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Abstract
This dissertation explores the potential of artificial intelligence (AI) tools to understand its performance compared to human recruiters in recruitment and selection (R&S) processes and its impact on effectiveness and fairness within the context of higher education. While there is growing marketing and adoption of AI-based hiring tools by employers, the evidence presented on the use of AI in hiring is scattered among disciplines and focused in 
the corporate context with little attention to the unique context of the academic workforce. The study is organised in a PRISMA-informed approach, which categorises the sixty-three peer-reviewed studies under four analytical themes: theoretical and conceptual foundations, empirical findings, emerging debates and research gaps. The synthesis concludes that the role of AI is real but limited and depends on the stage: The impact is more pronounced in high-volume, structured screening stages, and less in the judgement-intensive final selection stage, as is characteristic of academic appointment. The key driver is the expected efficiency and competitive pressure, not actual performance, and algorithmic bias will be an ongoing issue that is creeping into newer generative tools and is not a technical problem. Candidates also regularly see a selection process through AI as a less fair process compared to a human selection process. Perhaps most importantly, there is a lack of evidence within the HE context, and what is currently known is derived from other settings that do not mirror HE settings. The study is the first time that the literature on the use of AI in higher education recruitment has been synthesised sector-wise and offers a stage-differentiated and human-in-the-loop framework for the use of AI in HE recruitment, combining technology acceptance, RBV and organisational justice. It concludes that it is not all-or-nothing automation, or mass refusal, but an ordered division of labour which recognizes efficiency when the task allows for it, and which safeguards accountable human judgement when academic merit, fairness and legitimacy requires it.
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[bookmark: _Toc241164548]Chapter One: Introduction
[bookmark: _Toc241164549]Background of the research topic 
Artificial Intelligence or AI is now quickly making its way from the fringes to the mainstream of the recruitment and selection process in organisations. In this new age of recruitment and selection (R&S), AI-powered tools like automated CV screening, chatbots for candidate engagement, algorithmic shortlisting, and video interview analysis are playing a more significant role (Ore and Sposato, 2022; Black and van Esch, 2020). These tools are usually marketed as facilitating faster, less costly and more reliable hiring decisions, and their use in the private sector has significantly increased in the last 10 years (Vrontis et al., 2022; Chowdhury et al., 2022). There is systematical evidence that AI and advanced technologies are transforming HRM core functions such as sourcing, screening, workforce planning & performance management (Vrontis et al., 2022).
Higher education (HE) institutions are not an exception. Universities are increasingly under pressure to employ academic and professional staff effectively in the context of both a limited budget and an increase in the number of applicants to the profession and increased public attention on equality of opportunity, diversity and fairness in employment. The opportunities and risks outlined in mainstream HRM can, in principle, be applied to the academic context, as the same commercial AI tools which are used in HRM are also used by HE recruitment teams. However, universities are run in unique environments with their own governance structures, academic criteria and statutory equality responsibilities, which can impact on how these tools work and the ways in which their effectiveness can be measured. It is therefore important to have evidence which will link the general R&S literature to the specific context of HE and will cast light on whether AI helps or hinders effective and fair hiring.

[bookmark: _Toc241164550]Gap in the Literature
Although AI in R&S has clear application implications, there is a lack of academic studies on AI in R&S in a private sector and generic HRM context. A significant number of reviews report high efficiency gains but sacrifice issues of bias, transparency and fairness, and few reviews directly focus on the HE sector (Vrontis et al., 2022; Hunkenschroer and Luetge, 2022; Ore and Sposato, 2022). This is a big void. University recruitment has responsibilities to academic merit, collegiality and equal opportunities as required by law, as well as a collective judgement that has few parallels in corporate recruitment. The extent to which HE institutions have embraced AI in R&S, the comparison of algorithmic tools to that of the well-trained recruiting team or a human search committee and whether the ethical issues discussed in mainstream HRM are equally relevant to academic recruitment is still unknown. Further, the evidence base is itself fragmented: results of research on adoption, effectiveness and fairness are spread out across the HRM, information systems, ethics and education literatures, and even when AI can be more accurate, applicants often prefer human recruiters (Mirowska and Mesnet, 2022). If there isn't a synthesised approach, universities might implement these tools under vendor hype without solid evidence, which could undermine quality of hire and equality.
[bookmark: _Toc241164551]Timeliness of the Topic
The topic is timely for several reasons: AI-powered recruitment tools entered the commercial mainstream around 2015 and started to spread quickly without a sufficient body of research examining the downstream impacts of their use (Ore and Sposato, 2022; Pereira et al., 2023). Meanwhile, regulatory and societal concerns about algorithmic fairness have placed ethical management of automated hiring processes at the forefront of managers' concerns, especially when algorithmic performance is not independently tested or verified for fairness (Hunkenschroer and Luetge, 2022; Raghavan et al., 2020; Bankins, 2021). The financial pressures of the HE sector and a competitive labour market give greater incentive to automate; statutory equality duties and reputational sensitivity increases the risk of getting it wrong. Now, when AI is increasingly integrated into academic hiring processes, it is crucial to consolidate the evidence that's available to guide HE leaders in adopting AI in a responsible way rather than a reactive manner.
[bookmark: _Toc241164552]Research Aim and Objectives
The overarching aim of this study is to critically examine the use of AI in recruitment and selection within higher education institutions, with particular attention to the relationship between human recruiters and AI in terms of adoption, effectiveness and fairness. To achieve this aim, the study pursues four objectives:
To explore the extent of, and the factors influencing, the use of AI tools within the R&S process in the HE sector.
To compare the effectiveness of AI tools against human-led R&S processes across sourcing, screening and selection.
To examine perceptions of fairness, bias, transparency and the ethical considerations of AI-assisted selection decisions.
To present the findings within a conceptual framework that supports the responsible integration of AI and human judgement in R&S within higher education.
[bookmark: _Toc241164553]Research Questions
These objectives are aligned with the primary research question:
What role does artificial intelligence have in recruitment and selection in the higher education sector, and how does it perform relative to human recruiters in terms of effectiveness and fairness?
This central question is addressed through three subsidiary research questions, each aligned with one of the study's objectives:
1. RQ1. To what extent, and driven by what factors, have higher education institutions adopted AI tools within the recruitment and selection process? (Objective 1)
2. RQ2. How effective are AI tools relative to human-led processes across the sourcing, screening and selection stages of hiring? (Objective 2)
3. RQ3. How are fairness, bias, transparency and the wider ethical implications of AI-assisted selection perceived and evidenced within an academic context? (Objective 3)
[bookmark: _Toc241164554]Scope of the Review
This study is an Extended Literature Review (ELR) and uses only secondary, published sources of information - no primary research is undertaken. The review draws on the relevant literature from 2015 to 2025, a time when AI-based recruiting tools have been commercialized and widely adopted, with earlier works in the field where they are conceptually relevant. It is a substance-oriented approach dedicated to the use of AI in the recruitment and selection process. The analysis is structured according to the four analytical themes recommended as a structure for an extended literature review: theoretical and conceptual foundations, empirical findings, emerging debates, and research gaps, with the substantive dimensions of the field covered: the adoption of AI; its effectiveness compared to human recruiters; ethics, fairness and algorithmic bias; candidate experience, trust and justice; and the higher education context, which is also covered as a cross-cutting theme throughout the literature review.
The review does not cover studies on the use of AI in education, in marketing by vendors, or non-peer-reviewed opinion pieces. Geographically, the review takes a holistic view of English-language scholarship, and is not limited to a single national system; indeed, the review takes into account the international nature of the HE sector and the AI tools under review.
[bookmark: _Toc241164555]Structure of the Dissertation
The dissertation is organised into six chapters. This Introduction has set the context, research problem and gap, rationale and timeliness of the study, and aim, objectives and research questions. The methodology used for the systematic identification, screening, appraising and synthesising of the literature is described in the Methodology chapter, in accordance with the PRISMA 2020 protocol developed by Page et al. (2021). The analytical backbone of the dissertation is the Thematic Review which provides a structure for organizing the evidence, providing a comparison and synthesis of different scholarly perspectives under the four analytical themes: theoretical and conceptual foundations; empirical findings related to adoption, effectiveness and fairness; emerging debates, including the higher education context; and the resulting research gaps. The Discussion critically interprets this synthesis, resolves tensions in the evidence and develops a conceptual framework for AI-supported hiring in HE. The Implications chapter summarises the findings and makes recommendations for academics, practitioners and policy makers, while the Conclusion reflects on the research questions and the shortcomings of the review and suggests future avenues for research.

