems through training data, algorithm design or deployment practices, leading to discrimination based on gender, race, age or other protected characteristics (Mori et al., 2024; Roppelt et al., 2025). Fairness frameworks emphasise transparency, explainability, auditability and human oversight to mitigate these risks (Soleimani et al., 2025). For project-based organisations, ensuring fair and unbiased AI processes is both an ethical imperative and a strategic concern.
Project success frameworks link recruitment and team formation to organisational outcomes. Traditional project success criteria include time, cost and scope, but contemporary frameworks also emphasise stakeholder satisfaction, team well-being and learning (Han et al., 2025). By positioning AI-driven recruitment within project success frameworks, this study explores whether recruitment process changes are associated with measurable differences in project completion, quality, team satisfaction and productivity.
Together, these three perspectives form an integrated conceptual framework. Fit and team composition theories define effective recruitment outcomes; algorithmic fairness frameworks specify conditions under which AI tools can be trusted; and project success criteria provide performance benchmarks. Based on this framework, the study expects that AI-driven recruitment will be perceived more favourably when tools assess person-job and person-organisation fit alongside technical credentials, that concerns about algorithmic fairness will vary by national regulatory context, and that project outcomes will show stronger positive associations with AI practices incorporating human oversight and fit-based selection criteria rather than purely automated screening. This framework guides the research design, informing survey and interview questions that capture perceptions of fit, fairness and project performance across UK, US and Indian contexts.
2.6. [bookmark: _Toc219662365][bookmark: _Toc220858886]Research Gap and Chapter Summary
This literature review reveals substantial knowledge about AI-driven recruitment and project-based organisations, yet also exposes critical gaps. Research shows that AI tools are increasingly embedded in recruitment processes, offering efficiency gains through automated screening, scheduling and candidate matching (Mori et al., 2024; Roppelt et al., 2025). However, concerns about algorithmic bias, fairness and transparency persist, particularly regarding discrimination and the marginalisation of soft skills and relational competencies (Chen, 2022; Soleimani et al., 2025). In project-based organisations, workforce planning and team formation are recognised as critical governance processes, yet recruitment practices remain under-theorised and often misaligned with the fluid, cross-functional nature of project work (Samimi and Sydow, 2020; Micheli et al., 2023).
Despite growing interest in both AI recruitment and project-based organisations, limited empirical evidence connects AI-driven recruitment to team formation quality and project outcomes in project-based settings. Most AI recruitment research examines process efficiency, time-to-hire and administrative workload, rather than whether AI improves team performance, project completion or stakeholder satisfaction (Almeida, Fernandes and Santos, 2025). Fit and team composition theories highlight the importance of interpersonal compatibility and complementary skills for project success (Dasí et al., 2020; Shah and Ayub, 2021), yet studies rarely address how AI tools assess or support these relational dimensions. Furthermore, existing research is predominantly single-country or sector-specific, offering little insight into how AI recruitment operates across different regulatory, cultural and labour market contexts (Roppelt et al., 2025).
This gap is directly addressed by the four research questions guiding this study, which examine how AI technologies are integrated into recruitment within project-based organisations in the UK, US and India (RQ1), how AI influences team formation speed and quality (RQ2), how AI-enabled practices relate to project outcomes (RQ3), and what benefits, challenges and best practices practitioners identify (RQ4).
This chapter has critically reviewed AI in recruitment and talent acquisition, algorithmic bias and fairness, mitigation strategies, the project-based organisational context, AI recruitment in project-based organisations, and the theoretical and conceptual framework guiding this research. Together, these themes establish the rationale and foundation for the empirical investigation presented in subsequent chapters.

3. [bookmark: _Toc219662366][bookmark: _Toc220858887]Research Methodology
This chapter explains the research methodology employed to address the aim and research questions outlined in Chapter 1. The overall aim of this study is to critically explore how AI-driven recruitment affects team formation and project success in project-based organisations. To achieve this aim, the research addresses four specific questions: (RQ1) How are AI technologies currently integrated into recruitment processes within project-based organisations in the UK, US and India? (RQ2) In what ways, and to what extent, do AI-driven recruitment tools influence the speed and perceived quality of project team formation? (RQ3) How do AI-enabled recruitment practices relate to project outcomes such as project completion, team satisfaction and productivity? (RQ4) What benefits, challenges and ethical concerns do HR professionals and project managers identify when using AI in recruitment, and what best practices do they recommend?
To address these questions, the study adopts a pragmatic, primarily inductive approach using an online cross-sectional survey targeting HR professionals and project managers. Data were collected through structured questionnaire items and open-ended questions, enabling both quantitative description and qualitative thematic exploration.
The chapter is organised as follows: research philosophy and approach, research strategy, data types and sources, data collection methods, sampling strategy, data analysis methods, ethical considerations, research quality and rigor, limitations, and chapter summary.
3.1. [bookmark: _Toc219662367][bookmark: _Toc220858888]Research Philosophy
[bookmark: _Hlk219326230]This research adopts a pragmatist philosophical position. Research philosophy refers to "a system of beliefs and assumptions about the development of knowledge" (Saunders, Lewis and Thornhill, 2023, p. 131), which "shapes how [we] understand our research questions, the methods we use and the interpretations we make" (Saunders, Lewis and Thornhill, 2023, p. 130). Pragmatism emphasizes practical problem-solving and focuses on the consequences and outcomes of research rather than abstract metaphysical debates (Morgan, 2014).
[bookmark: _Hlk219327786]Ontologically, pragmatists "have believed in an external world independent of the mind as well as that lodged in the mind" (Creswell, 2014, p. 11), acknowledging that organizational realities, such as AI recruitment systems and project team dynamics, exist whilst recognizing that human understanding is shaped through interpretation and experience. Morgan (2014) emphasizes that pragmatism rejects traditional debates about the nature of reality, instead focusing on inquiry as a process where beliefs and actions continuously interact to create meaning. This dual recognition makes pragmatism appropriate for research examining both objective practices (AI tool adoption, project completion rates) and subjective perceptions (fairness, team fit, satisfaction) within project-based organizations. 
[bookmark: _Hlk219327908]Epistemologically, pragmatism holds that "'true' theories and knowledge are those that enable successful action" (Saunders, Lewis and Thornhill, 2023, p. 147). Knowledge is not viewed as a fixed truth but as "warranted assertions" that emerge from inquiry and action (Morgan, 2014). Rather than privileging either objective measurement or subjective interpretation, pragmatism focuses on generating knowledge through inquiry that addresses real-world problems and produces actionable outcomes.
[bookmark: _Hlk219328214]Pragmatism is justified for this study for three key reasons. First, it suits the exploratory nature of the research questions, which ask "how" AI tools are integrated (RQ1) and "what" impact they have on team formation (RQ2), project outcomes (RQ3), and organizational challenges (RQ4), rather than testing predetermined causal hypotheses (Creswell, 2014, p. 4). Second, pragmatism accommodates the mixed methods approach, combining quantitative survey data (Likert-scale perceptions) with qualitative open-ended responses, as it focuses on methodological fitness-for-purpose rather than paradigmatic constraints (Saunders, Lewis and Thornhill, 2023, p. 153). Third, pragmatism aligns with the applied nature of this MBA dissertation, emphasizing research that generates actionable insights for HR professionals and project managers in organizational settings (Saunders, Lewis and Thornhill, 2023, p. 153).
3.2. [bookmark: _Toc219662368][bookmark: _Toc220858889]Research Approach
This study adopts a predominantly inductive research approach with deductive elements. Woiceshyn and Daellenbach (2018) distinguish between deductive research, which tests theory-derived hypotheses by moving from general principles to specific cases, and inductive research, which builds understanding from empirical observations to develop broader theoretical insights.  A third approach is abductive reasoning, which combines these approaches by iteratively moving between data and theory to generate and refine explanations (Saunders, Lewis and Thornhill, 2023, p. 158).
The predominantly inductive emphasis is appropriate for this exploratory study. Anderson and Lightfoot (2022) argue that exploratory survey research is particularly valuable for gaining initial understanding of phenomena in contexts where limited prior research exists. This approach suits research examining how AI tools are integrated into recruitment (RQ1) and what impact they have on team formation (RQ2), project outcomes (RQ3), and organizational practices (RQ4). Woiceshyn and Daellenbach (2018) note that inductive research begins with unanswered questions about specific phenomena rather than predetermined hypotheses. While AI recruitment literature exists, its application within project-based organizations across the UK, US, and India remains underexplored, justifying an inductive approach to identify emerging patterns from practitioner experiences.
However, deductive elements are present, as the study's theoretical framework (algorithmic bias, fairness, team dynamics) informed survey design and thematic areas examined. This reflects the iterative process described by Anderson and Lightfoot (2022), where broad themes are theory-informed, yet specific findings remain data-driven. This combined approach aligns with pragmatism's emphasis on methodological flexibility to address real-world organizational problems (Morgan, 2014). 
3.3. [bookmark: _Toc219662369][bookmark: _Toc220858890]Research Strategy
This research adopts a cross-sectional survey strategy to examine AI-driven recruitment practices in project-based organizations. Cross-sectional research involves collecting data at a single point in time to provide a snapshot of variables under investigation (Rindfleisch et al., 2008). So, Li and Kim (2025) note that cross-sectional surveys deliver temporal snapshots particularly useful for identifying associations and understanding current practices across populations.
This strategy is appropriate for capturing perceptions and self-reported practices across the UK, US, and India for several reasons. First, conducting survey research across multiple countries requires a comparative approach ensuring standardized data collection whilst accommodating cultural differences (de Jong, 2025). Cross-sectional surveys enable efficient data collection from geographically dispersed respondents, requiring no follow-up and fewer resources than longitudinal designs (So, Li and Kim, 2025). Second, Rindfleisch et al. (2008) argue that cross-sectional data are most appropriate when sampling highly educated respondents, as this reduces response biases. While Rindfleisch et al. (2008) caution that abstract constructs such as perceptions of fairness are more prone to common method variance, the use of highly educated professional respondents (HR professionals and project managers) helps mitigate potential response biases. Third, standardized questionnaires allow systematic comparison of AI adoption patterns, perceptions, and outcomes across geographic and institutional contexts (de Jong, 2025).
A cross-sectional approach was selected over longitudinal design due to practical constraints, including the MBA dissertation timeframe and resource limitations. However, cross-sectional surveys have recognized limitations. So, Li and Kim (2025) note that such designs cannot establish causality and may be vulnerable to situational confounds. To mitigate these limitations, the survey incorporated retrospective questions about duration of AI tool usage and perceived changes in outcomes, an approach validated by (Rindfleisch et al., 2008), who successfully employed retrospective measurement to capture relational histories predating survey administration. Furthermore, the mixed-methods design, combining quantitative and qualitative data, provided richer contextual understanding beyond simple associations.
3.4. [bookmark: _Toc219662370][bookmark: _Toc220858891]Data Types and Sources
[bookmark: _Hlk219415709]This research draws upon both primary and secondary data sources to address the research objectives. Integrating multiple data types strengthens validity through triangulation, whereby different data sources cross-verify findings and enhance credibility (Ahmed, Pereira and Jane, 2024).
Primary data constitutes the empirical foundation of this study. Quantitative primary data is collected through structured online surveys distributed to HR professionals and recruitment managers in project-based organizations. Surveys utilize structured sets of questions to obtain data from a broad audience, providing quantifiable results that support the statistical examination of patterns and relationships (Ahmed, Pereira and Jane, 2024). The survey captures data on AI adoption rates, implementation timelines, organizational characteristics, and scaled responses measuring perceptions of AI effectiveness, bias concerns, and impact on recruitment outcomes. The survey instrument includes both closed-ended questions yielding quantifiable data and open-ended questions enabling participants to provide contextual explanations and elaborations on their experiences with AI-driven recruitment practices.
Secondary data sources provide essential contextual background and theoretical grounding, including peer-reviewed academic literature, industry reports on AI recruitment trends, organizational policy documents, and vendor documentation. The combination of primary survey data offering current, context-specific insights with secondary data providing theoretical grounding enables comprehensive examination of AI-driven recruitment practices.
3.5. [bookmark: _Toc219662371][bookmark: _Toc220858892]Data Collection Methods
[bookmark: _Hlk219420838]This research employs a mixed-methods approach to data collection through a structured online survey distributed to HR professionals, recruitment managers, and project managers with experience in AI-driven recruitment practices. The survey methodology enables systematic data collection from geographically dispersed respondents while maintaining cost-effectiveness and accessibility for organizational research (Quaquebeke et al., 2022).
3.5.1. [bookmark: _Toc219662372][bookmark: _Toc220858893]Survey Design
The survey instrument comprises 24 questions, deliberately constrained to balance comprehensiveness against response burden. While longer surveys enable richer data collection, excessive survey length increases dropout rates and satisficing behaviours, wherein respondents provide suboptimal answers to reduce cognitive effort (Quaquebeke et al., 2022). The questionnaire employs a mixed-question format combining closed-ended questions, Likert-scale items, and open-ended questions to capture both quantifiable data and contextual insights. This format necessitates trade-offs: closed-ended questions facilitate statistical analysis but may miss nuanced perspectives, whereas open-ended questions provide contextual depth but introduce subjectivity in coding and analysis.
The survey structure systematically maps to the four research questions through five thematic sections: respondent profile (role, country, organization type, AI experience); AI integration practices (RQ1, exploring adoption status, tools used, implementation duration); perceptions of team formation speed and quality (RQ2, measuring effectiveness and impact); project outcomes (RQ3, assessing completion rates, satisfaction, productivity); and benefits, challenges, and ethics (RQ4, examining diversity, bias, best practices, recommendations).
Likert-scale items utilize a five-point scale format (1-5), selected after considering the ongoing methodological debate regarding optimal scale length. While seven-point scales demonstrate marginally higher reliability coefficients (Kusmaryono, Wijayanti and Maharani, 2022), five-point scales reduce respondent cognitive burden and are more intuitively understood. Given the international nature of the sample spanning UK, US, India, and other countries, the simpler five-point format minimizes potential comprehension difficulties across diverse linguistic and cultural contexts. The choice of unipolar positive numbering (1-5) over bipolar formats (-2 to +2) was informed by research indicating that positive numbering reduces respondent confusion and produces more consistent response patterns (Cabooter et al., 2016). However, this choice acknowledges the limitation that five-point scales may capture less nuanced gradations of opinion compared to seven-point alternatives
[bookmark: _Hlk219422640]A critical limitation is the absence of pilot testing due to time constraints inherent in the dissertation timeline. While pilot testing strengthens survey validity by identifying ambiguous wording, technical issues, and completion time concerns (Quaquebeke et al., 2022), the survey instrument underwent iterative review to mitigate this limitation. This pragmatic compromise prioritized timely data collection over ideal methodological rigor, a common challenge in time-constrained academic research.
3.5.2. [bookmark: _Toc219662373][bookmark: _Toc220858894]Survey Distribution
Google Forms was selected as the survey platform for its accessibility, zero cost, GDPR compliance features, and cross-device compatibility, a practical consideration essential for reaching geographically dispersed professionals. While more sophisticated platforms such as Qualtrics offer advanced logic branching and data quality controls, Google Forms provided sufficient functionality for this study's requirements while eliminating budgetary constraints typical of unfunded dissertation research.
Distribution employed a multi-channel recruitment strategy targeting HR practitioners, project managers, and organizational leaders with direct recruitment responsibilities. Primary channels included LinkedIn posts leveraging the researcher's professional network, specialized LinkedIn groups focused on human resources and project management, and direct outreach through professional contacts established during prior industry experience in recruitment. The researcher's professional background in recruitment facilitated access to relevant practitioners, representing purposive network sampling rather than random convenience sampling. This was considered an appropriate strategy when targeting specialized professional populations with specific domain expertise.
However, limitations remained: participants represented those accessible through the researcher's networks and professional communities rather than a systematically sampled cross-section of all professionals engaged in AI recruitment. Network-based recruitment may have introduced homogeneity bias, as respondents likely shared similar organizational contexts or geographic concentrations. Additionally, LinkedIn's user demographics skew toward digitally engaged professionals, potentially excluding perspectives from practitioners less active on professional networking platforms. The absence of incentivization, while potentially enhancing response authenticity by avoiding financially motivated participation, likely reduced overall response rates and may have introduced self-selection bias toward individuals with pre-existing interest in or positive experiences with AI recruitment tools.
Data collection extended from mid-December 2025 to mid-January 2026, spanning the year-end holiday period. This timing introduced constraints: while the extended period allowed professionals time to respond upon returning from leave, holiday disruptions likely suppressed overall response rates. The distribution campaign yielded 51 survey submissions, of which 47 constituted valid responses after excluding four submissions containing nonsensical content or insufficient data. This 8% exclusion rate highlights quality control challenges inherent in unsupervised online surveys (Quaquebeke et al., 2022). The final sample of 47 fell short of the minimum target of 50, constraining statistical power for inferential analysis, though it remained adequate for exploratory, descriptive analysis within dissertation timeline constraints.
An informed consent statement was embedded at the survey introduction, outlining the research purpose of examining AI's impact on project team formation and emphasizing voluntary participation. The survey collected no personally identifiable information (names, email addresses, IP addresses), ensuring participant anonymity. Consent was obtained through participants' decision to proceed past the information page, consistent with standard practice for online surveys distributed through professional networks.
3.6. [bookmark: _Toc219662374][bookmark: _Toc220858895]Sampling Strategy
3.6.1. [bookmark: _Toc219662375][bookmark: _Toc220858896]Target Population and Sampling Approach
The target population comprised professionals with direct involvement in recruitment and team formation processes, specifically HR professionals, recruiters, and project managers operating in organizational contexts where AI-driven recruitment tools were utilized or considered. Geographic targeting focused on the UK, United States, and India, reflecting major markets for AI recruitment technology adoption. While the research design emphasized project-based organizations as the focal context, non-project-based organizations were included to provide comparative baseline data on recruitment practices across different organizational structures.
[bookmark: _Hlk219593772][bookmark: _Hlk219596603]The study employed a combination of purposive and convenience sampling, two distinct but overlapping nonprobability approaches (Vehovar, Toepoel and Steinmetz, 2016). Participants were purposively selected based on specific characteristics relevant to the research questions (professional roles in HR or project management, experience with AI recruitment) while simultaneously being conveniently accessed through the researcher's professional networks (Etikan, Musa and Alkassim, 2016). Purposive sampling enables researchers to target information-rich cases that can provide valuable insights into the phenomenon under investigation (Etikan, Musa and Alkassim, 2016), while the convenience element reflects pragmatic accessibility through existing professional networks. The researcher's professional background in recruitment provided strategic access to relevant practitioners, enabling targeted recruitment of respondents with authentic experience in AI-driven hiring practices. This hybrid approach acknowledges that accessing specialized professional populations often necessitates network-leveraged strategies when probability sampling proves impractical due to resource and access constraints (Ahmed, 2024).
Inclusion criteria required participants to hold professional roles in HR, recruitment, or project management; work within organizational contexts; and possess awareness or direct experience with AI recruitment tools. Exclusion criteria were limited to the removal of invalid responses containing spam or nonsensical content during data quality assessment. This selection strategy introduced inherent selection biases characteristic of nonprobability sampling: the sample over-represents digitally engaged professionals active on LinkedIn (Vehovar, Toepoel and Steinmetz, 2016), individuals within the researcher's accessible professional networks (Etikan, Musa and Alkassim, 2016), and potentially those with pre-existing interest in AI adoption (Campbell et al., 2020). Geographic clustering also occurred, with 40% of responses categorized as "other countries," limiting precise cross-national comparative analysis.
3.6.2. [bookmark: _Toc219662376][bookmark: _Toc220858897]Sample Size and Composition
The target sample size was established at a minimum of 50 complete responses, deemed adequate for exploratory mixed-methods research focused on pattern identification and thematic exploration rather than statistical generalization (Ahmed, 2024). The study achieved 47 valid responses after excluding four invalid submissions, representing 94% target attainment. Geographic distribution comprised the United States (21%), United Kingdom (21%), India (17%), and other countries (40%). Role distribution included HR professionals and recruiters (49%), project managers (26%), and other organizational roles (23%), with one response missing role data. While the final sample falls marginally below the initial target, it provides sufficient breadth for descriptive analysis within the study's exploratory design, acknowledging limitations to statistical power and population-level generalizability inherent in nonprobability sampling approaches (Ahmed, 2024).
3.7. [bookmark: _Toc219662377][bookmark: _Toc220858898]Data Analysis Methods
3.7.1. [bookmark: _Toc219662378][bookmark: _Toc220858899]Quantitative Data Analysis
Quantitative data from closed-ended and Likert-scale questions were analysed using descriptive statistical techniques in Microsoft Excel. Frequency distributions and percentages were calculated for categorical variables (country, role, organization type, AI adoption status, tool types) to establish sample characteristics and adoption patterns. For Likert-scale items (1-5 ratings), means and standard deviations were computed to assess central tendencies and variability in perceptions regarding AI effectiveness, team formation speed, quality improvements, and project outcomes. Comparative analysis employed cross-tabulations to examine differences across key subgroups: AI adopters versus non-adopters, project-based versus non-project-based organizations, and geographic variations (UK, US, India). However, the small sample size (n=47) precluded inferential statistical testing (chi-square tests, t-tests), limiting analysis to descriptive patterns rather than statistically generalizable relationships. This constraint is acknowledged as a limitation inherent to the exploratory nature of this study, which prioritizes breadth of insight and trend identification over statistical power.
3.7.2. [bookmark: _Toc219662379][bookmark: _Toc220858900]Qualitative Data Analysis
Open-ended responses were analysed using thematic analysis to identify, analyse, and report patterns within qualitative data. Initial coding involved reading all responses to identify recurring themes related to benefits, challenges, ethical concerns, and best practices. These codes were then grouped into broader thematic categories systematically linked to the four research questions. The coding process was conducted manually using Excel, enabling iterative refinement through repeated reading of responses. While this approach prioritized depth of understanding consistent with exploratory research, the use of a single coder without inter-rater reliability verification introduced potential interpretive subjectivity. This limitation was partially mitigated through systematic linkage to research questions and transparent documentation of the coding framework.
3.7.3. [bookmark: _Toc219662380][bookmark: _Toc220858901]Integration
Quantitative and qualitative findings were integrated through triangulation, wherein thematic insights from open-ended responses contextualized patterns observed in quantitative data. This mixed-methods integration enabled richer interpretation than either approach could provide independently.
3.8. [bookmark: _Toc219662381][bookmark: _Toc220858902]Ethical Considerations
Formal ethical approval was obtained from the University of Wales Trinity Saint David (UWTSD) Research Ethics Committee prior to data collection. An informed consent statement was embedded at the survey introduction, outlining the research purpose, voluntary nature of participation, and participants' right to withdraw. Survey completion constituted voluntary consent to participate.
The survey design ensured participant anonymity by collecting no personally identifiable information (names, email addresses, IP addresses). All responses were automatically anonymized through Google Forms. Data storage and handling procedures complied with GDPR requirements for UK and European participants, with secure password-protected storage and access restricted to the researcher and supervisory team. Survey data will be retained according to UWTSD regulations and securely destroyed thereafter in accordance with university data retention policies.
3.9. [bookmark: _Toc219662382][bookmark: _Toc220858903]Research Quality, Rigor and Limitations
3.9.1. [bookmark: _Toc220858904]Validity and Reliability
The survey instrument's content validity was enhanced through systematic alignment of questions to the four research questions and iterative review by the research supervisor and professional colleagues. This process ensured that questions captured relevant constructs (AI effectiveness, team formation quality, diversity outcomes, organizational impacts) and maintained clarity across an international respondent base. Face validity was addressed through supervisor feedback on question wording and structure. However, the absence of formal pilot testing represents a validity limitation, as ambiguous phrasing or technical issues could not be identified and corrected prior to distribution. The survey instrument's reliability was supported through use of standardized Likert scales and clear, consistent question formatting.
3.9.2. [bookmark: _Toc220858905]Qualitative Trustworthiness
Credibility in thematic analysis was pursued through transparent coding procedures and systematic linkage of themes to research questions. However, the use of a single coder without independent verification introduces interpretive subjectivity. While iterative refinement and repeated reading of responses provided some analytical consistency, the absence of inter-rater reliability checks means that alternative thematic interpretations remain unexamined. This limitation is partially offset by the grounding of themes in participants' actual language and systematic organization around research questions.
3.9.3. [bookmark: _Toc220858906]Methodological Limitations
Several constraints affect the study's rigor and generalizability:
· Sampling limitations: The nonprobability sampling approach introduces selection biases, with respondents representing accessible professionals within the researcher's networks rather than a representative population cross-section, limiting generalizability beyond similar contexts.
· Statistical constraints: The small sample size (n=47) precludes inferential testing, restricting analysis to descriptive patterns rather than statistically generalizable relationships.
· Design limitations: The cross-sectional design captures perceptions at a single point in time, preventing causal inference about AI's longitudinal impacts on team performance.
· Data quality issues: Self-reported data relies on participant perceptions rather than objective performance metrics, introducing potential recall bias and social desirability effects. Response quality variation means qualitative findings rely disproportionately on highly engaged respondents (approximately 30% of the sample), potentially skewing thematic interpretations.
· Geographic constraints: Concentration in the "other countries" category (40%) limits cross-national analytical specificity.
These limitations are acknowledged as inherent trade-offs in exploratory MBA research conducted within dissertation timeline and resource constraints, where depth of insight and practical feasibility were prioritized over statistical generalization.