[bookmark: _Toc241164556]Chapter Two: Methodology
[bookmark: _Toc239231787][bookmark: _Toc241164557]Introduction	
The evidence base for this review is described in this chapter. It explains the PRISMA-informed systematic procedure used to search, screen, appraise and analyse the literature and explains the methodological choices made which ensure transparency and rigour of the review. The chapter moves from the overall approach and search strategy to the databases, keywords, time period and eligibility criteria to the screening and quality assessment phases and the thematic method that was used to develop the six coding themes that are then synthesized in Chapter 3.
[bookmark: _Toc241164558]Purpose and Overall Approach
This chapter sets out to explain how the literature used to support this Extended Literature Review (ELR) has been identified, selected, appraised and synthesised, and how this process helps to achieve the research aim, objectives and questions set out in Chapter 1. No primary data were gathered and only secondary, peer-reviewed were used for the review. The review was designed using a systematic search protocol based on the PRISMA 2020 statement reporting guideline (Page et al., 2021) which builds on the previously described PRISMA (Moher et al., 2009) and followed the three stage systematic review method for management research by Tranfield et al. (2003): Planning the review, conducting the review, and reporting and disseminating the results. This aligns with the further development of the same form of SR by Denyer and Tranfield (2009) who gave the SR a more self-contained research form and defined it as a research project in its own right, not an unstructured narrative overview. The overall design can be considered a semi-systematic, thematic literature review, as opposed to the meta-analytic systematic review recommended by Snyder (2019) when a topic has been studied in multiple disciplines on multiple methods. This chapter therefore emphasizes transparency and replicability of the search and appraisal process, so that a reader who follows the steps outlined below would be able to get a similar body of evidence.
The rest of the chapter is organised around the structure recommended in ELR for the methodology: search strategy (2.3); databases and sources consulted (2.4); keywords and search terms used (2.5); time frame adopted and rationale for its choice (2.6); inclusion and exclusion criteria (2.7); screening process informed by PRISMA (2.8); quality-assessment procedure (2.9); and the analytical method used to develop the themes to be taken forward to Chapter 3 (2.10). The level of detail provided at each stage is sufficient to be reproducible, as this is characteristic of a systematic or semi-systematic review as opposed to an unstructured narrative overview (Snyder, 2019).
[bookmark: _Toc241164559]Search Strategy
The search process was conducted in the order proposed by Tranfield et al. (2003): Planning, conducting, reporting. The key concepts of the research questions listed in Section 1.5 were translated from the abstract to concrete operational elements in a series of concept blocks that can be searched, as part of the planning phase: (1) artificial intelligence and related technologies; (2) recruitment and selection; and (3) outcome and context terms that establish the substantive dimensions explored in Chapter 3 (adoption; effectiveness; ethics, fairness and algorithmic bias; candidate experience, trust and justice; the higher education context; and method and theory). Boolean operators were used to combine these blocks: AND for the three blocks; OR for synonyms in each block; and truncation (e.g. recruit*) and phrase searching (e.g. "procedural justice") were used to maximize recall while maintaining precision. Only very little NOT was used, mostly to exclude clinical and medical recruitment literature because it is very similar in terminology but deals with a different population.
This concept-block structuring of the search string is similar to the approach adopted by Kitchenham and Charters (2007) for software engineering and is frequently adopted by management and information-systems reviewers to design and document reproducible search strings (Okoli and Schabram, 2010).
[bookmark: _Toc241164560]Databases and Sources
Searches were undertaken using the databases Scopus, Web of Science, Business Source Premier (EBSCO) and Emerald Insight, as these databases cover the human resource management, business ethics, information systems and organisational behaviour journals that this literature is focused on. ScienceDirect was also searched, in addition, as it covers the majority of journals included in the other databases. Because of their coverage and the fact that they offer the ability to search for citations, the two broadest multidisciplinary indexes were selected: Scopus and Web of Science, Business Source Premier was used because of its extensive coverage of management-related outlets, and Emerald Insight was used to supplement ScienceDirect for coverage of Elsevier-published titles in ethics, information systems and applied psychology that are less consistently covered in other indexes, and ScienceDirect was searched for its coverage of Elsevier-published titles. Google Scholar was used only in an ancillary way, for citation-chaining (forward and backward snowballing from key studies) and to check for grey literature and very recent working papers, in keeping with guidance that it is not considered to be a primary database for conducting a systematic review due to the inconsistent indexing of the database and the lack of transparency regarding the criteria for its inclusion.
	Database
	Rationale for Inclusion

	Scopus
	Broadest multidisciplinary index with strong citation-tracking; primary source for forward/backward snowballing.

	Web of Science
	Second core multidisciplinary index; used to cross-check Scopus coverage and citation counts.

	Business Source Premier (EBSCO)
	Deep coverage of HRM, business ethics and management-specific journals not always indexed elsewhere.

	Emerald Insight
	Publisher of several core HRM and organisational-analysis journals used in this review (e.g. Strategic HR Review, International Journal of Organizational Analysis).

	ScienceDirect
	Captures Elsevier-published titles in ethics, information systems and applied psychology.

	Google Scholar (supplementary only)
	Used only for citation-chaining and grey-literature checks, not as a primary source, given its inconsistent and non-transparent indexing.



Table 2.1 Databases Searched and Rationale for Inclusion
[bookmark: _Toc241164561]Keywords and Search Terms
The research questions were used to generate an initial set of keywords which were further developed and refined by scoping searches. The representative search string (adapted to the database syntax) was: ("artificial intelligence" OR "AI" OR algorithm* OR "machine learning") AND (recruit* OR "selection" OR hiring OR "talent acquisition") AND (fair* OR bias OR ethic* OR trust OR "procedural justice" OR effectiveness OR "higher education" OR universit*). To account for the variability in indexing across databases free-text string was used along with controlled vocabulary (e.g., subject areas in Scopus: Business, Management and Accounting; Social Sciences).
[bookmark: _Toc241164562]Time Frame for included publications
The literature review focuses on publications from 2015 to 2025, which was determined as the decade of when AI-based recruitment tools entered the commercial market (Ore and Sposato, 2022). There are a handful of previous and more basic theoretical and methodological papers that are not included in this period of time but are retained because they are conceptually essential: the Technology Acceptance Model (Davis, 1989), the Unified Theory of Acceptance and Use of Technology (Venkatesh et al., 2003), the resource-based view of the firm (Barney, 1991), the organizational-justice model of applicant reactions (Gilliland, 1993), the original PRISMA statement (Moher et al., 2009), and the classic labour-market discrimination field experiment (Bertrand and Mullainathan, 2004).
[bookmark: _Toc241164563]Inclusion and Exclusion Criteria
The studies included were: peer-reviewed journal article or academic book chapter published in a journal included in at least one of the following lists: Academic Journal Guide (ABS AJG) of the Chartered Association of Business Schools, Australian Business Deans Council Journal Quality List (ABDC), or Scimago Journal Rank (SJR); written in English; and directly related to AI-enabled recruitment and selection, HRM technology adoption, algorithmic fairness and ethics, applicant reactions, or AI in higher-education staffing or campus hiring. Studies that were vendor white papers, trade-press commentary or non-peer reviewed opinion pieces, or focused on teaching, learning and student assessment but not staffing (as defined in Section 1.6), or that were conference abstracts lacking an accessible full text, or that appeared in outlets that were not indexed by the ABS, ABDC or SJR were excluded.
There is a purpose for each criterion. Adding to the concern mentioned in Section 1.2 about vendor claims for the credibility of AI recruitment tools without independent scholarly evaluation, the peer-review requirement and the journal-ranking check can serve as an objective and outside benchmark for credibility. The date restriction allows the empirical focus of the review to remain on the period of rapid commercial diffusion and the theory/methodology exception (Section 2.6) enables conceptual foundations of the older literature to remain. The literature on AI in pedagogy, which is very broad, is not represented in this review because the review is focussed on the recruitment and selection aspect of the research questions.


	Criterion
	Include
	Exclude

	Source type
	Peer-reviewed journal articles; academic book chapters
	Vendor white papers; trade-press commentary; non-peer-reviewed opinion pieces; conference abstracts without full text

	Journal quality
	Listed in ABS AJG, ABDC Journal Quality List, or Scimago Journal Rank (SJR)
	Outlet not verifiable against ABS, ABDC or SJR

	Publication date
	2015–2025; earlier theory/method works retained where conceptually essential (Section 2.5)
	Pre-2015 empirical studies not meeting the theory/method exception

	Topic
	AI-enabled recruitment/selection; HRM technology adoption; algorithmic fairness/ethics; applicant reactions; AI in HE staffing or campus hiring
	AI in teaching, learning or student assessment; clinical/medical recruitment

	Language
	English
	Non-English with no verified English translation


[bookmark: _Toc240393032][bookmark: _Toc240401184]
Table 2.2 Inclusion and Exclusion Criteria
[bookmark: _Toc241164564]Screening Process
	Stage
	Records

	Identification
	559 records identified in total: 547 through database searching — Scopus (182), Web of Science (146), Business Source Complete/EBSCO (104), Emerald Insight (66), ScienceDirect (33), Wiley Online Library (10) and Sage Journals (6) — plus 12 through supplementary Google Scholar searching used only for grey literature and citation chaining; 154 duplicate records removed before screening.

	Screening
	405 titles and abstracts screened against the eligibility criteria in Section 2.6; 266 records excluded, leaving 139 records sought for full-text retrieval.

	Eligibility
	139 full-text reports assessed for eligibility; 76 excluded with reasons recorded, leaving the final set of 63 included studies.

	Included
	63 studies met all inclusion criteria and were retained for quality appraisal and thematic synthesis (Chapter 3).


Screening was conducted in four stages, first identifying records from the databases listed in Section 2.4, then screening titles and abstracts for eligibility, with duplicates eliminated, and finally, reviewing full texts of the remaining studies to determine eligibility, using the criteria outlined in Section 2.7; studies that met all screening criteria were included. This process is illustrated in Figure 2.1 as a PRISMA 2020 flow diagram (Page et al., 2021).

	Table 2.3  Summary of the PRISMA 2020 Study-Selection Flow




The entire study-selection process was extracted from the search and screening log: 559 records identified (547 via databases and 12 via supplementary searches, including Google Scholar and citation searching), 154 duplicates were removed, 405 screened and 266 excluded at title/abstract, 139 assessed at full-text, 76 excluded with reasons and 63 studies included.
[image: ]

Figure 2.1 PRISMA 2020 flow diagram of the study identification and selection process (Page et al., 2021).
After this process, 63 peer-reviewed sources were included and were kept for thematic synthesis. These studies were analyzed during the thematic analysis (Section 2.10) and coded into six themes, presented in Chapter 3 as part of the four-part analytical structure suggested for performing an extended literature review.


	Coding Theme
	Studies (n)
	% of Corpus

	1. AI Adoption and HRM Integration
	8
	12.7%

	2. Effectiveness and Efficiency (Human vs AI)
	9
	14.3%

	3. Ethics, Fairness and Algorithmic Bias
	17
	27.0%

	4. Candidate Experience, Trust and Justice
	13
	20.6%

	5. Higher Education Context	
	6
	9.5%

	6. Method and Theory
	10
	15.9%

	Total
	63
	100%


Table 2.4 Studies Retained by Coding Theme
[bookmark: _Toc241164565]Quality Assessment of included studies 
Studies were excluded at the eligibility stage if the publishing journal was not found in the ABS Academic Journal Guide, the ABDC Journal Quality List or Scimago Journal Rank, as this was a requirement for being included in the study. In addition to this ranking check, quality was evaluated according to the following appraisal criterion recommended for management systematic reviews (Tranfield et al., 2003), and for social-science systematic reviews more generally (Petticrew and Roberts, 2006): Methodological transparency (clarity of sample, method and analytic technique used in empirical studies); theoretical or conceptual contribution (non-empirical studies); and direct relevance to the research question. The two-layer quality-assessment model, which is recommended for structured literature reviews in IS study (Okoli and Schabram, 2010), is followed here: an externally validated ranking check followed by a study level appraisal.


	Index
	Full Name / Custodian
	Role in Quality Assessment

	ABS AJG
	Academic Journal Guide, Chartered Association of Business Schools
	Peer-reviewed ranking of business and management journals used across the UK sector; a listing (any grade) was treated as sufficient for inclusion.

	ABDC
	Journal Quality List, Australian Business Deans Council
	Complementary ranking covering additional management, ethics and information-systems outlets not always listed in the ABS AJG.

	SJR
	Scimago Journal Rank, based on Scopus citation data
	Used to verify journals (e.g. newer or discipline-crossing titles such as Big Data & Society or Discover Artificial Intelligence) not covered by ABS or ABDC.


Table 2.5 Quality-Assessment Indexes Applied
[bookmark: _Toc241164566]Analytical Method
The overall themes were developed following the six phases of Braun and Clarke (2006) thematic analysis, which involved a structured summary matrix to record each study's aim, method and findings; initial coding of the literature for the identification of concepts that recurred in the studies (for example, adoption drivers, dehumanisation, procedural justice); searching for candidate themes by clustering related concepts or codes; reviewing themes with research questions and with each other for overlapping concepts; defining and naming themes (six themes) and producing the thematic synthesis that led to the development of Chapter 3. The trustworthiness criteria that Nowell et al. (2017) have proposed were adhered to throughout, such as maintaining an audit trail for all coding decisions and then verifying the emergent themes with the summary matrix to avoid premature closure on a single theme.
In actuality, coding was conducted study-by-study and the data to be coded was the stated purpose of the study, method, and key finding, which was summarized in the matrix, rather than a line-by-line re-reading of the full text in a primary qualitative study. Thematic analysis has been used in other management and information-systems reviews that adapted Braun and Clarke's (2006) approach to the literature-synthesis context (for example, in other reviews of the literature on information technology's impact on organizational learning and in organizations' digital strategies), but in these cases, thematic analysis is applied to the structured level of extractions, not raw transcripts. Codes were grouped first at the level of the sub-themes that appeared in the summary matrix for each theme (e.g., adoption drivers and organisational readiness in the adoption theme; procedural justice and dehumanisation in the candidate-experience theme); and then consolidated to the six overarching themes following repeated review of the boundaries between candidate sub-themes that were judged to be better defined as emphasis than as substance. A study may have more than one theme, as in an empirical paper on fairness perceptions in academic hiring, which was coded for the primary theme, but also cross-referenced for the secondary theme, to prevent double-counting but retain it in the studies relevant to both strands of the synthesis.
The six themes of coding are presented in Chapter 3 in the four-part analytical structure recommended for an extended literature review: the theoretical and method-and-theory evidence are presented in Theme 1 (Theoretical and Conceptual Foundations); the adoption, effectiveness, ethics and candidate-experience evidence constitute the bulk of the empirical evidence in Theme 2; the higher-education context and the most recent developments are addressed as Emerging Debates in Theme 3; and Theme 4 (Research Gaps) is devoted to the synthesis of what remains unresolved. The coding themes complement the presentational structure: the latter is the report of the analysed corpus, whereas the former is the report of how the corpus was analysed.
[bookmark: _Toc241164567]Summary
This chapter has presented an explicit and replicable process that was followed when identifying, appraising and analysing the literature for this dissertation, which was guided by PRISMA. The six-phase thematic analysis outlined above is applied to the 63 studies included in the chapter and the synthesis of the analysis conducted in the chapter, organised into four analytical themes: theoretical and conceptual foundations; empirical findings; emerging debates; and research gaps.