4. [bookmark: _Toc220858907]Data Analysis
4.1. [bookmark: _Toc220858908]Introduction
This chapter presents findings from survey data collected from 47 recruitment professionals and project managers. The analysis addresses four research questions: how AI technologies are integrated into recruitment processes within project-based organisations (RQ1); how AI influences the speed and perceived quality of project team formation (RQ2); how AI-enabled recruitment relates to project outcomes (RQ3); and what benefits, challenges, and best practices practitioners identify (RQ4).
The chapter integrates quantitative analysis of closed-ended questions with thematic analysis of open-ended responses. Section 4.2 describes sample characteristics. Section 4.3 presents quantitative findings from Likert-scale items. Section 4.4 presents qualitative findings from thematic analysis of five questions. Section 4.5 examines convergence and divergence between quantitative and qualitative data. Section 4.6 summarizes key findings by research question.
4.2. [bookmark: _Toc220858909]Sample Characteristics
The study received 51 survey submissions, of which 47 were valid after excluding four responses containing nonsensical content or substantial missing data. Nearly half of respondents (48.94%, n=23) were HR professionals or recruiters, with the remainder comprising project or program managers (25.53%, n=12) and other organizational roles (23.40%, n=11). This distribution ensured representation from both recruitment specialists and project delivery professionals, capturing perspectives from those implementing AI tools and those evaluating their impact on team formation.
Geographic distribution showed 21.28% from the United States (n=10), 21.28% from the United Kingdom (n=10), 17.02% from India (n=8), and 40.43% categorized as "other" countries (n=19). The substantial "other" category, while reflecting international reach through LinkedIn recruitment, limits precise cross-national comparative analysis. Most respondents worked in project-based organizations (61.70%, n=29), with 38.30% (n=18) in non-project-based structures.
	Characteristic 
	Count
	Percent (%)

	Role:
	
	

	HR Professional / Recruiter
	23
	48.94

	Project/Program Managers
	12
	25.53

	Others/Blank
	11
	23.40

	Country:
	
	

	US
	10
	21.28

	UK 
	10
	21.28

	India
	8
	17.02

	Others
	19
	40.43

	Organisation Type:
	
	

	Project-based
	29
	61.70

	Non-project-based
	18
	38.30

	AI Adoption Status:
	
	

	Yes
	29
	61.70

	No
	12
	25.53

	Maybe
	6
	12.77


[bookmark: _Toc220439861]Table 1: Sample Demographics (n=47)
AI adoption status revealed 61.70% (n=29) currently use AI-driven recruitment tools, 25.53% (n=12) do not, and 12.77% (n=6) selected "Maybe." This final category likely reflects exploratory implementation, partial adoption, or respondent uncertainty about what constitutes AI-driven tools. The majority adoption rate (61.70%) enabled analysis of tool types and implementation experiences, whilst non-adopters provided perspectives on barriers and alternative practices.
4.3. [bookmark: _Toc220858910]Quantitative Findings
4.3.1. [bookmark: _Toc220858911]AI Tool Types and Adoption Patterns
Among organizations using AI in recruitment (n=33 responses), analysis of tool types revealed resume screening as the most prevalent application (54.55%, n=18), followed by chatbot interviews (36.36%, n=12) and predictive analytics (24.24%, n=8). Table 2 presents the full distribution.
The dominance of resume screening confirms literature suggesting AI primarily automates early-stage, high-volume filtering tasks. However, over one-third (36.36%) reported chatbot use, indicating conversational AI adoption extends beyond simple screening to interactive candidate engagement. Predictive analytics, while less common (24.24%), signals movement toward data-driven candidate assessment.
	Theme Code
	Description
	Count
	Percent (%)

	Resume/CV Screening
	Automated CV parsing, screening
	18
	54.55

	Chatbot Interviews
	Conversational AI for initial screening
	12
	36.36

	Predictive Analytics
	AI predicting candidate fit/performance
	8
	24.24

	General AI (ChatGPT/Gemini)
	ChatGPT, Gemini, Copilot
	6
	18.18

	Interview Preparation
	AI for scheduling, question prep
	5
	15.15

	Candidate Matching
	AI matching candidates to roles
	3
	9.09

	Video Interview Analysis
	AI analysing recorded interviews
	1
	3.03

	No Specific Tools
	AI adoption without specified tools
	1
	3.03

	Note: Percentages sum >100% as respondents mention multiple tools.


[bookmark: _Toc220439862]Table 2: AI Tool Types in Use (n=33)
An unanticipated finding emerged: 18.18% (n=6) reported using general-purpose AI assistants like ChatGPT, Gemini, or Copilot for recruitment tasks such as resume comparison and job description writing. This suggests AI integration occurs through both formal organizational procurement and informal practitioner improvisation, potentially creating governance gaps where individual tool use bypasses organizational oversight.
Interview preparation tools (15.15%), candidate matching systems (9.09%), and video interview analysis (3.03%) were less prevalent. One respondent (3.03%) indicated no specific tools despite organizational AI adoption, suggesting implementation variability.
4.3.2. [bookmark: _Toc220858912]Perceived Effectiveness and Satisfaction
Table 3 presents descriptive statistics for seven Likert-scale items measuring perceptions of AI effectiveness, team formation outcomes, and project results. All items employed a 5-point scale, with response options varying by question type (effectiveness: 1=Very Poor to 5=Excellent; agreement: 1=Strongly Disagree to 5=Strongly Agree).
The highest mean rating was observed for team formation speed (M=3.9, SD=0.9, n=46), suggesting respondents view AI's primary contribution as accelerating recruitment timelines. This finding supports claims that AI reduces time-to-hire, though it says nothing about whether faster hiring improves team quality or project performance.
	Variable 
	Count
	Mean
	SD

	AI Effectiveness (matching candidates)
	47
	3.6
	0.9

	1. AI Adopters
	29
	4.03
	0.9

	2. Non-Adopters 
	12
	3.45
	0.9

	Team Formation Speed
	46
	3.9
	0.9

	Project Outcomes Overall
	43
	3.7
	0.8

	Team Performance Satisfaction
	45
	3.6
	0.9

	Candidate Perception of AI
	45
	3.7
	1

	Recruitment Outcomes Difference
	44
	3.8
	0.7

	Overall Satisfaction with AI Approach
	43
	3.8
	0.9

	Note: All items used 1–5-point scales. Response options varied by item type. Interpretation ranges: 1.00-1.80 (Very Low), 1.81-2.60 (Low), 2.61-3.40 (Neutral), 3.41-4.20 (Moderate-High), 4.21-5.00 (High).


[bookmark: _Toc220439863]Table 3: Descriptive Statistics for Likert-Scale Items.
AI effectiveness in matching candidates to project requirements received moderate-high ratings overall (M=3.6, SD=0.9, n=47). When disaggregated by adoption status, AI adopters rated effectiveness higher (M=4.03) than non-adopters (M=3.45), a difference of 0.58 points. This gap suggests direct experience corresponds with more favourable assessments, though it remains unclear whether this reflects genuine tool performance or post-adoption rationalization of investment decisions.
Project outcomes overall (M=3.7, SD=0.8, n=43) and team performance satisfaction (M=3.6, SD=0.9, n=45) received similar moderate-high ratings. These measures assess substantive results beyond process efficiency, yet the modest means falling short of strong agreement (4.21-5.00) indicate measured rather than enthusiastic endorsement. Respondents acknowledge some positive impact whilst stopping short of claiming transformational change.
Candidate perception of AI-driven recruitment averaged 3.7 (SD=1.0, n=45), with the highest standard deviation across all items. This variability suggests respondent organizations experience diverse candidate reactions, potentially reflecting differences in AI tool transparency, communication practices, or candidate demographic profiles. The relatively high uncertainty around candidate views contrasts with practitioners' more consistent self-assessments.
Overall satisfaction with organizations' current AI recruitment approaches averaged 3.8 (SD=0.9, n=43). The consistency of means across items (range: 3.6-3.9, span=0.3) is notable. No variable demonstrates either strong negative or strong positive assessment, suggesting general convergence on "moderately satisfied" positioning. This narrow range may indicate respondents view AI as operationally useful but not revolutionary, or that genuine variability in experiences is suppressed by social desirability effects in self-reported data.
The absence of mean ratings above 4.0 (except adopters' effectiveness ratings at 4.03) warrants attention. Respondents consistently avoid "Strongly Agree" or "Excellent" categories, potentially reflecting either measured optimism about AI's actual impacts or awareness of unresolved challenges that temper enthusiasm.
4.3.3. [bookmark: _Toc220858913]Recruitment Outcomes: Pre-Post Differences
Respondents rated how recruitment outcomes (team fit, speed, diversity) differed before and after AI adoption on a 5-point scale (n=44, M=3.8, SD=0.73). Half (50.0%, n=22) agreed outcomes improved, 15.9% (n=7) strongly agreed, 31.8% (n=14) remained neutral, 2.27% (n=1) disagreed, and none strongly disagreed. Table 4 presents the distribution.
	Responses
	Count
	Percent %

	1 - Strongly Disagree
	0
	0

	2 - Disagree
	1
	2.27

	3 - Neutral
	14
	31.8

	4 - Agree
	22
	50

	5 - Strongly Agree
	7
	15.9

	Mean
	3.8

	SD
	0.73

	Combined Agreement (4+5)
	65.9%


[bookmark: _Toc220439864]Table 4: Recruitment Outcomes Improvement - Likert Distribution (n=44)
The combined agreement rate (65.9%) suggests most perceive positive change post-adoption. However, the substantial neutral proportion (31.8%) warrants attention. Neutral responses may indicate genuine mixed experiences, inability to isolate AI's contribution from other organizational changes, or insufficient time elapsed since implementation to observe clear impacts. The near-absence of disagreement (2.27%) suggests few view AI as worsening outcomes, though this could reflect self-selection bias wherein organizations dissatisfied with AI discontinued use prior to survey participation.
Notably, only 15.9% selected "Strongly Agree," with most agreement clustered at the moderate level. This pattern suggests cautious optimism rather than enthusiastic endorsement, potentially reflecting awareness of AI's limitations highlighted in challenges discussed later.
4.3.4. [bookmark: _Toc220858914]Bias Observations and Training Provision
Cross-tabulation analysis examined 45 respondents who provided data on both training provision and bias observations. Cumulatively, 58.62% (n=25) reported observing bias or fairness issues at least occasionally, whilst 41.38% (n=20) claimed "Rarely/Never" observing problems. This split raises questions about whether the latter group genuinely experience bias-free systems or lack awareness to recognize algorithmic discrimination. 
Analysis of training provision against bias observations reveals a counterintuitive pattern in Table 5. Among those receiving training (n=29), 51.7% (n=15) observed bias, compared to 62.5% (n=10 of 16) among untrained staff. This inverse relationship challenges assumptions that training enhances bias detection. Three interpretations merit consideration: training may effectively mitigate bias occurrences; training may inadvertently teach staff to rationalize algorithmic patterns as "data-driven" rather than discriminatory; or organizations experiencing severe bias may reactively implement training. Small subsample size (n=16 untrained) prevents definitive conclusions.
	 