[bookmark: _Toc241164568]Chapter Three: Thematic Literature Review and Analysis
[bookmark: _Toc241164569]Introduction
This chapter provides the analysis at the heart of the dissertation, which is a thematisation of the sixty-three peer-reviewed papers that survived the systematic process outlined in chapter 2. While the methodology detailed the process of searching, screening and appraising the evidence, the underlying purpose here is to provide an overview of the conceptual field of artificial intelligence (AI) in recruitment and selection (R&S) without study-by-study explanation. It is organizing around recurring concepts that enables a review of this kind to offer a high-level overview of the field and to reveal the points of scholarly consensus, contradiction, and silence (Snyder, 2019).
The six-phase thematic analysis by Braun and Clarke (2006) outlined in Section 2.9 was used to code the corpus into six themes: Theoretical and methodological foundations; Adoption of AI in R&S; Effectiveness and efficiency of AI compared to human recruiters; Ethics, fairness and algorithmic bias; Candidate experience, trust and justice; and The higher education (HE) context. These themes of coding are presented here on this page and are linked to the four part structure recommended for an extended literature review. Theme 1 (Section 3.2) provides the theoretical and conceptual underpinning that provide the analytical lens of the review. The empirical results are organised within Theme 2 (Section 3.3) according to the three substantive study objectives, namely the adoption of AI (Objective 1 / RQ1), its effectiveness in comparison with human recruiters (Objective 2 / RQ2) and its ethical, fairness and candidate-experience elements (Objective 3 / RQ3), and where relevant, consistent findings are contrasted with contradictory evidence. The new debates (Section 3.4) that are now actively transforming the field are explored in Theme 3.Theme 3 (Section 3.4) addresses new debates, such as human-AI complementarity, generative AI, and the critical question of the higher education context. The gaps in the research that explain the motivation for the Discussion are summarized in Theme 4 (Section 3.5).
The analysis is synthetic throughout, with each sub-section starting with a thematic claim, then gathering and applying evidence from multiple authors in support of, or against, or in nuance of that claim, and finally tying that back to the research questions introduced in Section 1.5. A cross-cutting theme is found in all the themes: how far evidence developed overwhelmingly in corporate settings can be extrapolated to universities, which, despite their form of collegial governance, their responsibilities for academic merit and equality under the law, represent a different type of organisation from the commercial organisations from which most of this literature has emerged.
[bookmark: _Toc241164570]Theme 1: Theoretical Foundations
[bookmark: _Toc241164571]Key Theoretical Frameworks
This body of literature is not unified and does not have a single overarching theory, but it takes a handful of existing theories from the fields of information systems, strategic management and organizational psychology to generate the analytical structure of the field. The technology-acceptance tradition is the most commonly used lens. The Technology Acceptance Model (Davis, 1989) suggests that the adoption of a new technology is primarily influenced by its perceived usefulness and perceived ease of use; and the Unified Theory of Acceptance and Use of Technology (Venkatesh et al., 2003) extends this into four factors: performance expectancy, effort expectancy, social influence, and facilitating conditions. They have been designed to explain the acceptance of general information technology, but now they are pervasive in empirical studies on AI hiring. However, Tanantong and Wongras (2024) expand the UTAUT to account for the adoption intention of AI in HR recruitment in Thailand and determine that the combined influence of perceived value, perceived autonomy, effort expectancy and facilitating conditions explains roughly sixty-two per cent of the variance in adoption intention, and Horodyski (2023) merges the acceptance and resource-based traditions, with performance expectancy being the most powerful predictor of recruiters' intention to use AI tools.
The complementing lens on the firm is the resource-based view of the firm (Barney, 1991) which conceptualises AI capability as a potentially rare and valuable organizational asset that can provide competitive advantage. This logic reinforces the recurring pitch that AI recruitment systems are a strategic tool in the “war for talent” (Black and van Esch, 2021) and connects the literature and the actual experience of implementing AI to the literature on its effectiveness, positioning the use of improved recruiting technology as a competitive advantage for the firm rather than as an administrative convenience. A third lens comes from organisational psychology, specifically the organisational-justice model of applicant reactions (Gilliland, 1993) which categorises applicants' reactions into three types: procedural justice, distributive justice, and interactional justice, and also offers the vocabulary to describe the entire candidate-experience literature discussed under Theme 2. The justice theory complements the acceptance and resource-based theories that help understand why organisations implement AI, by providing insights into the reactions of those who are impacted by using it.
Methodologically, the field is grounded in the conventions of the structured literature review methodology itself (Tranfield et al., 2003), the taxonomy of review types proposed by Snyder (2019), the taxonomy of structured reviews by Braun and Clarke (2006) and the trustworthiness criteria of Nowell et al. (2017), along with the PRISMA reporting guidelines (Moher et al., 2009; Page et al., 2021). These works do not constitute a description of AI hiring, but they provide the evidentiary discipline that gave rise to the substantive themes that follow, and as such are appropriately viewed as part of the theoretical scaffolding of the study and not as incidental references.
[bookmark: _Toc241164572]Conceptual Definitions
The field is interdisciplinary, so some concepts that will be used repeatedly in the review need to be defined. Artificial Intelligence in recruitment and selection in this context is a family of technologies powered by data, such as machine-learning classifiers, natural-language processing, chatbots and automated video/voice analysis, which have the potential to replace or supplement human recruiters in part or in full in this field, ranging from sourcing to CV parsing to shortlisting to interview assessment (Black and van Esch, 2020; Albert, 2019). 
Recruitment and selection refers to the continuous process of attracting a pool of applicants to an organization (recruitment) and assessing and eliminating them (screening) and finally choosing the most suitable applicant (selection), which is conventionally divided into recruitment and selection, screening and final-selection stages, corresponding to the effectiveness analysis steps in Section 3.3.2. Algorithmic bias can occur when an automated system systematically favours individuals from a particular protected or disadvantaged group, either due to the fact that the training data used to create it reflect historical discrimination or due to the fact that supposedly neutral input features rely on the protected characteristic (Kim, 2017; Köchling and Wehner, 2020). 
Organisational justice, comprising procedural justice (the perceived fairness of the process), distributive justice (the perceived fairness of the outcome) and interactional justice (the perceived fairness of interpersonal treatment), provides the vocabulary for candidate reactions to AI selection (Gilliland, 1993). Last but not least, human–AI complementarity, or ‘augmentation' and a ‘human-in-the-loop' configuration, serves as the central theme throughout the review (Ore and Sposato, 2022; Black and van Esch, 2021).
[bookmark: _Toc241164573]Analytical Consequences and the Theoretical Gap
Such borrowed frameworks are useful, but incomplete. Because of key characteristics of HR data, such as its size (small samples), the measures of outcomes (contested), and its strong ethical and legal underpinnings of fairness and accountability constraints (challenging), theories imported freely from consumer technology or operations management cannot fully address the challenges posed by algorithmic hiring, and an interpretable and accountable approach is necessary, argue Tambe, Cappelli and Yakubovich (2019). This is an important finding for this present review, as it suggests that the prevalent acceptance-centred perspective on perceived usefulness and intention to use may be under-theorising just those concerns about fairness and legitimacy that are crucial in a values-laden context like higher education.
It is not an exaggeration to say that the acceptance models are essential to the field—what the field sees and cannot see is shaped by this dependence. The focus of studies that are based on the TAM or UTAUT is on the intention to adopt a technology, which is treated as the outcome of interest, while the focus on fairness, trust and ethics is on these as antecedents or moderators of the intention to adopt (Davis, 1989; Venkatesh et al., 2003; Tanantong and Wongras, 2024). This is analytically efficient, but normatively underweight/non-satisfactory: In a recruitment setting, the fairness of a selection decision is not dependent on whether recruiters or candidates are willing to use the selection system that yielded that decision. The resource-based view, introduced by Barney (1991), adds to this orientation by viewing AI as a competitive advantage, and naturally organising the questions around organisational advantage versus questions of candidate welfare or social equity. The treatment of the applicant is the focus of analysis in only one tradition: the organisational-justice tradition (Gilliland, 1993), and it is important to note that this is the tradition least common in the adoption and effectiveness studies and most common in the candidate-experience studies. The theoretical fragmentation of the field is not just the theoretical housekeeping of academic work, but a real division between a managerial literature that is concerned with uptake and performance and a justice-oriented literature that is concerned with fairness.
The main gap in the current theoretical landscape that arises from this cluster is the lack of an integrated framework that brings together the concepts of acceptance, capability and justice in explaining when and how to combine AI with human judgment, a gap that will be revisited in the Development of a conceptual model in the Discussion.
[bookmark: _Toc241164574]Theme 2: Empirical Findings
This theme combines the key empirical results from the entire corpus, according to study's three substantive points. The analysis begins by identifying the findings that are shared across the literature for each objective, and then explores the conflicts and unresolved contradictions that qualify them. In Section 3.3.1, the adoption of AI (Objective 1 / RQ1) is discussed, followed by its effectiveness compared to human recruiters in Section 3.3.2 (Objective 2 / RQ2) and its ethical, fairness and dimensions related to candidate experiences in Section 3.3.3 (Objective 3 / RQ3).
[bookmark: _Toc241164575]Adoption of AI in Recruitment and Selection (Objective 1)
The first one is about the degree of AI usage in the R&S process and the reasons for its use, which directly corresponds with the first research question. There is a strong consensus in the literature that adoption has been increasing but there has been a lack of uniformity, and that adoption is linked to a clear set of organisational and environmental conditions. In a systematic review of AI, robotics and advanced technologies in human resource management, Vrontis et al. (2022) set the scene on the big picture: These technologies are transforming fundamental HRM activities such as sourcing, screening and workforce planning, and are accounting for productivity gains as well as ethical and workforce-related concerns. In recruitment, Upadhyay and Khandelwal (2018) made an early attempt to provide a perspective on how AI is changing the way we source and screen applicants and, crucially, changing the job of the human recruiter from processor of applications to the manager of a machine-driven pipeline, recognising efficiency, reach and decision-support advantages alongside clear limits on privacy and fairness, while Johnson, Stone and Lukaszewski (2021) outline the efficiency, reach and decision-support benefits of electronic HRM and AI in talent acquisition, with explicit boundaries on privacy and fairness.
The empirical adoption studies are all focused on the factors that precede adoption. In a classic technology-organisation-environment framing, Pan et al. (2022) argue that competitive pressure, organisational readiness and the perceived benefits come together to determine the adoption of AI in employee recruitment. Perceived value, autonomy and facilitating conditions are added to the individual-level factors by Tanantong and Wongras (2024), while Horodyski (2023) highlights performance expectancy as the primary motivator for recruiters' decisions. Organisational readiness, data quality and on-going human supervision are the key enabling conditions for effective AI use (Koman, Boršoš and Kubina 2024), while data limitations, fairness, accountability and interpretability are listed among the challenges facing the adoption of AI (Tambe, Cappelli and Yakubovich 2019). Taken together, these studies indicate that adoption is driven not so much by prooft of effectiveness, as it is by "potential beneficial effects" and "competitive imitation", and that adoption is not a thing, but a capability that needs to be developed by organisations.
This evidence is qualified with three contradictions and limitations. First, the literature is largely based on cross-sectual survey and conceptual work, and adoption is often defined as a measure of behavioural intentions, rather than actual, long-term use; intention is an incomplete indicator of durable organisational use, for example, because the costs, integration requirements, and reputational implications of a technology only become clear after it is implemented (Horodyski, 2023; Tanantong and Wongras, 2024). This is an implicit acknowledgment of this in the enabling-conditions literature: decisions for embarking on a new AI tool followed by lasting adoption rely on what happens after adoption – when Koman, Boršoš and Kubina (2024) talk about readiness, data quality and human oversight, they are referring to the post-adoption conditions of success; when Tambe et al. (2019) stress interpretability and accountability, they are talking about the post-adoption conditions of success. Second, the evidence is very one-sided as it only applies to the private sector, with few studies focusing on public-sector or higher-education organisations, whose procurement rules and structural and financial restrictions (and union and collegial governance) could plausibly affect both the incentives and the obstacles to adoption. Third, the drivers named are overwhelmingly efficiency- and competition-driven, with fairness and legitimacy considered as constraints to be managed, rather than being a reason to adopt or not to adopt, an important limitation for the sector of higher education, where legitimacy and equality are at the core of its concerns.
The use of intention measures is especially interesting as it leads to a systematic optimism in the adoption literature. Research based on acceptance models generally includes questions about the adoption intention, with a high intention score indicating successful adoption (Horodyski, 2023; Tanantong and Wongras, 2024). However, intention is not an accurate indicator of continued organisational use, especially for a technology that may have costs, integration requirements and reputational risks that don't come into play until it is put into use. Given this lack of literature on the topic, it is possible that the efficiency and competition explanation for the adoption of AI might not fully capture the reasons behind organisations using AI in public-sector and higher-education environments, as they may have different equality obligations as well as procurement regulations, budget constraints, and collegial governance.
One of the underlying themes of the adoption literature and one that matters for the later assessment of effectiveness and fairness is the transformation of the role of the recruiter. As Upadhyay and Khandelwal (2018) predicted, it changes the role of the recruiter from a manual application evaluator to a supervisor of automated processes, and a translator of AI-generated responses. Johnson et al. (2021) also describe AI as an assistant for the HR role of recruiting, not as a replacement. This repositioning extends to the effectiveness objective, as the effectiveness of AI cannot be evaluated independently of the human agents who configure, monitor and act on the tool, and as such studies comparing 'AI' to 'humans' as separate agents may misrepresent the reality of an increasingly interwoven nature between the two. For the first research question, the literature thus provides a clear but partial answer: it provides a good set of general factors that are correlated with adoption, but it does not observe the use of the product directly, nor does it predict use in the academic domain.
[bookmark: _Toc241164576] Effectiveness: AI versus Human Recruiters (Objective 2)
The second aim is to compare the effectiveness of AI against human-led R&S, which is related to the second research question. The prevailing view in the literature is that AI can enhance the efficiency of hiring – both speed, cost and scale, and consistency. The consensus in the literature is that AI can aid efficiency in the hiring process, in terms of speed, cost, scale and consistency. Black and van Esch (2020) describe how AI-powered recruiting streamlines sourcing and screening while alleviating the workload of recruiters, and they also argue that AI recruiting can provide a talent-starved company with a competitive advantage (Black and van Esch, 2021). Albert (2019) traces the growing portfolio of applications (ranging from parsing CVs to chatbots to predictions to streamlining recruitment) supporting these efficiency claims and Hemalatha et al. (2021) polled information-technology companies and found that AI has helped enhance the efficiency and quality of the recruitment process, though with some prerequisites of workforce readiness. The evidence at the process efficiency level is relatively consistent.
A tougher question is whether AI enhances the quality and validity of selection decisions; here the evidence is more technical and more qualified. Sajjadiani et al. (2019) provide empirical evidence that machine learning is a method that can significantly boost the validity of selection beyond the traditional approach by converting work-history data into valid predictors of subsequent performance and turnover. Pessach et al. (2020) demonstrate how a prescriptive-analytics framework that integrates machine learning with mathematical programming can enhance the quality of hiring and at the same time improve process efficiency; meanwhile, Naim et al. (2018) model interview performance using non-verbal and verbal cues and enable automatic assessment. Combining psychology and machine learning, Liem et al. (2018) have a more nuanced assessment, emphasizing that the validity, interpretability and fairness of automated screening should not be assumed and must be the object of interdisciplinary investigation.
There are two paradoxes in the evidence of effectiveness. The first is the trade-off between predictive accuracy and potentially invalid constructs, as when a model that correctly predicts an outcome is based on a construct that is not valid (e.g., Liem et al., 2018; Naim et al., 2018, when inferences of competence are made from non-verbal behaviour, wfhich may be culturally patterned). The second is that the concept of 'effectiveness' itself is not consistently defined, first because it is equated with 'process efficiency' (speed and cost) and second because it is confused with the concept of 'predictive validity' and with downstream outcomes like 'retention' or 'candidate quality', which makes comparisons across studies fraught with risk. When compounded together, the literature directly comparing the human and algorithmic performances is relatively sparse. When comparing enterprise-resource-planning staff with AI recruitment based on real-time employment big data, as done by Strang and Sun (2022), the efficiency gains that AI affords come with this human-AI trade-off: AI results are dependent on data quality, and not the caveat of the 'garbage-in, garbage-out' type. The head-to-head comparisons of AI versus an expert human recruiter, especially a search committee with the collective wisdom to make decisions (as in faculty recruitment) are almost entirely absent, leaving the claims for AI superiority more on faith than on rigorous benchmarking.
The effectiveness evidence needs to be read with those distinct stages of the hiring process in mind, as AI does not perform the same across the stages. Where the benefits of automation are most evident and least contested, in sourcing and initial screening, for example, automation applications like curriculum-vitae parsing and engagement via chatbots (Albert, 2019; Black and van Esch, 2020) are likely to be faster and cheaper than manual processing. In prediction-driven screening, the machine-learning papers (Sajjadiani et al., 2019 and Pessach et al., 2020) demonstrate modest levels of validity, but these rely on a well-labelled, high-quality historical data set that is not available from many organisations, and likely not many universities. The case for AI is least strong and least evidenced at the last step of selection, when complex and context-dependent criteria are evaluated, like research potential, collegiality, or teaching ability, in which the construct-validity concerns raised by Liem et al. (2018) are most disconcerting. This step-by-step differentiation matters, as it puts the "human vs AI" conversation away from a global “yes or no” and into a more valuable narrative of allocation—when is it best to automate a task within the hiring process, and when is it best to have a human do it? The literature hints at this reframing with the terms of ‘augmentation' and ‘human–AI balance' (Black and van Esch, 2021; Ore and Sposato, 2022), but it lacks a systematic representation and provides little direct evidence in relation to the collective and committee selection process typical of academic appointments.