	Training: Yes
	Training: No/Maybe
	Total

	Observed Bias: Yes (Occ/Freq)
	15 (51.7%)
	10 (62.5%)
	25 (55.6%)

	Observed Bias: No (Rarely/Never)
	14 (48.3%)
	6 (37.5%)
	20 (44.4%)

	Total
	29
	16
	45

	Note: n=45 represents respondents who answered both questions. Two respondents from total sample (n=47) had missing data. Percentages calculated within each training category (column %).


[bookmark: _Toc220439865]Table 5: Cross-Tabulation: Training Provision and Bias Observations
Regarding training provision, 63.04% (n=29) reported organizational training, yet 26.09% (n=12) lack formal preparation. Critically, training existence says nothing about quality or effectiveness. Organizations may provide superficial orientation rather than meaningful education on algorithmic fairness, potentially creating false confidence in staff competence.
4.3.5. [bookmark: _Toc220858915]Project-Based vs Non-Project-Based Organizations
Given the study's focus on project-based organizations, comparative analysis examined whether PBOs (n=29) and non-PBOs (n=18) differed in perceived team formation speed, a variable theoretically more critical to PBOs given their reliance on rapid team mobilization.
PBO respondents rated team formation speed marginally higher (M=4.0, SD=1.17) than non-PBOs (M=3.72, SD=0.89), a difference of 0.28 points. Whilst this modest gap suggests PBOs may perceive slightly greater speed benefits, the similarity (both firmly in the "Agree" range) indicates AI's acceleration effects are not PBO-specific. Notably, PBOs demonstrated higher variability (SD=1.17 vs 0.89), suggesting more divergent experiences within project-based contexts, potentially reflecting differences in project complexity, team turnover rates, or AI implementation maturity. The small subsample size (n=18 non-PBOs) prevents statistical significance testing, limiting conclusions to descriptive observation of modest differentiation rather than robust organizational type effects.
4.4. [bookmark: _Toc220858916]Qualitative Findings
Thematic analysis was applied to five open-ended questions, as described in Section 3.8.2. Direct quotes from respondents are attributed using response identifiers [R01-R51] to maintain anonymity whilst enabling traceability. This section presents findings organized by research question.
4.4.1. [bookmark: _Toc220858917]AI Tools Currently In Use
Respondents described AI tools their organizations employ in recruitment (n=33). Eight themes emerged, presented in Table 6.
	Theme 
	Description
	Count
	Percent (%)

	Resume/CV Screening
	Automated CV parsing, screening
	18
	54.55

	Chatbot Interviews
	Conversational AI for initial screening
	12
	36.36

	Predictive Analytics
	AI predicting candidate fit/performance
	8
	24.24

	General AI Tools
	ChatGPT, Gemini, Copilot
	6
	18.18

	Interview Preparation
	AI for scheduling, question prep
	5
	15.15

	Candidate Matching
	AI matching candidates to roles
	3
	9.09

	Video Interview Analysis
	AI analysing recorded interviews
	1
	3.03

	No Specific Tools
	AI adoption without specified tools
	1
	3.03

	Note: Percentages sum to >100% as respondents could mention multiple tools.


[bookmark: _Toc220439866]Table 6: Thematic Analysis - AI Tools Currently in Use (n=33)
Resume screening dominated responses (54.55%, n=18), described variably as "automated parsing and evaluation" and tools that "scan CVs to shortlist best-matched candidates" [R41]. This prevalence confirms AI's primary entry point is automating high-volume filtering, though descriptions reveal little about how these systems actually assess candidate suitability beyond keyword matching.
Chatbot interviews were the second most cited tool (36.36%, n=12), ranging from basic "chat bot interviews" [R32] to sophisticated systems conducting "initial candidate interactions through text- or voice-based conversations, handling queries, collecting information, and performing preliminary assessments" [R10]. The variation in chatbot sophistication suggests uneven implementation maturity across organizations.
A significant and unanticipated finding was the reliance on general-purpose AI tools (18.18%, n=6) such as ChatGPT, Gemini, and Copilot, which respondents reported employing for tasks like "resume analysis" [R43] and to "compare resumes" [R44]. This reliance on consumer-grade technology signals the emergence of "Shadow IT" (Silic and Back, 2014), defined as adoption occurring through informal practitioner experimentation rather than formal procurement, which creates a dangerous accountability gap. Critically, unlike vetted recruitment platforms equipped with specific data protection and bias monitoring features, these unmonitored tools operate outside organizational governance. Consequently, practitioners utilizing these tools may be inadvertently exposing sensitive candidate data to third-party servers, potentially violating GDPR and privacy policies, while simultaneously bypassing essential fairness safeguards. This highlights a profound disconnect between formal AI strategy and actual operational behaviour.
Predictive analytics (24.24%), interview preparation (15.15%), candidate matching (9.09%), and video analysis (3.03%) were less common. One respondent indicated "no specific tools" despite organizational AI adoption, highlighting implementation inconsistencies.
4.4.2. [bookmark: _Toc220858918]Impact on Team Quality
Respondents described whether AI improved recruited team quality (n=26). Eight themes emerged, presented in Table 7.
	Theme 
	Description
	Count
	Percent (%)

	Improved Speed/Efficiency
	Faster hiring, reduced time
	10
	38.46

	Improved Quality (General)
	General quality claims
	10
	38.46

	Better Skills Matching
	AI matches candidates to requirements
	4
	15.38

	Requires Human Judgment
	AI helps but humans decide
	6
	23.08

	Mixed/Qualified Response
	Hedged or uncertain assessments
	4
	15.38

	Data-Driven Decisions
	More evidence-based hiring
	2
	7.69

	Minimal/No Improvement
	Limited strategic impact
	2
	7.69

	Paradoxical Effect
	Efficiency vs diversity trade-off
	1
	3.85

	Note: Percentages sum to >100% as responses could contain multiple themes.


[bookmark: _Toc220439867]Table 7: Thematic Analysis - Impact on Team Quality (n=26)
Responses distributed evenly between improved speed/efficiency (38.46%, n=10) and improved quality in general terms (38.46%, n=10). Speed-focused responses described AI making "processes faster" [R32] and helping "streamline candidates for screening, which ultimately reduced hiring time and improved efficiency" [R16]. Quality claims included assertions that "quality has improved" [R16] and AI enables "select[ing] top tier candidates" [R31], though few specified what "quality" actually means or how it was measured.
Better skills matching appeared in 15.38% (n=4) of responses, with one noting AI screening is "good at matching skills to project requirements, filtering out clear mismatches early" [R09]. Data-driven decision-making was mentioned by 7.69% (n=2).
Critically, 23.08% (n=6) qualified positive assessments by emphasizing human judgment remains necessary. Respondents warned that improvements "don't guarantee success of overall team" and AI "needs to be combined with human evaluation to find truly suitable candidates" [R42]. This qualifier challenges claims of unambiguous AI-driven quality improvement, suggesting practitioners distinguish between screening efficiency and holistic candidate assessment.
Mixed or hedged responses (15.38%, n=4) included "kind of, processes are faster" [R32] and "improving steadily, but not significant yet" [R47]. Only 7.69% (n=2) reported minimal improvement, with one noting AI's impact is "mostly operational, not strategic" [R48], a distinction highlighting that process acceleration may not translate to better team performance.
One respondent (3.85%) described a paradox: AI "streamlined the search while sometimes homogenizing teams, filtering out unconventional talent that drives breakthrough innovation" [R33]. This suggests potential trade-offs between efficiency and diversity, where algorithmic standardization may exclude valuable non-traditional candidates.
4.4.3. [bookmark: _Toc220858919]Influence on Recruitment Strategy
Respondents described how AI influenced their organization's overall recruitment strategy (n=26). Nine themes emerged, presented in Table 8.
	Theme 
	Description
	Count
	Percent (%)

	Faster/More Efficient
	Accelerated processes, reduced time
	15
	57.69

	Data-Driven Strategy
	Evidence-based, analytical approach
	10
	38.46

	Automated Screening
	Automation of initial filtering
	6
	23.08

	Operational-Strategic Shift
	From tactical to strategic function
	3
	11.54

	Better Candidate Matching
	Improved role-candidate alignment
	2
	7.69

	Limited Strategic Impact
	Operational not strategic change
	2
	7.69

	Changed Recruiter Focus
	Freed time for higher-value work
	1
	3.85

	Human Judgment Central 
	AI assists, humans decide
	1
	3.85

	Time Savings
	Administrative time reduction
	1
	3.85

	Note: Percentages sum to >100% as responses could contain multiple themes.


[bookmark: _Toc220439868]Table 8: Thematic Analysis - Influence on Recruitment Strategy (n=26)
Faster/more efficient processes dominated responses (57.69%, n=15), with descriptions emphasizing AI "reduced hiring time and improved efficiency" [R16], enabled "faster candidate screening, smarter matching" [R19], and "speeds up sourcing and screening" [R48]. The prevalence of speed-focused responses reinforces quantitative findings (M=3.9 for team formation speed) but raises questions about whether acceleration constitutes genuine strategic transformation or merely faster execution of existing practices.
Data-driven strategy was the second most common theme (38.46%, n=10). Respondents described AI making recruitment "more data-driven and efficient" [R19] and enabling "data driven decisions making" [R17]. One claimed AI "transformed recruitment from an operational function into a strategic capability" [R39], though such assertions were not accompanied by evidence of what strategic changes actually occurred beyond process automation.
Automated screening (23.08%, n=6) and operational-to-strategic shift (11.54%, n=3) appeared less frequently. Notably, only 7.69% (n=2) reported limited strategic impact. One HR professional stated bluntly that AI "hasn't changed our recruitment strategy itself, but it has improved how we run it" [R48], a critical distinction suggesting AI may enhance operational efficiency without fundamentally altering strategic direction, candidate evaluation criteria, or hiring philosophies.
Better candidate matching (7.69%), changed recruiter focus (3.85%), time savings (3.85%), and recognition that human judgment remains central (3.85%) were minority themes. The predominance of efficiency and speed themes (57.69% + 38.46% = 96.15% combined) suggests AI's strategic influence is interpreted primarily through an operational lens rather than transformation of recruitment objectives, employer brand positioning, or workforce planning horizons.
4.4.4. [bookmark: _Toc220858920]Challenges and Risks
Analysis of perceived challenges (n=33) revealed algorithmic bias as the overwhelmingly dominant concern (48.48%, n=16). Table 9 presents all eleven themes and Chart 1 visualizes the top five.
	Theme
	Description
	Count
	Percent (%)

	Algorithmic Bias
	AI replicates historical prejudices; systemic bias in training data
	16
	48.48

	Lack of Transparency
	"Black box" problem; decisions hard to explain
	8
	24.24

	Over-Reliance on AI
	Excessive trust reduces human judgment
	6
	18.18

	Cannot Assess Soft Skills
	AI unable to evaluate personality, interpersonal fit
	4
	12.12

	Missing Qualified Candidates
	Rigid criteria overlook good candidates
	3
	9.09

	Data Quality Issues 
	"Bad info in, bad info out"; system quality issues
	2
	6.06

	Misuse/Abuse
	Inappropriate use of AI tools
	2
	6.06

	Loss of Accountability
	Reduced human responsibility
	2
	6.06

	Cultural Challenges
	Cultural resistance or adaptation
	1
	3.03

	Job Displacement
	Workforce reduction concerns
	1
	3.03

	No Concerns
	No challenges identified
	1
	3.03

	Note: Percentages sum to >100% as responses could contain multiple themes.


[bookmark: _Toc220439869]Table 9: Thematic Analysis - Challenges and Risks (n=33)
Nearly half of respondents identified bias and fairness as the primary risk. Concerns centred on AI systems learning from flawed historical data. Respondents warned that AI can "unintentionally replicate existing prejudices in hiring data" [R19] and that "AI models inherit and scale the human prejudices found in that data" [R41]. One noted the risk of "bias amplification and the black box problem" [R36], whilst another cautioned that biased AI systems can lead to "a less diverse workforce" [R33].
The second most frequent concern was lack of transparency (24.24%, n=8), often described as the "black box problem" where AI decisions are "hard to explain or defend" [R36]. Several respondents linked bias and transparency together, citing "bias and lack of transparency" [R29] as interconnected challenges. This pairing suggests practitioners recognize that opacity prevents detection and correction of discriminatory patterns.

[bookmark: _Toc220439870]Chart 1: Top Five Challenges in AI Recruitment (n=33) 
[bookmark: _Toc220439871]Note: Percentages based on thematic analysis of open-ended responses. Algorithmic bias (48.48%) emerged as the dominant concern.
Over-reliance on AI emerged as the third major concern (18.18%, n=6). Respondents cautioned that "over reliance on AI may reduce human judgment and instincts" [R17] and warned of "false objectivity" where "organizations start trusting AI outputs as neutral and accurate, when in reality the systems are trained on biased historical data" [R48].
Additional concerns included inability to assess soft skills (12.12%, n=4), missing qualified candidates due to rigid criteria (9.09%, n=3), data quality issues (6.06%, n=2), misuse of technology (6.06%, n=2), loss of human accountability (6.06%, n=2), cultural challenges (3.03%, n=1), and job displacement (3.03%, n=1). Only one respondent (3.03%) reported "nothing as of now" [R38].
The concentration of responses around bias (48.48%), transparency (24.24%), and over-reliance (18.18%) collectively representing 90.9% which indicates these three interconnected issues dominate practitioner concerns about AI recruitment. The near-universal expression of at least one concern (96.97%) suggests challenges are widely recognized rather than confined to specific organizational contexts or implementation approaches.
4.4.5. [bookmark: _Toc220858921]Recommended Best Practices
Respondents recommended best practices for organizations using AI in recruitment (n=26). Nine themes emerged, presented in Table 10.
	Theme
	Description
	Count
	Percent (%)

	Use as Support Tool 
	AI assists, humans decide; not a replacement
	11
	42.31

	Keep Humans in Loop
	Human involvement in final decisions
	8
	30.77

	Regular Bias Auditing
	Continuous monitoring for fairness
	7
	26.92

	Provide Training
	Train staff on AI tool use
	4
	15.38

	Continuous Monitoring
	Ongoing oversight of AI performance
	3
	11.54

	Hybrid AI-Human Approach
	Combine AI efficiency with human judgment
	3
	11.54

	Ensure Transparency
	Make AI decisions explainable
	1
	3.85

	Focus on Team Outcomes 
	Design around team effectiveness
	1
	3.85

	Use Wisely/Carefully
	General cautious approach advice
	2
	7.69

	Note: Percentages sum to >100% as responses could contain multiple themes.