[bookmark: _Toc241164577]Ethics, Fairness and Candidate Reactions (Objective 3)
The third objective relates to fairness, bias, transparency, ethics of AI-assisted selection, and the responses of the candidates who were selected using AI, and is aligned with the third research question. This is the longest and most mature strand in the corpus; the question of algorithmic bias and fairness covers only a small part of the 63 studies (just 17), but it is by no means insignificant that this is the major focus of scholarly attention and the main concern of the field: not whether AI works, but whether it is just. The basic problem is that algorithms that select and hire people are learning from past hiring data that is discriminatory, and can end up discriminating on a larger scale. Köchling and Wehner (2020) provide a systematic review of discrimination and fairness in algorithmic HR decision making, which documents data on how discrimination creeps in at many stages of the recruitment process; while Chen (2023) shows that opaque models and biased training data can perpetuate discrimination if not disclosed and regulated; Kim (2017) from a legal perspective considers that data-driven decisions can be a source of 'classification bias', and that it may be possible for an employer to be held liable for such bias. The yardstick by which algorithmic bias is judged is the classic field experiment of Bertrand and Mullainathan (2004) that is frequently cited to suggest that algorithms do not necessarily do better than humans at discriminating based on names in hiring.
There is a considerable amount of technical literature that offers solutions. Albaroudi et al. (2024) provide an overview of the pre-processing, in-processing and post-processing debiasing techniques and the pros and cons of each; Mujtaba and Mahapatra (2024) compile and summarise the conflicting fairness criteria, mitigation strategies, and open challenges in AI-driven recruitment processes. However, as indicated in Section 1.2, universities face the risk of implementing tools based on vendor claims instead of validated evidence, and as described by Raghavan et al. (2020), the bias-mitigation claims made by commercial vendors are often not backed up by evidence, with many tools actually implemented being neither transparent nor independently verifiable. There are two integrative reviews that frame the overall theme: Hunkenschroer and Luetge (2022) outline the ethical challenges that emerge through the sourcing and screening / selection process, and present a research agenda geared toward the governance of the process; Giermindl et al. (2022) detail the privacy, surveillance and fairness concerns of 'people analytics', the use of data in human resource management; and Kelley (2022) demonstrate that the adoption of AI principles depends on the trust employees have in management and the effectiveness of the HR process.
An applicant's perceptions of algorithmic/AI selection as less fair, less trustworthy and colder than similar, human-based selection are starkly apparent when the organisation changes focus to the applicant. Lavanchy et al. (2023) demonstrate this empirically - that is, that when the algorithmic hiring process benefits them, or does not, applicants still perceive it as less fair than an alternative using humans or an algorithm. In tasks traditionally considered for human judgement, algorithmic decisions are perceived as less fair and trustworthy, and lead to more negative emotions than human decisions (Lee, 2018; Mirowska and Mesnet, 2022; 'the devil they know'). The framework of Gilliland (1993) provides the primary lens in which to understand the reactions of applicants to the use of AI in selection: Acikgoz et al. (2020) find that applicants' reactions to the use of AI in selection are mediated by their perceptions of justice associated with using the technology, whereas Köchling et al. (2023) show that justice perceptions can differ across the stages of use of AI in selection, and also depending on the role of the AI. Signalling factors are added by Folger et al. (2022), who also found that digital selection methods could signal the employer as an innovative and modern company and decrease procedural-justice perceptions, suggesting a true trade-off and not just a lack.
There are some inconsistencies and qualifications in this evidence. First, the concept of 'fairness' is conceptually disarrayed, as it might refer to different notions of statistical parity, procedural justice or some philosophical notion of respect for persons, and it is impossible to tell from the studies whether authors are measuring one or the other. Secondly, perceptions of fairness are not determined: Qin et al. (2023) compared human and AI decision makers in the evaluation of performance in a manner that found that fairness perceptions were dependent on the context, specifically the transparency of the process and the perceived competence of the decision-maker, meaning that AI was not necessarily perceived as more or less fair than a human decision maker. Third, the evidence for candidates is largely based on experimental vignettes, with surveys often involving either student or general-population samples in low stakes, hypothetical situations, and samples are predominantly Western, with little clarity about the extent to which results generalise to real-life, high-stakes situations by working adults. When stakes of the decision increase, acceptance of highly automated interviews decreases (Langer et al., 2019), with candidate resistance being highest just where the job is most important, and when the applicant is at the same time facing a need for uniqueness and prior experiences of discrimination, perceptions are moderated (Kaibel et al. 2019; for example, the applicant may be more inclined to accept an interview that is highly automated when they also experience previous discrimination; see also Suen et al., 2019; van Esch et al., 2019; Ochmann and Laumer, 2020) so that reactions are not uniform and not necessarily predictable from the technology alone. The findings from these low-stakes student experiments might be less applicable to the context of higher education because it is where prospective providers of academic services are likely to be highly educated professionals vying for a consequential, long-term position.
The candidate-experience evidence is more positive than it is negative, so a more constructive interpretation of the evidence is that conditions under which candidate reactions are better. The level of perceived fairness of the AI selection process is not predetermined but depends on the design: transparency regarding how the AI process works, the ability to provide explanations, and giving candidates the opportunity to express information – as well as retaining a visible human role – all tend to increase the level of perceived fairness (Acikgoz et al., 2020; Köchling et al., 2023; Qin et al., 2023). It is particularly important that there are differences regarding the perceptions of justice across stages and the role of the AI (Köchling et al., 2023), as this indicates that a ‘human-in-the-loop' approach (in which AI shares information for screening but humans make the final decision) might strike a balance between efficiency and acceptability better than either automation or fully manual processes. This is in line with the augmentation logic that developed out of the effectiveness goal and suggests an overall agreement in the literature that there is a link between complementarity and not substitution. The three objectives of Theme 2 are able to answer the substantive research question, but they do so on the whole in isolation, and almost exclusively in the context of processes outside the higher-education sector, and which do not necessarily combine the three strands into a unified description of the efficiency/fairness/trust trade-offs in a single hiring process: the task for which Themes 3 and 4 and finally the Discussion can be answered.
[bookmark: _Toc241164578]Theme 3: Emerging Debates
In addition to the empirically established results, there are several debates active in the field. This theme explores two: one, the new visions that are taking shape concerning human-AI complementarity, the non-technical nature of generative AI, and the socio-technical critique of all-things-tech fairy solutions; two, the critical conversation about the higher education setting, which the review considers the frontline where the sweeping conclusions are least at risk and most debated.
[bookmark: _Toc241164579]New Perspectives: Complementarity, Generative AI and the Limits of Technical Fixes
One of the first emerging views is that of a complementary relationship between human and AI power, not replacement. The common denominator through the effectiveness, ethics and candidate-experience evidence is a ‘human in the loop' configuration of AI as an assist in screening, and humans making the final decision. The stage differentiated reading of effectiveness (as described in Section 3.3.2), the differential perception of justice by stage, and by the role offered to AI (Köchling, Wehner and Ruhle, 2023), and the explicit calls for a human–AI balance by Ore and Sposato (2022) and Black and van Esch (2021) all point towards the same conclusion: that the best structure should be a division of labour between algorithmic support and human judgement, depending on the stakes associated with the role and the expectations of the applicant pool. In this way, the guiding question of the field shifts from a world of 'Human vs AI' to pipelines where tasks get allocated.
A second, rapid pace discussion has to do with how bias has made its way into the latest generation of tools. Bias toward intersectional gender and race has been recently found in the way that large language models evaluate résumés, as reported by An et al. (2025), who also showed that the most sophisticated generative models are not free from such biases as described in previous tools. This is important because it renders any notion that technical progress will correct the fairness issue on its own equal to a "blind man's man" and because intersectional disadvantage (when multiple traits are considered) is exactly what single-axis mitigation measures are least likely to capture.
A third, emerging view is a critique of technical debiasing itself. At the heart of the fairness discussion lie a number of technical mechanisms described by the critical and technical strands, in different ways, but all equally potent, and that are in use: algorithmic systems do discriminate not just because of the use of protected characteristics, but more insidiously because of the use of ostensively neutral features (like postcode, employment gaps, educational institution, or patterns of language) that proxy for protected characteristics (Köchling and Wehner, 2020; Chen, 2023). To suppress one proxy may simply force the predictive weights to move to another proxy, and various fairness definitions are mathematically incompatible such that debiasing methods described by Albaroudi et al. (2024) and fairness metrics described by Mujtaba and Mahapatra (2024) cannot be evaluated in the abstract. Technical debiasing, however advanced, is thus not a viable solution to a problem that is fundamentally social, as Seppälä and Małecka (2024) argue, since bias is not an issue of technology but of social structures and institutions that need to change. Fritts and Cabrera (2021) maintain that AI recruitment can lead to the 'dehumanising' of candidates by treating them as data points, not people, and Leicht-Deobald et al. (2019) suggest that algorithmic HR decision-making can also compromise the personal integrity and moral agency of the people involved. Transparency and explainability are repeatedly suggested as the remedy (Chen, 2023; Qin et al., 2023; Hunkenschroer and Luetge, 2022), but the key literature warns that transparency is not enough; namely, an explained decision can be an unjust decision. The audit conducted by Raghavan et al. (2020) suggests that vendors have little incentive to confirm the effectiveness of their bias mitigation strategies, and Kim's (2017) legal research shows that employers, as opposed to vendors, generally are responsible for the liability for discriminatory outcomes, an effect that is even more pronounced for organisations subject to statutory equality obligations.
The other closely related discussion is one about accountability and the role of the recruiter is shifting, and AI has started to rock that world. Just as the adoption evidence predicted (Section 3.3.1), AI transforms the job of a recruiter from being a hands-on evaluator into a supervisor of a series of automated processes and an interpreter of algorithmic output. This move prompts another question that has only just begun to be tackled by the corpus: who is actually calling the shots and who is liable for those decisions when an algorithm plays a role in making a hiring choice? Kim (2017) and Raghavan et al. (2020) have identified the source of legal liability as the employer, but the question of accountability within the organisation is less clear, and even more difficult in the context of a collegial workplace like higher education, where hiring occurs across Academic committees, and not in a single professional HR function. In this context the idea of a single responsible decision-maker is problematic, and the expertise, judgment, and moral responsibility of those who design and rely on the outputs of the algorithms are remediated in an as yet uncharted way. The debate is an open one, and evidence from the private sector is not very helpful to universities, for which the mainstream literature is not a model of distributed, merit-based governance.
[bookmark: _Toc241164580]Critical Discussion: Artificial Intelligence in the Higher Education Context.
The most important debate that is emerging in this dissertation is the higher-education environment, and this debate itself is one whose least attention that has been given is on the recruitment of staff. The large body of research on the use of AI in higher education is far too focused on teaching, learning and student administration and not enough on hiring. Blending a systematic review with a roadmap to existing AI applications in higher education, Zawacki-Richter et al. (2019) focus a systematic review on student-facing and instructional applications and remark that there is not much critical reflection on ethical and pedagogical aspects. Crompton and Burke (2023) also conclude that in addition to pedagogical applications, there are also applications in the administrative and decision-support domains; however, staff recruitment is not a major field of study. They align with two competing narratives in the discourse of AI in higher education: the optimism and efficiency rhetoric, and the risk and cautionary rhetoric, as outlined by Bearman et al. (2023).
AI's application and strategy in the recruitment of students in higher education has been the most common way for AI to interact with the recruitment process, with Cook (2026) exploring the use of AI in student recruitment and enrolment. The current evidence base for academic and professional staff hiring is very thin and largely prospective, with a proposed framework for integrating AI with video data for faculty hiring (2026) being conceptually based, and the one empirical study directly relevant, a 2025 survey of graduates' perceptions of AI in higher-education campus hiring, showing that trust, perceived usefulness and perceived fairness predict graduates' intentions to use AI in recruitment, while technological anxiety reduces it, a pattern that is consistent with the acceptance and justice frameworks, which have now been observed in an academic-hiring setting.
It is the near-absence, in this case, of the critical conclusion of this debate which makes its meaning clearer when the general findings of the previous themes are applied to the conditions of higher education. Unlike the hiring process as portrayed in the corporate world and which sits uncomfortably with tools geared towards automating the individual screening process, universities select via collegial and committee-based decisions, and the choice of which candidate to hire is treated as a collective judgement of academic merit. They are subject to clear statutory equality duties and the issues of liabilities and governance identified by Kim (2017) and Raghavan et al. (2020) are especially relevant to them. Their candidate pools for academic jobs are mostly highly educated professionals seeking long-term, consequential jobs, where candidate opposition to automated assessment is highest (Langer et al., 2019). Some of the most intractable traits of what universities look for when they make a selection, research originality, scholarly judgement, teaching capability and collegiality, are among the most elusive of traits to predict using the approaches that are effective in the use of AI. In academic recruitment, each condition suggests that the general findings may be different, or nonexistent. Effectively, none of these conditions are thoroughly tested in recruitment. This silence is not on the periphery but is central and the present dissertation is conceived to bridge this gap.
[bookmark: _Toc241164581]Theme 4: Research Gaps
It is a story that has a plot across the four themes which is coherent but incomplete, according to the literature. The adoption of AI in recruitment has been growing rapidly, driven by a projected efficiency boost and the competitive drive, rather than its proven effectiveness. There is some evidence of high levels of efficiency, and some predictive validity, but effectiveness is defined very simply, is highly dependent on the quality of the data and rarely compares the ability of AI to that of expert human judgment. Educational and technical literature makes clear algorithmic bias exists, spreads to new technologies, and can't be fixed technologically, and reveals a long-standing disconnect between what vendors claim is fair and what can be substantiated as such. The evidence from candidate experience research is largely experimental, low stakes and Western, and is consistent in showing that candidate experience of AI selection is less fair and less trustworthy than human selection. And the higher education literature is virtually devoid of information about staff.
The result of this synthesis is five research gaps identified that relate to the study's objectives. The first is a sector gap, in that while academic and professional staff jobs in higher education institutions are hardly represented in the literature, they are employed in the same ways as those in the private sector but in different governance and legal contexts (Objectives 1–3). The second is construct-integration gap: the adoption, effectiveness, ethics, and candidate experience are researched individually and therefore do not provide a construction of how candidate trust and perceptions of fairness are related to the gains in efficiency across the same hiring process (Objective 4). The third is an obvious "gap": adoption is often reported as intention rather than actual use, and candidate responses are elicited in hypothetical scenarios, while the behaviour of actual actors in actual scenarios of high stakes when hiring is underobserved (Objectives 1–2). The fourth gap is contextual: fairness is studied outside of the context of specific legal obligations, collegial cultures, and merit commitments that would shape fairness in practice in AI hiring (Objective 3). The fifth is an integration or design gap: while many call for the need for a ‘human–AI balance’, there is no synthesis in the literature to indicate when and where algorithmic tools should complement and not replace human judgment in the hiring process (Objective 4).
These gaps are inter-cumulative and together, they constitute the contribution of this dissertation. The higher education sector is a particularly fruitful place for synthesis because of the areas of intersection between the sector, contextual and integration gaps – settings with high fairness obligations, a tradition of collective human judgement and increasing exposure to commercial AI tools. The Discussion in Chapter 4 builds on these gaps directly, making links between the four themes to address the tensions and conflicts found in this chapter and to create a conceptual field to understand the implementations of AI and human judgment in recruitment and selection in higher education.
[bookmark: _Toc241164582]Chapter Summary
This chapter has summarised the 63 studies which were selected through the systematic synthesis process of Chapter 2, which have been analysed under four analytical themes. In Theme 1, theoretical and conceptual pillars of the field were laid (the acceptance tradition, the resource-based tradition, the organisational-justice tradition), and concepts were identified around which the field could be organised, specifically the lack of an integrating framework was identified as key. Theme 2 showed that although the empirical evidence indicates that candidates are more likely to accept the adoption of AI when they believe it to be more efficient than when they believe it to be less efficient, the advantages of AI's use are better known in high-volume screening and less known in judgement-intensive screening; and candidates consistently rate AI selection as less fair and less trustworthy than human selection, even though they do not rate it as less effective on contested and largely low-stakes evidence. In Theme 3 we explored the new debates around human–AI complementarity, generative-AI bias, the socio-technical critique of technical solutions, and the lack of evidence regarding the hiring of higher-education staff. Five interrelated research gaps were identified and bundled together in Theme 4 focusing on the higher-education environment. The same tension between efficiency and consistency that AI offers and fairness, transparency and human connection that candidates and institutions seek is repeated throughout each theme; it is the unbalanced dynamic of these that this chapter explores, from description and comparison to a critical discussion designed to answer the research questions and to suggest a conceptual framework for the use of AI in the recruitment process for higher education institutions.