[bookmark: _Toc220439872]Table 10: Thematic Analysis - Recommended Best Practices (n=26) 
The most common recommendation was to use AI as a support tool rather than a decision-maker (42.31%, n=11). Respondents emphasized that "AI should be used as a support tool, not a decision maker" [R42] and organizations should "use AI as a decision-support tool, not a decision-maker" [R48, R50]. This consensus suggests practitioners distinguish between acceptable AI assistance and problematic AI autonomy.
Maintaining humans in the decision loop was the second most frequent recommendation (30.77%, n=8), with advice to "keep humans in the loop for final decisions" [R39] and "combine AI insights with human judgment" [R10, R19]. Regular bias auditing appeared in 26.92% (n=7) of responses, with calls to "regularly audit AI models for bias and outcomes" [R39] and "continuously audit models for bias and accuracy" [R50].
Training provision (15.38%), continuous monitoring (11.54%), and hybrid AI-human approaches (11.54%) were less frequent but notable. Smaller themes included ensuring transparency (3.85%), focusing on team-level outcomes (3.85%), and general advice to "use wisely" (7.69%).
The concentration around support-tool positioning (42.31%), human oversight (30.77%), and bias auditing (26.92%) collectively is 99.98% which indicates practitioners view effective AI implementation as fundamentally dependent on human governance rather than algorithmic autonomy.
4.5. [bookmark: _Toc220858922]Integration of Findings
The mixed-methods design enables examination of where quantitative ratings and qualitative themes converge, diverge, or reveal unexpected patterns.
4.5.1. [bookmark: _Toc220858923]Convergent Findings
Three areas demonstrate strong convergence between data types.
Speed and efficiency emerge consistently as AI's primary perceived benefit. Team formation speed received the highest Likert rating (M=3.9), and 65.9% agreed recruitment outcomes improved. These quantitative patterns align with qualitative themes where 57.69% described AI making recruitment "faster and more efficient" and 38.46% highlighted speed when discussing quality impacts. This convergence confirms AI's value proposition centres on process acceleration rather than qualitative transformation.	
Algorithmic bias also appears consistently across data types. Quantitatively, 58.62% reported observing bias at least occasionally. Qualitatively, bias dominated challenge themes (48.48%). The concordance between observed bias (58.62%) and expressed concern (48.48%) suggests fairness anxieties reflect actual experiences rather than abstract fears.
Human oversight necessity emerges in both data types. Moderate ratings (M=3.6-3.8) and substantial neutrality (31.8%) suggest measured endorsement. Qualitatively, 73.08% of best practices emphasized human involvement, with 42.31% explicitly stating AI should be "a support tool, not a decision maker" [R42, R48].
4.5.2. [bookmark: _Toc220858924]Divergent Findings
An apparent paradox emerges between satisfaction ratings and concern expression. Quantitatively, all Likert items demonstrate moderate-high means (range: 3.6-4.0), 65.9% agree recruitment outcomes improved, and overall satisfaction averages 3.8-suggesting general approval of AI tools.
However, qualitative responses reveal deep concerns. Nearly half (48.48%) cite algorithmic bias as the primary challenge, 24.24% highlight transparency deficits, and 42.31% explicitly warn AI should remain a support tool rather than decision-maker. Furthermore, 18.18% identify over-reliance as a risk, and multiple respondents describe AI creating "false objectivity" [R48] or filtering out "unconventional talent" [R33].
This divergence suggests respondents distinguish between operational effectiveness (speed, efficiency, administrative convenience) and ethical adequacy (fairness, transparency, human accountability). Practitioners appear to acknowledge that AI delivers on efficiency promises, automating screening and accelerating timelines whilst simultaneously flagging unresolved fairness risks and governance gaps requiring ongoing human oversight.
The pattern indicates "satisfied but sceptical" positioning rather than unqualified AI advocacy. Moderate quantitative ratings may reflect this duality: appreciating operational gains whilst withholding enthusiastic endorsement due to awareness of limitations highlighted in challenges. This sophisticated, nuanced perspective suggests practitioners separate what AI does well (process speed) from what remains problematic (ethical soundness).
4.5.3. [bookmark: _Toc220858925]Unexpected Findings
Three unanticipated patterns emerged. First, general-purpose AI tools (ChatGPT, Gemini, Copilot) were cited by 18.18%, revealing Shadow IT adoption outside formal governance, a finding not anticipated in survey design and suggesting significant data privacy and compliance risks. Second, only 15.9% selected "Strongly Agree" on outcome improvement despite 76.92% expressing positive qualitative themes, indicating cautious rather than enthusiastic optimism. Third, cross-tabulation revealed untrained staff report higher bias observation rates (62.5%) than trained staff (51.7%), challenging assumptions that training enhances detection and raising questions about whether training reduces actual bias or merely reduces sensitivity to recognizing it.
4.6. [bookmark: _Toc220858926]Summary
This chapter presented mixed-methods analysis addressing four research questions.
RQ1 (Integration): Resume screening dominates (54.55%); unexpected Shadow IT adoption via ChatGPT/Gemini (18.18%).
RQ2 (Team Formation): Highest rating for speed (M=3.9); 65.9% agreed outcomes improved; 31.8% neutral; speed themes dominant (57.69%).
RQ3 (Project Outcomes): Moderate ratings (M=3.6-3.8); PBOs rated speed marginally higher (4.0 vs 3.72); modest differentiation.
RQ4 (Challenges/Practices): Bias dominated concerns (48.48%); human oversight dominated practices (73.08% combined).
Integration revealed convergence on speed benefits and bias concerns, divergence between operational satisfaction and ethical anxiety, and unexpected training-bias patterns (untrained observe more bias: 62.5% vs 51.7%).

5. [bookmark: _Toc220858927]Discussion
This study critically explored how AI-driven recruitment affects team formation and project success in project-based organizations. Despite growing AI adoption in HR, limited evidence connects AI recruitment to team quality and project performance, particularly in project-based contexts where rapid, effective team assembly is critical.
The research addressed four questions: how AI technologies are integrated into recruitment (RQ1); how AI influences team formation speed and quality (RQ2); how AI-enabled practices relate to project outcomes (RQ3); and what benefits, challenges, and best practices practitioners identify (RQ4). This chapter interprets findings, links them to existing literature, and discusses theoretical and practical implications.
5.1. [bookmark: _Toc220858928]Summary of Key Findings
Analysis of survey data from 47 recruitment professionals and project managers revealed several significant patterns.
Regarding AI integration (RQ1), resume screening dominated adoption (54.55%), followed by chatbots (36.36%). An unanticipated finding revealed 18.18% use general-purpose AI tools (ChatGPT, Gemini, Copilot), raising Shadow IT governance concerns as practitioners bypass formal procurement channels.
Concerning team formation and outcomes (RQ2, RQ3), team formation speed received the highest rating (M=3.9), and 65.9% agreed recruitment outcomes improved. However, 31.8% remained neutral, and qualitative themes emphasized speed over quality transformation. Project-based organizations rated speed marginally higher than non-project-based (4.0 vs 3.72), a modest difference suggesting AI's acceleration benefits are not PBO-specific.
For challenges and practices (RQ4), algorithmic bias dominated concerns (48.48%), followed by transparency deficits (24.24%) and over-reliance risks (18.18%). Best practices converged on human oversight, with 73.08% emphasizing AI as support tool or maintaining humans in decision loops.
Integration revealed a "satisfied but sceptical" paradox: moderate satisfaction ratings (M=3.6-3.8) coexist with deep ethical concerns. A training-bias cross-tabulation showed untrained staff report higher bias observation (62.5%) than trained (51.7%), challenging assumptions about training effectiveness. These patterns indicate practitioners distinguish operational efficiency from ethical adequacy, appreciating speed gains whilst remaining critically aware of fairness risks.
5.2. [bookmark: _Toc220858929]Interpretation of Findings by Research Question
5.2.1. [bookmark: _Toc220858930]RQ1: How Are AI Technologies Integrated into Recruitment?
Findings reveal AI integration follows a predictable pattern: resume screening dominates (54.55%), followed by chatbots (36.36%). This confirms literature suggesting AI primarily automates early-stage, high-volume tasks (Mori et al., 2024). Organizations adopt AI where ROI is most visible, reducing manual CV review time.
However, the finding that 18.18% use general AI tools (ChatGPT, Gemini) reveals a significant governance risk. This informal adoption aligns with Silic and Back (2014) definition of "Shadow IT"-technology used without formal IT approval. According to Silic and Back (2014), the motivation for Shadow IT is often driven by a need for efficiency, where formal IT systems 'cannot follow the wave' of rapid technological change, leading practitioners to adopt unvetted tools for immediate efficiency gains.
This creates a major accountability gap. Tuffaha (2023) warns that biased AI applications negatively affect staffing and organizational reputation. By using consumer-grade tools to "compare resumes" [R44], practitioners inadvertently bypass organizational safeguards. Unlike formal recruitment platforms, these tools lack specific bias monitoring and data protection features required under GDPR. This disconnect between formal strategy and practitioner improvisation suggests that organizations may be making recruitment decisions based on "black box" algorithms they neither own nor audit, exposing the firm to significant legal and ethical liabilities.
5.2.2. [bookmark: _Toc220858931]RQ2: Influence on Speed and Quality of Team Formation
The influence of AI tools on the speed and perceived quality of project team formation was interpreted. A core finding was the high rating assigned to team formation speed (M=3.9), which emerged as the most recognized benefit in both datasets. This pattern aligns with the 35% efficiency gains reported by Repakula, T.S and Raj K (2025) in organizations using automated screening. AI was seen to effectively reduce the time required for early-stage filtering, which is vital for project-based organizations requiring rapid mobilization.
However, a critical distinction was noted between process speed and the resulting quality of the team. While speed was rated highly, the assessment of team quality was more moderate (M=3.6). Qualitative data showed that 23.08% of respondents emphasized that human judgment remains essential for final selection. It was suggested that while AI can identify technical skills quickly, it cannot fully assess the relational fit and cultural alignment highlighted by Shah and Ayub (2021). Respondents observed that AI helps find candidates but "doesn't guarantee success of overall team" [R42].
The risk of homogenization was also identified. One respondent cautioned that AI might filter out "unconventional talent that drives breakthrough innovation" [R33]. This suggests that algorithmic standardization may actually limit the diversity of thought required for complex projects. Consequently, AI was viewed primarily as a tool for velocity. The moderate quality ratings indicate that practitioners remain sceptical about relying solely on technology for team composition. This supports the argument that AI efficiency should not be confused with hiring effectiveness. The reliance on keyword matching likely overlooks the nuanced motivations and tacit knowledge that Dasí et al. (2020) consider critical for project success.
5.2.3. [bookmark: _Toc220858932]RQ3: Relationship Between AI Practices and Project Outcomes
The relationship between AI enabled recruitment and broader project outcomes was analysed. Quantitative results showed that overall project success and team performance satisfaction received moderate ratings (M=3.7 and M=3.6 respectively). These scores indicate a positive but measured association between the use of AI and project results. The modest nature of these findings may be explained by the perspective of Almeida, Fernandes and Santos (2025), who argued that while AI effectively assists in execution focused tasks, it cannot replace the tacit knowledge required for team dynamics.
A comparative analysis between project-based organizations (PBOs) and non-project-based organizations was conducted. It was expected that PBOs would value AI driven speed significantly more than traditional firms due to their reliance on temporary teams. However, only a marginal 0.28-point difference was observed in speed ratings (4.0 for PBOs versus 3.72 for non PBOs). This suggests that the operational benefits of AI are viewed as universal efficiency gains rather than being specific to the project-based context.
The high proportion of neutral responses (31.8%) regarding outcome improvement suggests a challenge in isolating AI as a single causal factor. As noted in the project success frameworks of Han et al. (2025), final outcomes are influenced by multiple variables including leadership, resources, and external environments. Therefore, while AI streamlines the initial team formation, the final project success remains dependent on human management throughout the lifecycle. One respondent noted that AI "helps to find good resources" [R50], but the moderate ratings indicate that practitioners recognize recruitment is only one part of the wider success equation.
5.2.4. [bookmark: _Toc220858933]RQ4: Challenges and Recommended Best Practices
Practitioner perspectives on challenges and best practices were critically analysed. The results showed that algorithmic bias was the most significant challenge (48.48%). This empirical evidence supports the warnings by Tuffaha (2023) that biased AI applications can negatively impact staffing outcomes and reinforce existing discrimination. Respondents noted that AI systems "can unintentionally replicate existing prejudices in hiring data" [R19]. The second major concern was the lack of transparency (24.24%), described as a "black box problem" where decisions are "hard to explain or defend" [R36]. This aligns with the transparency challenges identified by Sony et al. (2025).
A significant finding was the paradox observed in bias awareness. It was found that untrained staff reported higher bias observation rates (62.5%) compared to trained staff (51.7%). This contradicts the assumption that formal training automatically enhances the ability to detect bias. It was suggested that current training models might focus primarily on operational usage rather than critical evaluation. Linking this to Tuffaha (2023), it is possible that training leads to a normalization of algorithmic outputs, where staff learn to trust the tool as objective rather than scrutinizing it for errors. Alternatively, untrained staff may rely more on human intuition, which keeps them sensitive to unfair patterns.
The recommendations for best practices converged on the necessity of human governance. A total of 73.08% of suggestions emphasized keeping humans in the decision loop. Practitioners explicitly advised that "AI should be used as a support tool, not a decision maker" [R42]. This consensus indicates that while AI efficiency is valued, practitioners believe technology should complement rather than replace human ethical judgment. The findings suggest that effective AI adoption in project-based organizations depends not on full automation, but on a hybrid model that maintains rigorous human oversight.
5.3. [bookmark: _Toc220858934]Linkage to Literature
The findings of this research address the empirical gap identified in Chapter 2 by connecting AI recruitment practices to the specific needs of project-based organizations. While existing studies predominantly focus on process efficiency metrics such as time to hire (Hewage, 2023; Horodyski, 2023), this study provides evidence regarding how these gains influence team formation quality. The results confirm that AI effectively fulfils the efficiency promises found in previous research (Repakula, T.S and Raj K, 2025), particularly in accelerating the filtering of applicant volumes.
However, the study provides new evidence that challenges the assumed link between automation and team quality. By identifying the emergence of Shadow IT in recruitment, the research highlights a previously undocumented risk where practitioners use informal tools to "compare resumes" [R44]. This finding extends the work of Silic and Back (2014) into the human resource domain, showing that practitioner improvisation driven by convenience may undermine data privacy protections and GDPR compliance.
Furthermore, the discovery of the training paradox challenges the traditional emphasis on simple operational training models (Tuffaha, 2023). The finding that untrained staff are more likely to observe bias (62.5%) suggests that current organizational training may lead to a normalized acceptance of algorithmic outputs rather than fostering critical scrutiny. By synthesizing these points, the study fills a critical gap by showing that AI impacts are not uniform across all recruitment stages. While AI delivers value in screening speed, its contribution to qualitative outcomes remains constrained by the assessment limitations highlighted by Dasí et al. (2020). This analysis confirms that the project-based context does not fundamentally change the operational benefits of AI, but it does intensify the risks associated with standardized filtering and potential team homogenization.
5.4. [bookmark: _Toc220858935]Impact of Research Limitations on Findings
The interpretation of the results was influenced by several methodological constraints. The small sample size (n=47) and the reliance on purposive convenience sampling mean that the findings cannot be generalized to the entire population of project-based organizations. However, as noted by (Ahmed, Pereira and Jane, 2024), such samples are appropriate for exploratory research that aims to identify emerging patterns rather than establish universal statistical laws. The cross-sectional design provided a temporal snapshot but was unable to determine causal links between AI practices and long-term project performance.
Additionally, the reliance on self-reported data introduces potential social desirability bias, particularly regarding satisfaction ratings. The brevity of responses to the questions on diversity and pre-adoption differences limited the depth of thematic analysis for these specific areas. Finally, the use of a single coder for the qualitative analysis introduced an element of interpretive subjectivity. While triangulation between quantitative ratings and qualitative themes was used to improve credibility, these limitations suggest that the findings should be viewed as indicative trends that require further validation through longitudinal and larger scale studies.
6. [bookmark: _Toc220858936]Conclusion
The primary aim of this dissertation was to critically explore the impact of AI-driven recruitment on team formation and project success within project-based organizations. The study was conducted to examine technology integration, evaluate influence on recruitment speed and quality, and identify practitioner perspectives on challenges to develop practical organizational recommendations.
Several significant patterns were identified. AI adoption was reported by 61.70% of organizations, with resume screening (54.55%) and chatbots (36.36%) emerging as dominant tools. A critical finding was the informal use of general AI tools (18.18%), revealing a Shadow IT governance gap. Quantitatively, team formation speed received the highest rating (M=3.9), confirming AI effectively serves as a velocity tool. However, team quality received a more moderate assessment (M=3.6), and 23.08% of qualitative responses emphasized the continued necessity of human judgment.
The research identified algorithmic bias as the primary challenge (48.48%). A counterintuitive training paradox was observed, where untrained staff reported higher bias awareness (62.5%) than trained staff (51.7%), suggesting current training models may inadvertently normalize algorithmic outputs. Best practice recommendations converged on a human-centric hybrid model (73.08%), where technology serves as a support tool under rigorous human oversight rather than an autonomous decision-maker.
The study made several contributions to existing knowledge. Contributions were made to the literature on fit theory by demonstrating that AI adoption primarily enhances process speed while offering more moderate improvements to the relational fit emphasized by Shah and Ayub (2021). The research also extended the concept of Shadow IT, as defined by Silic and Back (2014), into the recruitment domain. This was achieved by identifying the informal use of general AI tools by practitioners, which represents a previously undocumented governance risk in human resource management. Furthermore, knowledge regarding algorithmic fairness was advanced through the identification of the training paradox. This finding suggests that critical awareness of bias may be diminished by purely operational training, indicating a need for theories of critical AI literacy. Finally, the research clarified the role of organizational structure by showing that the operational benefits of AI are viewed as universal efficiency gains rather than being exclusive to project-based contexts.
6.1. [bookmark: _Toc220858937]Practical Contributions
Practical recommendations were developed based on the research findings. Organizations are advised to adopt a hybrid model where AI is positioned as a support tool rather than an autonomous decision maker. It is recommended that HR leaders implement formal governance policies to address the 18.18% informal use of general AI tools identified in this study. These policies must ensure GDPR compliance and prohibit the transmission of sensitive candidate data to unvetted platforms to mitigate significant legal risks.
Furthermore, organizational training programs should be redesigned to move beyond simple operational instruction. It is suggested that organizations prioritize critical AI literacy to ensure staff can scrutinize algorithmic outputs for bias. The research demonstrated that untrained staff were 11% more likely to observe bias than trained staff, indicating that current training models may inadvertently lead to over-reliance or false confidence.
Finally, regular bias auditing and transparency protocols should be established. Organizations are advised to maintain human oversight at critical selection stages to ensure the qualitative dimensions of team formation are not sacrificed for process speed. These practices will help organizations gain the efficiency benefits of AI while addressing the major ethical challenges identified by practitioners.
6.2. [bookmark: _Toc220858938]Limitations and Future Research
Several methodological constraints were identified that influenced the interpretation of the results. The reliance on a small sample (n=47) and purposive convenience sampling meant that the findings could not be statistically generalized to the entire population of project-based organizations. Furthermore, the cross-sectional design captured only a temporal snapshot of perceptions, preventing the determination of causal links between AI practices and project success. Qualitative depth was also constrained by the brevity of responses to specific open-ended items and the use of a single coder for thematic analysis.
Future research directions were proposed to build upon the findings of this exploratory study. It was suggested that longitudinal research be conducted to track the influence of AI on team performance across multiple project stages. The use of larger samples in future investigations was recommended to enable the application of inferential statistical techniques to verify the patterns observed in this study. Additionally, it was proposed that experimental designs be employed to test the effectiveness of different bias training models in improving critical AI literacy. Finally, further research should explore the motivations behind informal AI adoption to develop more robust governance frameworks for managing the risks of Shadow IT in recruitment.
This study provided a critical exploration of AI driven recruitment. It was concluded that while technology accelerates team formation speed, significant risks regarding bias and governance persist. The research emphasizes that successful AI integration depends on human judgment remaining paramount.
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Appendix A: Survey Instrument (Google Forms PDF)
The questionnaire used to collect the primary data for this study was designed and administered in Google Forms. A PDF copy of the complete survey, including all demographic details and questions about AI-based recruitment, team formation, and project results, is included in this appendix as an exact copy of the survey used.


Appendix B: Excel Data and Analysis
This appendix contains the dataset and analytical framework used for the quantitative and qualitative components of this study. The provided Excel file is organized into several worksheets to ensure transparency and ease of navigation:
· Raw Data: Contains the original, anonymized survey responses exported from Google Forms.
· Data Analysis: Includes descriptive statistics, including frequency distributions, percentages, means, and standard deviations for the closed-ended questions. It also features cross-tabulations (e.g., AI adoption by organization type).
· Thematic Analysis (Tabs Q1–Q7): Detailed worksheets for each open-ended survey question. These include the primary and secondary thematic coding, frequency of specific themes (e.g., "Improved Speed/Efficiency" or "Algorithmic Bias"), and the definitions used for qualitative categorization.
To ensure the integrity of the findings, key statistical values were manually calculated and subsequently cross-verified using Excel formulas. These datasets provide the empirical foundation for the tables, figures, and thematic discussions presented in the Findings chapter.


Top Five Challenges in AI Recruitment (n=33)

Percent (%)	Algorithmic Bias	Lack of Transparency	Over-Reliance on AI	Cannot Assess Soft Skills	Missing Qualified Candidates	48.48	24.24	18.18	12.12	3.09	
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1/31/26, 5:35 PM Survey on Al-Driven Recruitment and Team Formation in Project-Based Organizations

Survey on AI-Driven Recruitment and
Team Formation in Project-Based
Organizations

This survey collects the experiences and views of HR professionals and project
managers on the use of Al-driven recruitment tools in project-based organizations. It
explores how Al impacts hiring efficiency, team formation, diversity, project success, and
candidate experience.

The responses will provide vital data for my MBA dissertation, and will help me analyze
real-world trends, challenges, and best practices. These insights will strengthen my
research findings and support my recommendations for using Al ethically and effectively
in recruitment.

Thanks,
Himanshu Rajput
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Questionnaires

This survey uses a mix of multiple-choice, Likert scale, yes/no, and open-ended questions
to collect both quantitative and qualitative insights from HR and project professionals
about Al-driven recruitment and team formation. The closed questions allow patterns and
trends to be measured, while the open questions capture deeper experiences, challenges,
and best practices that numbers alone cannot reveal.

1.  Whatis your current role in your organization?

Mark only one oval.

HR Professional / Recruiter
Project/Program Managers

Others

https://docs.google.com/forms/d/1vOOIXHKSFbIZXhEILLvt2dcc5j_sjXrrPG4nI9Aj7kE/edit 1/7





1/31/26, 5:35 PM Survey on Al-Driven Recruitment and Team Formation in Project-Based Organizations

2. In which country do you primarily work? (UK / US / India / Other) *

Mark only one oval.

United Kingdom
United States
India

Others

3. What type of organization do you work for?

Mark only one oval.

Project-based

Non project-based

4. Does your organization use Al-driven tools in recruitment?

Mark only one oval.

Yes
No

Maybe

5. Which Al tools are currently being used? (Resume screening, chat-bot interviews,
predictive analytics, other). Please describe.

https://docs.google.com/forms/d/1vOOIXHKSFbIZXhEILLvt2dcc5j_sjXrrPG4nI9Aj7kE/edit 217
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6. How long has your organization been using Al for recruitment?

7. Onascale from 1-5, how effective do you find Al in matching candidates to
project requirements?

Mark only one oval.

Not Very effective

8. Has the use of Al changed the speed of team formation in your projects?

Mark only one oval.

Muc Much faster

9. Inyour experience, has Al improved the overall quality of recruited project teams?
Please describe.

https://docs.google.com/forms/d/1vOOIXHKSFbIZXhEILLvt2dcc5j_sjXrrPG4nI9Aj7kE/edit
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10. Inyour view, does Al contribute to a more diverse team composition? Please
explain.

Mark only one oval.
Yes
No

Maybe
Other:

11. Have you observed any bias or fairness issues associated with Al recruitment
tools?

Mark only one oval.

Frequently
Occasionally

Rarely / Never

12. Does your organization take steps to audit or minimize bias in Al recruitment?

Mark only one oval.

Yes
No

Maybe

13. Since adopting Al recruitment tools, how would you rate project outcomes
overall?

Mark only one oval.

Wor Better

https://docs.google.com/forms/d/1vOOIXHKSFbIZXhEILLvt2dcc5j_sjXrrPG4nI9Aj7kE/edit 4/7
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14. Please rate your satisfaction with team performance on Al-recruited vs
traditional teams.

Mark only one oval.

Very Very Satisfied

15. Inyour opinion, how do candidates generally perceive Al-driven recruitment in
your organization?

Mark only one oval.

Very Very Positive

16. Has your organization received feedback from candidates regarding the Al
recruitment process?

Mark only one oval.

Yes
No

Maybe

17. Has your organization provided specific training for staff on using Al recruitment
tools?

Mark only one oval.

Yes
No

Maybe

https://docs.google.com/forms/d/1vOOIXHKSFbIZXhEILLvt2dcc5j_sjXrrPG4nI9Aj7kE/edit
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18. Have you experienced or observed resistance from staff or management
towards adopting Al in recruitment?

Mark only one oval.

Frequently
Sometimes

Rarely/Never

19. How did recruitment outcomes (team fit, speed, diversity) differ before and after
the adoption of Al tools?

Mark only one oval.

Muc Much improved

20. How satisfied are you with your organization’s current approach to Al-driven
recruitment?

Mark only one oval.

Very Very satisfied

21. Inyour view, how has Al influenced the overall recruitment strategy within your
organization?

https://docs.google.com/forms/d/1vOOIXHKSFbIZXhEILLvt2dcc5j_sjXrrPG4nI9Aj7kE/edit
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22. What do you see as the biggest challenge or risk in using Al for recruitment?

23. What best practice would you recommend for organizations leveraging Al to
build effective teams?

24. What additional features or improvements would you like to see in your
organization’s Al recruitment tools?

This content is neither created nor endorsed by Google.

Google Forms

https://docs.google.com/forms/d/1vOOIXHKSFbIZXhEILLvt2dcc5j_sjXrrPG4nI9Aj7kE/edit 717
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Appendix_B_Excel_Data_and_Analysis.xlsx
Raw Data

		What is your current role in your organization?		In which country do you primarily work? (UK / US / India / Other)		What type of organization do you work for?		Does your organization use AI-driven tools in recruitment?		Which AI tools are currently being used? (Resume screening, chat-bot interviews, predictive analytics, other). Please describe.		How long has your organization been using AI for recruitment?		On a scale from 1–5, how effective do you find AI in matching candidates to project requirements?		Has the use of AI changed the speed of team formation in your projects?		In your experience, has AI improved the overall quality of recruited project teams? Please describe.		In your view, does AI contribute to a more diverse team composition? Please explain.		Have you observed any bias or fairness issues associated with AI recruitment tools?		Does your organization take steps to audit or minimize bias in AI recruitment?		Since adopting AI recruitment tools, how would you rate project outcomes overall?		Please rate your satisfaction with team performance on AI-recruited vs traditional teams.		In your opinion, how do candidates generally perceive AI-driven recruitment in your organization?		Has your organization received feedback from candidates regarding the AI recruitment process?		Has your organization provided specific training for staff on using AI recruitment tools?		Have you experienced or observed resistance from staff or management towards adopting AI in recruitment?		How did recruitment outcomes (team fit, speed, diversity) differ before and after the adoption of AI tools?		How satisfied are you with your organization’s current approach to AI-driven recruitment?		In your view, how has AI influenced the overall recruitment strategy within your organization?		What do you see as the biggest challenge or risk in using AI for recruitment?		What best practice would you recommend for organizations leveraging AI to build effective teams?		What additional features or improvements would you like to see in your organization’s AI recruitment tools?

		HR Professional / Recruiter		United States		Non project-based		No		Na		Na		3		3		Na		Yes		Occasionally		No		3		3		3		No		No		Sometimes		3		3		Na		Na		Na		Na

		Project/Program Managers		United States		Non project-based		No		Predictive analytics.		I haven't used it at all.		2		3		I felt I had improved a little.		Yes		Rarely / Never		No		4		4		4		No		No		Sometimes		4		4		It summarizes key points faster than manual methods and provides significant assistance.		I think the problem is that AI lacks any sense of sensitivity whatsoever.		It would be great if we could manage employee capabilities.		I desire nothing.

		HR Professional / Recruiter		Others		Non project-based		Yes						4		4				Maybe		Occasionally		Maybe		4		4		4		No		No		Frequently		4		4

		Project/Program Managers		Others		Project-based		No				0		3		3		-		Maybe		Occasionally		No		2		3		3		No		No

		Others		Others		Project-based		No						2		3				No		Rarely / Never		Yes		3		5		3		No		Yes		Rarely/Never		3		5

		Project/Program Managers		Others		Non project-based		Maybe		Analytics		Dont know		4		3		I don't know		Maybe		Rarely / Never		Maybe		4		3		3		Maybe		Yes		Rarely/Never		4		4		Positively, things can be done a lot quicker		People abusing it		Don't know		Transparency 

		Others		United States		Project-based		No		analytics		<year		3		3		not used specifically for recruitment		Maybe		Occasionally		Yes		3		3		3		No		No		Rarely/Never		3		4		better analytics		bias, bad info in, bad info out, system is only as good as input		run blind recruitment teams one with ai, one with humans, then compare and hire the ones both teams pick		nothing

		Project/Program Managers		Others		Project-based		Yes		chat bots 		5 yrs 		3		4		Baseline competence and fit
AI screening tools are good at:
Matching skills to project requirements
Filtering out clear mismatches early
Reducing noise in large applicant pools		Maybe		Frequently		No		4		3		4		Yes		Yes		Frequently		3		4		Résumé review to pipeline optimization		Loss of human accountability		Use AI to inform, not decide		Team-level simulation, not just candidate scoring

		Others		Others		Project-based		Yes		Chatbot Interviews
AI chatbots are used to conduct initial candidate interactions through text- or voice-based conversations. They handle tasks such as answering candidate queries, collecting basic information, and performing preliminary assessments before human interviews.		6 months – 1 year		4		4		Yes		Maybe		Rarely / Never		Maybe		4		4		4		Yes		Yes		Frequently		4		4		AI has streamlined our recruitment process by automating initial screening and candidate communication, allowing recruiters to focus on strategic decision-making and candidate experience.		The biggest risk is potential bias in AI algorithms, which may unintentionally disadvantage certain groups if the training data is not diverse or well-designed.		Organizations should combine AI-driven insights with human judgment to ensure balanced decisions, particularly when assessing soft skills, team dynamics, and cultural fit		Greater transparency in how AI evaluates and ranks candidates, including clear explanations of decision factors.

		Others		Others		Non project-based		No						3		3				Maybe		Rarely / Never		No		3		3		3		Maybe		No		Rarely/Never		3		3

		Project/Program Managers		Others		Project-based		No		None 		.		3						Maybe				No								No		No		Sometimes				1				Cultural challenges		Iso 42001		Implement them

		Project/Program Managers		Others		Non project-based		Maybe						3		2				Yes		Rarely / Never		Maybe		4		3		4		Maybe		Maybe		Rarely/Never		4		3

		HR Professional / Recruiter		Others		Project-based		Yes				1 year		3		3				Maybe		Occasionally		Maybe		3		3		3		No		Yes		Sometimes		3		3				Losing good candidates

		Others		Others		Project-based		Maybe		Chat bot		1 year		3		4		Yes		Maybe		Occasionally		Yes		3		3		3		Maybe		Yes		Sometimes		4		4		Better		Bias		Not sure 		Not sure

		HR Professional / Recruiter		United States		Project-based		Yes		Resume screening, Scheduling Interviews preps, Conducting Skill based short test.		Quite a long time.		4		5		Based on skills criteria, quality has improved. But it doesn’t guarantee success of overall team.		No		Rarely / Never		Maybe		4		5		3		Maybe		Yes		Rarely/Never		4		4		It helped me to streamline candidates for screening which ultimately reduced hiring time and improved efficiency 		Risk of bias if they trained on biased historical data.		Regularly audit AI to ensure transparency and alignment with team goals 		Improved integration with existing HR systems

		HR Professional / Recruiter		United Kingdom		Project-based		Yes		Candidate Sourcing and screening, Interviews preps, Automation for admin work.		Maybe since last 5year		5		5		It has improved a lot from traditional recruitment to recruitment with AI.		Maybe		Occasionally		Maybe		4		5		4		Yes		Yes		Sometimes		5		5		AI has enabled data driven decisions making and better matching of candidates to roles 		Over reliance on AI may reduce human judgment and instincts.		Use of AI as a support tool while keeping human judgment central to hiring decisions 		Better detection for bias with explanation of any AI made decisions.

		Others		Others		Project-based		No		none as far as i know		-		1		4				Maybe												Maybe

		Project/Program Managers		Others		Non project-based		No		Chatbot interviews: Paradox (Olivia) or Humanly.io handle initial candidate Q&A and scheduling.		Our organization has been using AI in recruitment for over 5 years. We started with automated resume screening and have since expanded to AI-driven chat interviews and predictive analytics, which have significantly improved both efficiency and candidate experience.		3		4		Yes. AI has noticeably improved the overall quality of recruited project teams in several ways:
Better candidate matching: AI tools analyze skills, experience, and even soft skills, ensuring candidates fit both the role and the team dynamics.
Faster identification of top talent: Automated screening and predictive analytics surface the strongest candidates quickly, reducing the risk of overlooking high-potential hires.
Data-driven decisions: AI provides insights into past hiring patterns and project success, helping recruiters select candidates most likely to excel.		No		Occasionally		No		4		4		4		No		Maybe		Sometimes		4		4		AI has made our recruitment strategy more data-driven and efficient, enabling faster candidate screening, smarter matching, and better workforce planning while improving the overall candidate experience.		The biggest challenge is bias and fairness—AI can unintentionally replicate existing prejudices in hiring data, so ensuring transparency and ethical use is critical.		The key best practice is to combine AI insights with human judgment: use AI for screening, matching, and analytics, but always have recruiters validate fit, assess culture alignment, and make final decisions.		I’d like to see AI tools with better contextual understanding and predictive insights—for example, assessing team dynamics, cultural fit, and long-term project performance, not just matching skills and experience.

		HR Professional / Recruiter		United Kingdom		Project-based		Yes						4		3				No		Frequently		Yes				4		3		Yes		Yes		Frequently		4		3

				Others		Project-based		Yes						4		3				No		Rarely / Never		No		2		2		2		No		Maybe				3

		HR Professional / Recruiter		United Kingdom		Project-based		Yes		resume screening		long		3		4				Yes		Occasionally		Yes		4		3		4		Yes		Yes		Sometimes		4		3

		Others		Others		Non project-based		Yes		Chat GPT 		Under a year		3		5		It has improved it especially useful for helping with time management and planning. 		Sometimes, but not all the time.		Occasionally		Yes		4		4		3		Maybe		Yes		Sometimes		4		4		Quite useful, but we dont use it all the time.		Bias/discrimination.		Unsure		Depend on it a bit less

		Others		India		Project-based		No		None 		None		3		3		N/a		Maybe		Occasionally		Maybe		3		3		3		Maybe		No		Rarely/Never		3		3

		Project/Program Managers		Others		Non project-based		Maybe						3		4				Yes		Rarely / Never		No		3		4		3		No		Maybe		Rarely/Never		4		4

		Project/Program Managers		Others		Project-based		Maybe						3		3				No		Occasionally		No		3		2		3		No		Yes		Frequently		3		3

		HR Professional / Recruiter		India		Non project-based		Yes		Resume screening, creating personalised summary related to job		1 year		4		4		Yes, more efficient and objective		Maybe		Rarely / Never		Yes		5		5		3		Yes		Yes		Rarely/Never		4		4		data-driven, faster, and more scalable		bias and lack of transparency		decision-support tool		better bias detection, clearer explainability of AI decisions, and stronger integration with human feedback

		HR Professional / Recruiter		United States		Non project-based		Yes		Resume screening, interview preparation		Around 2 years		5		5		Yes		Maybe		Occasionally		Yes		5		5		5		Maybe		Yes		Rarely/Never		5		5		improving screening accuracy, reducing time-to-hire, and enabling better workforce planning		may also overlook soft skills, cultural fit, or unique candidate potential that are better assessed through human judgment.		Clear guidelines, continuous monitoring, and training recruiters to interpret AI outputs responsibly help build fair, effective, and high-performing teams.		improved, providing clear reasoning for why a candidate is ranked or recommended, which would help recruiters make informed decisions.

		Project/Program Managers		United States		Project-based		Yes		Resume screening & Chat Bots		3years		4		3		Yes, has allowed us to select top tiers candidates 		Maybe		Occasionally		No		3		2		4		Maybe		Yes		Frequently		3		5		Yes 		Algorithmic scores can appear neutral and scientific, discouraging human scrutiny.		Design AI Around Team Outcomes, Not Individual Scores		Bias & Impact Monitoring Dashboards

		Project/Program Managers		United Kingdom		Project-based		Yes		Chat bot interviews		1 year		4		5		Kind of, processes are faster		Yes		Occasionally		No				2		4		Yes		No		Frequently		3		4		Its easier and faster to create work recommendations 		It doesn't examine the personality traits of a person

		Others		Others		Project-based		Yes		Resume screening		2		5		5		In my experience, AI has paradoxically streamlined the search for candidates while sometimes homogenizing teams, filtering out unconventional talent that drives breakthrough innovation.

		Yes		Rarely / Never		No		5		5		5		Yes		No		Frequently		5		5		AI has shifted our recruitment strategy from a broad outreach model to a highly targeted, data-driven talent acquisition system.		The biggest risk is the AI reinforcing historical hiring biases present in its training data, leading to a less diverse workforce.		he essential best practice is to use AI as an augmentation tool for human recruiters, not a replacement, ensuring final decisions balance data with human intuition and cultural assessment.		An improvement I'd like to see is an AI feature that proactively identifies and recommends "high-potential" candidates from non-traditional backgrounds who may not match conventional keyword searches.

		Project/Program Managers		United Kingdom		Project-based		Yes		Resume screening		1 year		4		4		kind of		Maybe		Occasionally				4		4		2		Yes		Yes		Sometimes		4		2		kind of		miss use		be wise with it		more restriction of usage

		Others		India		Non project-based		Yes		Chatbot		12-18 months		4		5		Not by much, increased speed.		No		Occasionally		Yes		3		3		2		No		No		Sometimes		4		4		Drasticily taken the humanity out of the equation, made it ruthless		Bias, overlooking.				not much

		Others		Others		Project-based		No		We primarily use AI for resume screening and predictive analytics.		2–3 years actively, but experimenting longer.		5		5		Definitely yes — especially on diversity and skills fit.		Yes		Rarely / Never		Yes		5		5		5		Yes		Yes		Frequently		5				AI has shifted our strategy from reactive, high-volume screening to proactive, skills-first, and data-driven talent planning.		Bias amplification and the 'black box' problem — hard to explain or defend decisions.		Hybrid approach: AI for scale/efficiency + human judgment for nuance.		More autonomous but controllable agents, plus ethics-focused features.

		HR Professional / Recruiter		India		Project-based		Yes		Copilot and chatgt		6 months 		5		5		Yes.		Yes		Rarely / Never		Yes		5		5		5		Maybe		Yes		Sometimes		5		5		Yes		Proper implementation 		Use it wisely 		All good

		HR Professional / Recruiter		India		Project-based		Yes		ChatGpt, HireGPT		1		3		5		Yes		Yes		Rarely / Never		Yes		4		4		5		Yes		Yes		Frequently		5		4		Yes, It has. 		Nothing as of now		Yes		Yes

		HR Professional / Recruiter		India		Project-based		Yes		AI isn’t just one tool—it’s a suite of capabilities used across the hiring funnel, from sourcing and screening to candidate engagement, interview automation, analytics, and even HR workflow support. These technologies aim to speed up hiring, reduce bias (if designed well), improve candidate experience, and allow recruiters to focus more on strategic human decisions while automation handles repetitive tasks		3 years		5		5		AI improves project team quality by making hiring smarter and faster — but the final quality still depends on human decision-making.		Yes		Rarely / Never		Yes		5		5		5		Yes		Yes		Rarely/Never		5		5		AI has transformed recruitment from an operational function into a strategic capability. It has enabled smarter planning, faster execution, better candidate engagement, and higher-quality hiring outcomes—while reinforcing the importance of human judgment.		Keep humans in the loop for final decisions. Regularly audit AI models for bias and outcomes. Use explainable AI tools where possible. Be transparent with candidates about AI usage. Train recruiters and hiring managers to challenge AI outputs, not just accept them		The most effective organizations use AI to inform better human decisions—not to automate judgment.		The next evolution of AI recruitment tools should focus less on automation and more on insight, fairness, and team effectiveness

		HR Professional / Recruiter		United States		Project-based		Yes		Resume Screening and ChatBot Interviews		5-6 Years 		5		5		Yes, AI has improved the quality of recruited project teams by making hiring more accurate, faster, and less biased. It helps match the right skills to project needs, resulting in more productive and better-aligned teams.		No		Rarely / Never		Yes		3		3		4		No		Yes		Rarely/Never		4		5		AI has made recruitment more efficient and strategic by improving candidate screening, reducing bias, and helping us hire faster with better role-fit, leading to stronger teams and improved hiring outcomes.		The biggest challenge is the risk of bias and lack of transparency in AI decisions, which can affect fairness and trust in the recruitment process.		Use AI as a support tool not a replacement for human judgment and regularly review its decisions to ensure fairness, accuracy, and alignment with organisational goals.		More transparency in AI decision-making, better bias detection, and stronger integration with skill development and performance tracking systems.

		HR Professional / Recruiter		United Kingdom		Project-based		Yes		**AI tools currently used (short):**

* **Resume screening:** AI scans CVs to shortlist best-matched candidates.
* **Chat-bot interviews:** Bots conduct initial screening and schedule interviews.
* **Predictive analytics:** AI predicts candidate performance and attrition risk.
* **Video interview analysis:** Analyses speech and behaviour in recorded interviews.
* **Job–candidate matching:** Matches skills to roles beyond keyword search.
		5-6 year 		5		5		Yes. AI has improved team quality by speeding up shortlisting, reducing basic hiring errors, and improving skill–role matching. However, it works best when combined with human judgement, not alone.
		Yes		Rarely / Never		Yes		3		3		5		Maybe		Yes		Rarely/Never		4		4		AI has made recruitment more data-driven and faster by automating screening, improving candidate targeting, and enabling better workforce planning, while shifting recruiters’ focus from admin tasks to strategic decision-making.		If an AI is trained on data from a company that historically hired mostly one demographic, the model may learn to penalize resumes containing keywords associated with underrepresented groups—even if those keywords are unrelated to job performance.		The most significant risk is the perpetuation of systemic bias. Because AI models learn from historical hiring data, they often inherit and scale the human prejudices found in that data. If a company’s past "successful" hires look a certain way, the algorithm may subconsciously penalize qualified candidates from underrepresented backgrounds simply because they don't match the historical pattern. This creates a "black box" effect where qualified talent is filtered out for reasons that are difficult to audit or explain, potentially leading to a lack of diversity and serious legal complications.		To maximize impact, AI recruitment tools must transition from opaque "black box" filters to transparent, Explainable AI (XAI) systems. Instead of simple keyword matching, these tools should leverage Skill Adjacency to recognize transferable talents that traditional scans miss. This allows for a more holistic view of a candidate's potential beyond their literal job titles.

		HR Professional / Recruiter		United Kingdom		Non project-based		Yes		Ceipal ( Resume Screening)		1 Year		3		4		Yes, AI has improved the overall quality of the recruitment process, especially in terms of screening and shortlisting candidates. It helps analyse resumes quickly, match skills with job requirements, and reduce manual effort, which makes the process more efficient. However, AI alone cannot fully guarantee that the selected person will be the right fit for the project team. Resumes may look strong on paper, but qualities like attitude, communication, and problem-solving ability still require human judgment. Therefore, AI is a valuable support tool, but it needs further improvement and should be combined with human evaluation to find truly suitable candidates.		AI has the potential to contribute to a more diverse team composition because it can reduce human bias during the initial screening process and focus on skills and qualifications rather than personal background. When designed properly, AI tools can help identify candidates from different cultures, genders, and experiences who might otherwise be overlooked.		Rarely / Never		Yes		4		4		3		Yes		Yes		Sometimes		4		4		AI has made our recruitment strategy faster and more data-driven by automating resume screening, skill matching, and candidate shortlisting. It has reduced manual effort for recruiters and helped identify relevant talent more efficiently, allowing teams to focus on interviews and cultural fit.		The biggest challenge is over-reliance on AI outputs. While AI is effective for filtering resumes, it cannot fully assess communication skills, attitude, or real problem-solving ability, which may lead to missing strong candidates.		AI should be used as a support tool, not a decision maker. Combining AI screening with human evaluation, regular bias audits, and skill-based assessments ensures better and fairer hiring outcomes.		I would like better assessment of practical skills, behavioral analysis, and cultural fit, along with more transparent algorithms to reduce bias and improve accuracy in identifying truly suitable candidates.

		HR Professional / Recruiter		United States		Non project-based		Yes		We use ChatGPT and Gemini for resume analysis and improvement. These tools help with resume screening, content enhancement, keyword optimization, and generating suggestions for better formatting and clarity.		Since the time AI tools are launched 		4		4		Yes, process has become faster and more effective 		Yes		Occasionally		Maybe		4		4		4		Maybe		Maybe		Rarely/Never		4		4		AI has streamlined recruitment by automating screening, improving candidate matching, reducing time-to-hire		Bias and lack of transparency—AI can unintentionally reinforce existing biases and make decisions that are hard to explain or audit.		Adopt human-in-the-loop AI: combine AI insights with human judgment, clear accountability, and continuous upskilling so teams trust, understand, and effectively use AI.		Better bias detection, clearer explainability of AI decisions, stronger data privacy controls, seamless ATS integration, and tools to assess skills fairly beyond keywords.

		HR Professional / Recruiter		United States		Project-based		No		I personally use Chatgpt and Copilot to compare resumes.		0		3		5		Not directly but using AI has indirectly saved my time and had given me more time to work on other things, still 60% of my recruitment is human done.		Yes		Occasionally		No		4		3		2		No		No		Sometimes		3		2		As said before, it has given me more time by decreasing the amount of time in resumes comparison 		It is not accurate everytime, it still leaves some important resumes and it gives responses as preferred by different users.		By focusing on Learning and development 		First they should start using it.

		HR Professional / Recruiter		India		Non project-based		Maybe		ChatGPT		6 months		4		3		Yes		No idea		Rarely / Never		Maybe		4		4		5		Yes		Yes				4		4		Resume screening mostly		Less workforce if more adopted				Should go with premium version

		HR Professional / Recruiter		United States		Non project-based		Yes		For screening & bot interview 		3 months 		5		5		Yes		Yes		Rarely / Never		Yes		5		5		5		Maybe		Yes		Rarely/Never		3		5

		HR Professional / Recruiter		India		Project-based		Yes		predictive analytics, screening, interview prep		2 years 		4		3		Not significantly yet, but it is improving steadily, and I expect more proficient results in the future.		Maybe		Occasionally		Yes		4		3		5		Yes		Yes		Rarely/Never		4		4		AI has influenced our recruitment strategy by streamlining many tasks throughout the recruitment lifecycle, particularly by automating the initial screening and early-stage processes before candidate engagement.		One of the main risks of using AI in recruitment is that resume screening tools may overlook highly qualified candidates because of algorithmic errors or rigid criteria. This needs to be monitored regularly.		Organizations should use AI as a support tool rather than a replacement for human judgment, ensuring regular review of AI decisions to avoid overlooking strong candidates.		Improved resume screening accuracy, better identification of qualified candidates, and more transparency in how AI makes screening decisions.

		HR Professional / Recruiter		United Kingdom		Project-based		Yes		Chatbots that ask basic questions, gather info, and schedule interviews. screening + ranking resumes		4-5 years 		4		3		In practice, AI has not dramatically improved the overall quality of recruited project teams.
Its impact is mostly operational, not strategic. AI has improved efficiency—by speeding up sourcing, filtering large applicant pools, and reducing manual screening—but it has not fundamentally changed who gets hired or how well teams perform.		Yes		Occasionally		Maybe		4		4		5		Yes		Yes		Rarely/Never		3		4		AI hasn’t changed our recruitment strategy itself, but it has improved how we run it. It speeds up sourcing and screening and reduces manual work, while final decisions and overall direction still rely on human judgment.		The biggest risk is false objectivity. Organizations start trusting AI outputs as neutral and accurate, when in reality the systems are trained on biased historical data and limited criteria. That can quietly reinforce existing hiring patterns, filter out unconventional but capable candidates, and reduce diversity—while giving decision-makers a false sense of confidence. On top of that, over-reliance on AI can weaken human judgment and accountability in hiring decisions.		Organizations should use AI as a decision-support tool, not a decision-maker. Best practice is to combine AI-driven sourcing and screening with structured human evaluation focused on skills, collaboration, and team fit. Models should be regularly audited for bias and relevance, and hiring criteria updated rather than copied from past data. Most importantly, recruiters and hiring managers must stay accountable for final decisions, ensuring AI enhances judgment instead of replacing it.		I’d want greater transparency in how candidates are ranked, with clear explanations rather than black-box scores. Better bias detection and alerts would help challenge flawed shortlists instead of reinforcing them. I’d also like tools that assess skills and project relevance more than background labels, and dashboards that link hiring decisions to actual team performance outcomes, so the system learns from results rather than just past hiring data.

		HR Professional / Recruiter		United Kingdom		Non project-based		Yes		PredictiveAI		1		4		3		Helps to find good resources and effective 		Yes		Occasionally		No		4		3		5		Yes		Yes		Sometimes		4		3		AI has streamlined sourcing, screening, and scheduling, improving speed and consistency. It has enabled more data-driven hiring decisions and better candidate matching.		Bias in algorithms and lack of transparency in decision-making.
Over-reliance on AI at the expense of human judgment.		Use AI as a decision-support tool, not a decision-maker.
Continuously audit models for bias and accuracy.		Better explainability of AI recommendations. Stronger bias detection, fairness metrics, and integration with human feedback.

		HR Professional / Recruiter		United Kingdom		Non project-based		Yes		Resume Screening & Candidate Matching
Automatically parse and evaluate resumes, match candidates to job descriptions, and shortlist high-potential applicants — saving recruiters hours of manual review.		2		3		3		Yes it helps to find candidate as per job requirements 		Yes		Occasionally		No		2		3		3		Yes		Yes		Sometimes		2		4		AI has made recruitment faster by automating resume screening and initial shortlisting. It helps recruiters focus more on quality interactions rather than manual filtering.		The biggest risk is relying too much on AI decisions without human validation. AI may overlook good candidates due to limited data or biased algorithms.		Use AI as a support tool, not a final decision maker, and always include human review. Regularly audit AI outcomes to ensure fairness and accuracy.		Better skill-based assessment instead of keyword matching and improved bias detection. More transparency on how AI ranks and selects candidates would also help.













Data Analysis

		Country distribution										Organization type								Org. Type		Count		Mean		SD

		Country 		Count		Percentage (%)						Type		Count		Percentage (%)				Project-Based		29		4		1.16

		US		10		21.28						Project-based		29		61.70				Non Project-Based		18		3.72		0.89

		UK 		10		21.28						Non project-based		18		38.30				Difference				0.28

		India		8		17.02

		Others		19		40.43

		Role distribution										AI adoption status

		Role 		Count		Percentage(%)						Response		Count		Percentage (%)

		HR Professional / Recruiter		23		48.94						Yes		29		61.70

		Project/Program Managers		12		25.53						No		12		25.53

		Others/Blank		11		23.40						Maybe		6		12.77

		AI Tool Types Analysis

		Tool Type		Count		Percentage(%)

		Resume Screening		19		65.52

		Chatbot Interviews		9		31.03

		Predictive Analytics		8		27.59

		ChatGPT/AI Assistants		6		20.69

																Variable 		Count		Mean		SD

																AI Effectiveness (matching candidates)		47		3.6		0.9

		Means & SDs for All Likert Scales (1-5)														AI Adopters		29		4.03		0.9

		Variable		Count		Mean		SD								Non-Adopters 		12		3.45		0.9

		AI Effectiveness (G)		47		3.6		0.9								Team Formation Speed		46		3.9		0.9

		Team Formation Speed (H)		46		3.9		0.9								Project Outcomes Overall		43		3.7		0.8

		Project Outcomes (M)		43		3.7		0.8								Team Performance Satisfaction		45		3.6		0.9

		Team Performance Satisfaction (N)		45		3.6		0.9								Candidate Perception of AI		45		3.7		1

		Candidate Perception (O)		45		3.7		1.0								Recruitment Outcomes Difference		44		3.8		0.7

		Recruitment Outcomes Difference (S)		44		3.8		0.7								Overall Satisfaction with AI Approach		43		3.8		0.9

		Overall Satisfaction (T)		43		3.8		0.9

		AI Adoption by Country

		Country		Yes		No		Maybe		Total

		US		6		4		0		10

		UK		10		0		0		10

		India		6		1		1		8

		Others		7		7		5		19

		AI Adoption by Organization Type

		Org. Type		Yes		No		Maybe		Total

		Project-based		19		8		2		29

		Non project-based		10		3		4		17

		Bias Observations Frequency

		Frequency		Count		Percentage(%)

		Occasionally		15		51.72				58.62

		Frequently		2		6.90

		Rarely / Never		12		41.38

		Training Provided

		Response		Count		Percentage(%)

		Yes		29		63.04

		No		12		26.09

		Maybe		5		10.87

		AI Effectiveness

		Status		Count		Mean

		Adopters (Yes)		29		4.03

		Non-Adopters (No)		12		3.45

		Characteristic 		Count		Percent (%)

		Role:

		HR Professional / Recruiter		23		48.94

		Project/Program Managers		12		25.53

		Others/Blank		11		23.40

		Country:

		US		10		21.28

		UK 		10		21.28

		India		8		17.02

		Others		19		40.43

		Organisation Type:

		Project-based		29		61.70

		Non project-based		18		38.30

		AI Adoption Status:

		Yes		29		61.70

		No		12		25.53

		Maybe		6		12.77

				Training: Yes		Training: No/Maybe		Total

		Observed Bias: Yes (Occ/Freq)		15		10		25

		Observed Bias: No (Rarely/Never)		14		6		20

		Total		29		16		45





Q1

		Which AI tools are currently being used?														Theme Code		Theme Name		Definition

		Response ID		Role		Answer		Theme Code								RESUME-SCREEN		Resume/CV Screening		AI that scans, parses, and evaluates resumes/CVs

		R02		Project Manager		Predictive analytics. I haven't used it at all.		PREDICT-ANALYTICS								CHATBOT		Chatbot/Conversational AI		AI chatbots for candidate Q&A, initial screening

		R06		Project Manager		Analytics		PREDICT-ANALYTICS								PREDICT-ANALYTICS		Predictive Analytics		AI that predicts candidate performance, attrition, fit

		R07		Project Manager		assa		NONE								GENERAL-AI		General AI Tools		ChatGPT, Gemini, Copilot (multi-purpose)

		R08		Others		analytics		PREDICT-ANALYTICS								INTERVIEW-PREP		Interview Preparation		AI for interview scheduling, question prep

		R09		Project Manager		chat bots		CHATBOT								MATCHING		Candidate Matching/Sourcing		AI that matches candidates to roles

		R10		Others		Chatbot Interviews - AI chatbots are used to conduct initial candidate interactions through text- or voice-based conversations. They handle tasks such as answering candidate queries, collecting basic information, and performing preliminary assessments before human interviews.		CHATBOT								VIDEO-ANALYSIS		Video Interview Analysis		AI analyzing speech/behavior in video interviews

		R14		Others		Chat bot		CHATBOT								NONE		No AI Tools Used		Organization doesn't use AI tools

		R16		HR Professional		Resume screening, Scheduling Interviews preps, Conducting Skill based short test.		RESUME-SCREEN, INTERVIEW-PREP

		R17		HR Professional		Candidate Sourcing and screening, Interviews preps, Automation for admin work.		RESUME-SCREEN, INTERVIEW-PREP, MATCHING

		R19		Project Manager		Chatbot interviews - Paradox Olivia or Humanly.io handle initial candidate QA and scheduling.		CHATBOT

		R24		Others		Chat GPT		GENERAL-AI								Theme Code		Description		Count		Percent (%)

		R29		HR Professional		Resume screening, creating personalised summary related to job		RESUME-SCREEN								Resume/CV Screening		Automated CV parsing, screening		18		54.55

		R30		HR Professional		Resume screening, interview preparation		RESUME-SCREEN, INTERVIEW-PREP								Chatbot Interviews		Conversational AI for initial screening		12		36.36

		R31		Project Manager		Resume screening, Chat Bots		RESUME-SCREEN, CHATBOT								Predictive Analytics		AI predicting candidate fit/performance		8		24.24

		R32		Project Manager		Chat bot interviews		CHATBOT								General AI Tools		ChatGPT, Gemini, Copilot		6		18.18

		R33		Others		Resume screening		RESUME-SCREEN								Interview Preparation		AI for scheduling, question prep		5		15.15

		R34		Project Manager		Resume screening		RESUME-SCREEN								Candidate Matching		AI matching candidates to roles		3		9.09

		R35		Others		Chatbot		CHATBOT								Video Interview Analysis		AI analysing recorded interviews		1		3.03

		R36		Others		We primarily use AI for resume screening and predictive analytics.		RESUME-SCREEN, PREDICT-ANALYTICS								No Specific Tools		AI adoption without specified tools		1		3.03

		R37		HR Professional		Copilot and chatgpt		GENERAL-AI

		R38		HR Professional		ChatGpt, HireGPT		GENERAL-AI

		R39		HR Professional		AI isn't just one toolâ€”it's a suite of capabilities used across the hiring funnel, from sourcing and screening to candidate engagement, interview automation, analytics, and even HR workflow support.		RESUME-SCREEN, CHATBOT, PREDICT-ANALYTICS, INTERVIEW-PREP								Theme Code		Count		Percent (%)

		R40		HR Professional		Resume Screening and ChatBot Interviews		RESUME-SCREEN, CHATBOT								Resume/CV Screening		18		54.55

		R41		HR Professional		AI tools currently used: Resume screening - AI scans CVs to shortlist best-matched candidates. Chat-bot interviews - Bots conduct initial screening and schedule interviews. Predictive analytics - AI predicts candidate performance and attrition risk. Video interview analysis - Analyses speech and behaviour in recorded interviews. Job/candidate matching - Matches skills to roles beyond keyword search.		RESUME-SCREEN, CHATBOT, PREDICT-ANALYTICS, VIDEO-ANALYSIS, MATCHING								Chatbot Interviews		12		36.36

		R42		HR Professional		Ceipal Resume Screening		RESUME-SCREEN								Predictive Analytics		8		24.24

		R43		HR Professional		We use ChatGPT and Gemini for resume analysis and improvement. These tools help with resume screening, content enhancement, keyword optimization, and generating suggestions for better formatting and clarity.		GENERAL-AI, RESUME-SCREEN								General AI (ChatGPT/Gemini)		6		18.18

		R44		HR Professional		I personally use Chatgpt and Copilot to compare resumes.		GENERAL-AI, RESUME-SCREEN								Interview Preparation		5		15.15

		R45		HR Professional		ChatGPT		GENERAL-AI								Candidate Matching		3		9.09

		R46		HR Professional		For screening, bot interview		RESUME-SCREEN, CHATBOT								Video Interview Analysis		1		3.03

		R47		HR Professional		predictive analytics, screening, interview prep		PREDICT-ANALYTICS, RESUME-SCREEN, INTERVIEW-PREP								No Specific Tools		1		3.03

		R48		HR Professional		Chatbots that ask basic questions, gather info, and schedule interviews; screening & ranking resumes		CHATBOT, RESUME-SCREEN

		R50		HR Professional		PredictiveAI		PREDICT-ANALYTICS

		R51		HR Professional		Resume Screening, Candidate Matching - Automatically parse and evaluate resumes, match candidates to job descriptions, and shortlist high-potential applicants		RESUME-SCREEN, MATCHING





Q2

		Has AI improved the overall quality of recruited project teams?						Theme Code								Theme Code		Theme Name		Definition

		Response ID		Role		Answer		Primary Theme		Secondary Theme						IMP-SPEED		Improved Speed/Efficiency		AI made recruitment/team formation faster or more efficient

		R02		Project Manager		I felt I had improved a little.		MIXED		-						IMP-MATCH		Better Skills Matching		AI improved matching candidates to job/project requirements

		R09		Project Manager		Baseline competence and fit. AI screening tools are good at: Matching skills to project requirements, Filtering out clear mismatches early, Reducing noise in large applicant pools		IMP-MATCH		IMP-SPEED						IMP-QUALITY		Improved Quality (General)		General positive response about quality improvement

		R16		HR Professional		Based on skills criteria, quality has improved. But it doesn't guarantee success of overall team.		IMP-QUALITY		HUMAN-NEEDED						HUMAN-NEEDED		Requires Human Judgment		AI helps but final decisions need human involvement

		R17		HR Professional		It has improved a lot from traditional recruitment to recruitment with AI.		IMP-QUALITY		-						MIXED		Mixed/Qualified Yes		Hedged responses like "kind of", "not by much", "improving steadily"

		R19		Project Manager		Yes. AI has noticeably improved the overall quality of recruited project teams in several ways: Better candidate matching - AI tools analyze skills, experience, and even soft skills, ensuring candidates fit both the role and the team dynamics. Faster identification of top talent - Automated screening and predictive analytics surface the strongest candidates quickly, reducing the risk of overlooking high-potential hires. Data-driven decisions - AI provides insights into past hiring patterns and project success, helping recruiters select candidates most likely to excel.		IMP-MATCH		DATA-DRIVEN						DATA-DRIVEN		More Data-Driven Decisions		AI enables evidence-based hiring decisions

		R24		Others		It has improved it especially useful for helping with time management and planning.		IMP-SPEED		-						NO-CHANGE		No/Minimal Improvement		AI hasn't dramatically improved quality

		R29		HR Professional		Yes, more efficient and objective		IMP-SPEED		DATA-DRIVEN						PARADOX		Paradoxical Effect		AI both helps and harms (e.g., streamlines but homogenizes)

		R30		HR Professional		Yes		IMP-QUALITY		-

		R31		Project Manager		Yes, has allowed us to select top tier candidates		IMP-QUALITY		-

		R32		Project Manager		Kind of, processes are faster		MIXED		IMP-SPEED

		R33		Others		In my experience, AI has paradoxically streamlined the search for candidates while sometimes homogenizing teams, filtering out unconventional talent that drives breakthrough innovation.		PARADOX		-						Theme Code		Count		Percentage(%)

		R34		Project Manager		kind of		MIXED		-						IMP-SPEED		10		38.46

		R35		Others		Not by much, increased speed.		NO-CHANGE		IMP-SPEED						IMP-MATCH		4		15.38

		R36		Others		Definitely yes - especially on diversity and skills fit.		IMP-QUALITY		IMP-MATCH						IMP-QUALITY		10		38.46

		R37		HR Professional		Yes.		IMP-QUALITY		-						HUMAN-NEEDED		6		23.08

		R38		HR Professional		Yes		IMP-QUALITY		-						MIXED		4		15.38

		R39		HR Professional		AI improves project team quality by making hiring smarter and faster - but the final quality still depends on human decision-making.		IMP-SPEED		HUMAN-NEEDED						DATA-DRIVEN		2		7.69

		R40		HR Professional		Yes, AI has improved the quality of recruited project teams by making hiring more accurate, faster, and less biased. It helps match the right skills to project needs, resulting in more productive and better-aligned teams.		IMP-QUALITY		IMP-SPEED						NO-CHANGE		2		7.69

		R41		HR Professional		Yes. AI has improved team quality by speeding up shortlisting, reducing basic hiring errors, and improving skill/role matching. However, it works best when combined with human judgement, not alone.		IMP-QUALITY		HUMAN-NEEDED						PARADOX		1		3.85

		R42		HR Professional		Yes, AI has improved the overall quality of the recruitment process, especially in terms of screening and shortlisting candidates. It helps analyse resumes quickly, match skills with job requirements, and reduce manual effort, which makes the process more efficient. However, AI alone cannot fully guarantee that the selected person will be the right fit for the project team. Resumes may look strong on paper, but qualities like attitude, communication, and problem-solving ability still require human judgment. Therefore, AI is a valuable support tool, but it needs further improvement and should be combined with human evaluation to find truly suitable candidates.		IMP-SPEED		HUMAN-NEEDED

		R43		HR Professional		Yes, process has become faster and more effective		IMP-SPEED		HUMAN-NEEDED						Theme 		Description		Count		Percent (%)

		R44		HR Professional		Not directly but using AI has indirectly saved my time and had given me more time to work on other things, still 60% of my recruitment is human done.		IMP-SPEED		HUMAN-NEEDED						Improved Speed/Efficiency		Faster hiring, reduced time		10		38.46

		R47		HR Professional		Not significantly yet, but it is improving steadily, and I expect more proficient results in the future.		MIXED		-						Improved Quality (General)		General quality claims		10		38.46

		R48		HR Professional		In practice, AI has not dramatically improved the overall quality of recruited project teams. Its impact is mostly operational, not strategic. AI has improved efficiencyâ€”by speeding up sourcing, filtering large applicant pools, and reducing manual screeningâ€”but it has not fundamentally changed who gets hired or how well teams perform.		NO-CHANGE		-						Better Skills Matching		AI matches candidates to requirements		4		15.38

		R50		HR Professional		Helps to find good resources and effective		IMP-QUALITY		-						Requires Human Judgment		AI helps but humans decide		6		23.08

		R51		HR Professional		Yes it helps to find candidate as per job requirements		IMP-MATCH		-						Mixed/Qualified Response		Hedged or uncertain assessments		4		15.38

																Data-Driven Decisions		More evidence-based hiring		2		7.69

																Minimal/No Improvement		Limited strategic impact		2		7.69

																Paradoxical Effect		Efficiency vs diversity trade-off		1		3.85





Q3

		Does AI contribute to a more diverse team composition?

		Response ID		Role		Answer

		R42		HR Professional		AI has the potential to contribute to a more diverse team composition because it can reduce human bias during the initial screening process and focus on skills and qualifications rather than personal background. When designed properly, AI tools can help identify candidates from different cultures, genders, and experiences who might otherwise be overlooked.





Q4

		How did recruitment outcomes (team fit, speed, diversity) differ before and after the adoption of AI tools?												Likert Scale Analysis

		Response ID		Role		Answer								Responses		Count		%

		R02		Project Manager		It summarizes key points faster than manual methods and provides significant assistance.								1 - Strongly Disagree		0		0

		R06		Project Manager		Positively, things can be done a lot quicker								2 - Disagree		1		2.2727272727

		R07		Project Manager		assa								3 - Neutral		14		31.8181818182

		R08		Others		better analytics								4 - Agree		22		50

		R31		Project Manager		Yes								5 - Strongly Agree		7		15.9090909091

		R33		Others		Yes, It has.								Total		44

		R34		Project Manager		kind of								Mean		3.8

		R38		HR Professional		Yes								SD		0.73





Q5

		How has AI influenced the overall recruitment strategy within your organization?						Theme 										Theme Code		Theme Name		Definition

		Response ID		Role		Answer		Primary Theme		Secondary Theme								DATA-DRIVEN		More Data-Driven Strategy		AI has made recruitment more evidence-based and analytical

		R10		Others		AI has streamlined our recruitment process by automating initial screening and candidate communication, allowing recruiters to focus on strategic decision-making and candidate experience.		AUTO-SCREEN		STRAT-SHIFT								FASTER-EFF		Faster/More Efficient		AI has accelerated recruitment processes and improved efficiency

		R14		Others		Better		FASTER-EFF		-								AUTO-SCREEN		Automated Screening		AI automates initial screening and candidate filtering

		R16		HR Professional		It helped me to streamline candidates for screening which ultimately reduced hiring time and improved efficiency		FASTER-EFF		AUTO-SCREEN								BETTER-MATCH		Better Candidate Matching		AI improves matching candidates to roles/requirements

		R17		HR Professional		AI has enabled data driven decisions making and better matching of candidates to roles		DATA-DRIVEN		BETTER-MATCH								STRAT-SHIFT		Operational to Strategic Shift		AI shifted recruitment from tactical to strategic function

		R19		Project Manager		AI has made our recruitment strategy more data-driven and efficient, enabling faster candidate screening, smarter matching, and better workforce planning while improving the overall candidate experience.		DATA-DRIVEN		FASTER-EFF								FOCUS-SHIFT		Changed Recruiter Focus		AI freed recruiters to focus on higher-value activities

		R24		Others		Quite useful, but we don't use it all the time.		LIMITED-IMPACT		-								HUMAN-CENTRAL		Human Judgment Still Central		AI assists but final decisions remain human-driven

		R29		HR Professional		data-driven, faster, and more scalable		DATA-DRIVEN		FASTER-EFF								TIME-SAVE		Time Savings		AI reduced time spent on administrative tasks

		R30		HR Professional		improving screening accuracy, reducing time-to-hire, and enabling better workforce planning		FASTER-EFF		DATA-DRIVEN								LIMITED-IMPACT		Limited/No Major Impact		AI hasn't fundamentally changed strategy

		R31		Project Manager		Yes		FASTER-EFF		-

		R32		Project Manager		Its easier and faster to create work recommendations		FASTER-EFF		-

		R33		Others		AI has shifted our recruitment strategy from a broad outreach model to a highly targeted, data-driven talent acquisition system.		DATA-DRIVEN		BETTER-MATCH								Theme Code		Count		Percentage(%)

		R34		Project Manager		kind of		LIMITED-IMPACT		-								FASTER-EFF		15		57.69

		R35		Others		Drastically taken the humanity out of the equation, made it ruthless		NEGATIVE		-								DATA-DRIVEN		10		38.46

		R36		Others		AI has shifted our strategy from reactive, high-volume screening to proactive, skills-first, and data-driven talent planning.		DATA-DRIVEN		STRAT-SHIFT								AUTO-SCREEN		6		23.08

		R37		HR Professional		Yes		FASTER-EFF		-								STRAT-SHIFT		3		11.54

		R38		HR Professional		Yes, It has.		FASTER-EFF		-								BETTER-MATCH		2		7.69

		R39		HR Professional		AI has transformed recruitment from an operational function into a strategic capability. It has enabled smarter planning, faster execution, better candidate engagement, and higher-quality hiring outcomesâ€”while reinforcing the importance of human judgment.		STRAT-SHIFT		FASTER-EFF								LIMITED-IMPACT		2		7.69

		R40		HR Professional		AI has made recruitment more efficient and strategic by improving candidate screening, reducing bias, and helping us hire faster with better role-fit, leading to stronger teams and improved hiring outcomes.		FASTER-EFF		DATA-DRIVEN								FOCUS-SHIFT		1		3.85

		R41		HR Professional		AI has made recruitment more data-driven and faster by automating screening, improving candidate targeting, and enabling better workforce planning, while shifting recruiters' focus from admin tasks to strategic decision-making.		DATA-DRIVEN		FOCUS-SHIFT								HUMAN-CENTRAL		1		3.85

		R42		HR Professional		AI has made our recruitment strategy faster and more data-driven by automating resume screening, skill matching, and candidate shortlisting. It has reduced manual effort for recruiters and helped identify relevant talent more efficiently, allowing teams to focus on interviews and cultural fit.		DATA-DRIVEN		AUTO-SCREEN								TIME-SAVE		1		3.85

		R43		HR Professional		AI has streamlined recruitment by automating screening, improving candidate matching, reducing time-to-hire		AUTO-SCREEN		FASTER-EFF

		R44		HR Professional		As said before, it has given me more time by decreasing the amount of time in resumes comparison		TIME-SAVE		-								Theme Code		Definition		Count		Percentage(%)

		R47		HR Professional		AI has influenced our recruitment strategy by streamlining many tasks throughout the recruitment lifecycle, particularly by automating the initial screening and early-stage processes before candidate engagement.		AUTO-SCREEN		-								Faster/More Efficient		Accelerated processes, reduced time		15		57.69

		R48		HR Professional		AI hasn't changed our recruitment strategy itself, but it has improved how we run it. It speeds up sourcing and screening and reduces manual work, while final decisions and overall direction still rely on human judgment.		FASTER-EFF		HUMAN-CENTRAL								Data-Driven Strategy		Evidence-based, analytical approach		10		38.46

		R50		HR Professional		AI has streamlined sourcing, screening, and scheduling, improving speed and consistency. It has enabled more data-driven hiring decisions and better candidate matching.		FASTER-EFF		DATA-DRIVEN								Automated Screening		Automation of initial filtering		6		23.08

		R51		HR Professional		AI has made recruitment faster by automating resume screening and initial shortlisting. It helps recruiters focus more on quality interactions rather than manual filtering.		FASTER-EFF		AUTO-SCREEN								Operational-Strategic Shift		From tactical to strategic function		3		11.54

																		Better Candidate Matching		Improved role-candidate alignment		2		7.69

																		Limited Strategic Impact		Operational not strategic change		2		7.69

																		Changed Recruiter Focus		Freed time for higher-value work		1		3.85

																		Human Judgment Central 		AI assists, humans decide		1		3.85

																		Time Savings		Administrative time reduction		1		3.85





Q6

		What do you see as the biggest challenge or risk in using AI for recruitment?						Theme										Theme Code		Theme Name		Definition

		Response ID		Role		Answer		Primary Theme		Secondary Theme								BIAS		Algorithmic Bias & Discrimination		AI perpetuates or amplifies existing biases from training data; fairness concerns; discrimination risks

		R02		Project Manager		I think the problem is that AI lacks any sense of sensitivity whatsoever.		SOFT-SKILLS		-								TRANSP		Lack of Transparency (Black Box)		Inability to explain AI decisions; opaque decision-making processes; "black box" problem

		R06		Project Manager		People abusing it		MISUSE		-								OVER-REL		Over-Reliance on AI		Excessive dependence on AI reducing human judgment and critical thinking

		R08		Others		bias, bad info in, bad info out, system is only as good as input		DATA-Q		BIAS								SOFT-SKILLS		Missing Soft Skills Assessment		AI cannot evaluate personality, communication, attitude, cultural fit, interpersonal skills

		R09		Project Manager		Loss of human accountability		ACCOUNT		-								MISS-CAND		Missing Qualified Candidates		AI overlooks good candidates due to rigid criteria or algorithmic errors

		R10		Others		The biggest risk is potential bias in AI algorithms, which may unintentionally disadvantage certain groups if the training data is not diverse or well-designed.		BIAS		-								DATA-Q		Data Quality Issues		"Garbage in, garbage out" - poor input data leads to poor outputs; data dependency

		R13		Project Manager		Cultural challenges		CULTURE		-								MISUSE		Misuse/Abuse of Technology		People exploiting or misusing AI tools inappropriately

		R14		Others		Bias		BIAS		-								ACCOUNT		Loss of Human Accountability		Reduced responsibility; AI becomes a scapegoat for poor decisions

		R15		Others		Losing good candidates		MISS-CAND		-								CULTURE		Cultural Challenges		Cultural resistance or adaptation issues

		R16		HR Professional		Risk of bias if they trained on biased historical data.		BIAS		DATA-Q								JOBS		Job Displacement		Concerns about reduced workforce/employment

		R17		HR Professional		Over reliance on AI may reduce human judgment and instincts.		OVER-REL		-								NONE		No Concerns Identified		Respondent sees no significant challenges

		R19		Project Manager		The biggest challenge is bias and fairness—AI can unintentionally replicate existing prejudices in hiring data, so ensuring transparency and ethical use is critical.		BIAS		TRANSP

		R24		Others		Bias/discrimination.		BIAS		-

		R29		HR Professional		bias and lack of transparency		BIAS		TRANSP								Theme Code		Count		Percentage(%)

		R30		HR Professional		may also overlook soft skills, cultural fit, or unique candidate potential that are better assessed through human judgment.		SOFT-SKILLS		OVER-REL								BIAS		16		48.48

		R31		Project Manager		Algorithmic scores can appear neutral and scientific, discouraging human scrutiny.		ACCOUNT		TRANSP								TRANSP		8		24.24

		R32		Project Manager		It doesn't examine the personality traits of a person		SOFT-SKILLS		-								OVER-REL		6		18.18

		R33		Others		The biggest risk is the AI reinforcing historical hiring biases present in its training data, leading to a less diverse workforce.		BIAS		-								SOFT-SKILLS		4		12.12

		R34		Project Manager		miss use		MISUSE		-								MISS-CAND		3		9.09

		R35		Others		Bias, overlooking.		BIAS		MISS-CAND								DATA-Q		2		6.06

		R36		Others		Bias amplification and the black box problem - hard to explain or defend decisions.		BIAS		TRANSP								MISUSE		2		6.06

		R38		HR Professional		Nothing as of now		NONE		-								ACCOUNT		2		6.06

		R39		HR Professional		The biggest challenge is the risk of bias and lack of transparency in AI decisions, which can affect fairness and trust in the recruitment process.		BIAS		TRANSP								CULTURE		1		3.03

		R40		HR Professional		The biggest challenge is the risk of bias and lack of transparency in AI decisions, which can affect fairness and trust in the recruitment process.		BIAS		TRANSP								JOBS		1		3.03

		R41		HR Professional		If an AI is trained on data from a company that historically hired mostly one demographic, the model may learn to penalize resumes containing keywords associated with underrepresented groups—even if those keywords are unrelated to job performance. The most significant risk is the perpetuation of systemic bias. Because AI models learn from historical hiring data, they often inherit and scale the human prejudices found in that data.		BIAS		TRANSP								NONE		1		3.03

		R42		HR Professional		The biggest challenge is over-reliance on AI outputs. While AI is effective for filtering resumes, it cannot fully assess communication skills, attitude, or real problem-solving ability, which may lead to missing strong candidates.		OVER-REL		SOFT-SKILLS

		R43		HR Professional		Bias and lack of transparency—AI can unintentionally reinforce existing biases and make decisions that are hard to explain or audit.		BIAS		TRANSP								Theme		Description		Count		Percent (%)

		R44		HR Professional		It is not accurate every time, it still leaves some important resumes and it gives responses as preferred by different users.		MISS-CAND		-								Algorithmic Bias		AI replicates historical prejudices; systemic bias in training data		16		48.48

		R45		HR Professional		Less workforce if more adopted		JOBS		-								Lack of Transparency		"Black box" problem; decisions hard to explain		8		24.24

		R47		HR Professional		One of the main risks of using AI in recruitment is that resume screening tools may overlook highly qualified candidates because of algorithmic errors or rigid criteria. This needs to be monitored regularly.		MISS-CAND		-								Over-Reliance on AI		Excessive trust reduces human judgment		6		18.18

		R48		HR Professional		The biggest risk is false objectivity. Organizations start trusting AI outputs as neutral and accurate, when in reality the systems are trained on biased historical data and limited criteria. That can quietly reinforce existing hiring patterns, filter out unconventional but capable candidates, and reduce diversity—while giving decision-makers a false sense of confidence. On top of that, over-reliance on AI can weaken human judgment and accountability in hiring decisions.		BIAS		OVER-REL								Cannot Assess Soft Skills		AI unable to evaluate personality, interpersonal fit		4		12.12

		R49		HR Professional		(Likely blank or "Jsjsjdd" - unclear)		UNCLEAR/SKIP		-								Missing Qualified Candidates		Rigid criteria overlook good candidates		3		9.09

		R50		HR Professional		Bias in algorithms and lack of transparency in decision-making. Over-reliance on AI at the expense of human judgment.		BIAS		OVER-REL								Data Quality Issues 		"Bad info in, bad info out"; system quality issues		2		6.06

		R51		HR Professional		The biggest risk is relying too much on AI decisions without human validation. AI may overlook good candidates due to limited data or biased algorithms.		OVER-REL		MISS-CAND								Misuse/Abuse		Inappropriate use of AI tools		2		6.06

																		Loss of Accountability		Reduced human responsibility		2		6.06

																		Cultural Challenges		Cultural resistance or adaptation		1		3.03

																		Job Displacement		Workforce reduction concerns		1		3.03

																		No Concerns		No challenges identified		1		3.03

																		Challenge		Percent (%)

																		Algorithmic Bias		48.48

																		Lack of Transparency		24.24

																		Over-Reliance on AI		18.18

																		Cannot Assess Soft Skills		12.12

																		Missing Qualified Candidates		3.09



Top Five Challenges in AI Recruitment (n=33)



Percent (%)	Algorithmic Bias	Lack of Transparency	Over-Reliance on AI	Cannot Assess Soft Skills	Missing Qualified Candidates	48.48	24.24	18.18	12.12	3.09	







Q7

		What best practice would you recommend for organizations leveraging AI to build effective teams?						Theme						Theme Code		Theme Name		Definition

		Response ID		Role		Answer Summary		Primary Theme		Secondary Theme				HUMAN-LOOP		Keep Humans in the Loop		Maintain human involvement in final decisions; human-AI collaboration

		R02		PM		"manage employee capabilities"		TRAINING		-				SUPPORT-TOOL		Use AI as Support Tool, Not Replacement		AI should assist, not make final decisions

		R06		PM		"Don't know"		UNCLEAR		-				AUDIT-BIAS		Regular Bias Auditing		Continuously monitor and audit AI for bias and fairness

		R08		Others		"run blind recruitment teams, compare AI vs human"		HYBRID		MONITOR				TRANSPARENCY		Ensure Transparency/Explainability		Make AI decisions understandable and explainable

		R09		PM		"Use AI to inform, not decide"		SUPPORT-TOOL		HUMAN-LOOP				TRAINING		Provide Training to Staff		Train recruiters/staff on using AI tools effectively

		R10		Others		"combine AI-driven insights with human judgment"		HYBRID		HUMAN-LOOP				MONITOR		Continuous Monitoring		Ongoing oversight and evaluation of AI performance

		R16		HR		"Regularly audit AI to ensure transparency and alignment with team goals"		AUDIT-BIAS		TRANSPARENCY				HYBRID		Hybrid Approach (AI + Human)		Combine AI efficiency with human judgment

		R17		HR		"Use of AI as a support tool while keeping human judgment central"		SUPPORT-TOOL		HUMAN-LOOP				TEAM-OUTCOMES		Focus on Team-Level Outcomes		Design AI around team effectiveness, not just individual scores

		R19		PM		"combine AI insights with human judgment"		HYBRID		HUMAN-LOOP				WISE-USE		Use Wisely/Carefully		General advice to use AI thoughtfully

		R29		HR		"decision-support tool"		SUPPORT-TOOL		-

		R30		HR		"Clear guidelines, continuous monitoring, and training recruiters"		MONITOR		TRAINING

		R31		PM		"Design AI Around Team Outcomes, Not Individual Scores"		TEAM-OUTCOMES		-				Theme Code		Count		Percentage(%)

		R33		Others		"use AI as an augmentation tool for human recruiters, not a replacement"		SUPPORT-TOOL		HUMAN-LOOP				HUMAN-LOOP		8		30.77

		R34		PM		"be wise with it"		WISE-USE		-				SUPPORT-TOOL		11		42.31

		R37		HR		"Use it wisely"		WISE-USE		-				AUDIT-BIAS		7		26.92

		R38		HR		"Yes"		UNCLEAR		-				TRANSPARENCY		1		3.85

		R39		HR		"Keep humans in the loop. Regularly audit. Use explainable AI. Be transparent. Train recruiters to challenge AI outputs"		HUMAN-LOOP		AUDIT-BIAS				TRAINING		4		15.38

		R40		HR		"Use AI as a support tool not a replacement and regularly review its decisions"		SUPPORT-TOOL		AUDIT-BIAS				MONITOR		3		11.54

		R41		HR		"The most effective organizations use AI to inform better human decisions—not to automate judgment"		HUMAN-LOOP		SUPPORT-TOOL				HYBRID		3		11.54

		R42		HR		"AI should be used as a support tool, not a decision maker. Combining AI screening with human evaluation, regular bias audits"		SUPPORT-TOOL		AUDIT-BIAS				TEAM-OUTCOMES		1		3.85

		R43		HR		"Adopt human-in-the-loop AI combine AI insights with human judgment, clear accountability, and continuous upskilling"		HUMAN-LOOP		TRAINING				WISE-USE		2		7.69

		R44		HR		"By focusing on Learning and development"		TRAINING		-

		R45		HR		"Should go with premium version"		UNCLEAR		-				Theme		Description		Count		Percent (%)

		R47		HR		"use AI as a support tool rather than a replacement for human judgment, ensuring regular review"		SUPPORT-TOOL		MONITOR				Use as Support Tool 		AI assists, humans decide; not a replacement		11		42.31

		R48		HR		"use AI as a decision-support tool, not a decision-maker. Combine AI-driven sourcing and screening with structured human evaluation. Regularly audit. Stay accountable"		SUPPORT-TOOL		AUDIT-BIAS				Keep Humans in Loop		Human involvement in final decisions		8		30.77

		R50		HR		"Use AI as a decision-support tool, not a decision-maker. Continuously audit models for bias and accuracy"		SUPPORT-TOOL		AUDIT-BIAS				Regular Bias Auditing		Continuous monitoring for fairness		7		26.92

		R51		HR		"Use AI as a support tool, not a final decision maker, and always include human review. Regularly audit"		SUPPORT-TOOL		AUDIT-BIAS				Provide Training		Train staff on AI tool use		4		15.38

														Continuous Monitoring		Ongoing oversight of AI performance		3		11.54

														Hybrid AI-Human Approach		Combine AI efficiency with human judgment		3		11.54

														Ensure Transparency		Make AI decisions explainable		1		3.85

								S						Focus on Team Outcomes 		Design around team effectiveness		1		3.85

														Use Wisely/Carefully		General cautious approach advice		2		7.69
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