[bookmark: _Toc241164583]Chapter Four: Discussion
[bookmark: _Toc241164584]Introduction
In this chapter, Chapter 3 is synthesized into the answers to the research questions, where as in Chapter 3 the literature was examined theme by theme and each strand was connected with the research questions. It is not meant to recapitulate the thematic review but to synthesize the results of the review into a coherent story, to resolve the tensions presented by the review, to identify theoretical implications of the resolution, and to render the entire process in a conceptual framework that will enable the responsible integration of AI and human judgment in recruitment and selection in the context of higher education. The chapter thus shifts from description and comparison to interpretation and analysis. It first brings together the evidence considered relevant to the three subsidiary research questions (Section 4.2); it then resolves the main tensions in the literature (Section 4.3); it identifies the theoretical implications and proposes an integrated analytical lens (Section 4.4); it constructs the conceptual framework that is the main contribution of the study (Section 4.5); it outlines the way in which the review meets the five research gaps identified in Section 3.5 (Section 4.6).
[bookmark: _Toc241164585]Integrating of Findings: Answering the Research Questions
In the latter, the evidence for each of the three subsidiary research questions will be combined across themes to provide a single considered answer to each question and demonstrate how the three answers contribute to a response to the overarching research question; Chapter 3 will address the three subsidiary research questions one theme at a time. The conversation is then carried out, one question at a time, and then the strands are pulled together.
[bookmark: _Toc241164586]The Extent and Drivers of AI Adoption (RQ1)
The initial research question posed was around the extent and why higher education institutions have implemented AI in recruitment and selection. Combining the adoption evidence (Section 3.3.1) and the theoretical foundations (Section 3.2) gives a definite but qualified answer. In the private sector, adoption has been significant and is driven by a set of consistent antecedents, such as competitive pressure, organisations' readiness, perceived benefits and performance expectancy (Pan et al., 2022; Tanantong and Wongras, 2024; Horodyski, 2023), which align well with the technology-acceptance and resource-based traditions. But two degrees change the equation for higher education. The literature on enabling conditions – that which enables the adoption of a tool and the embedding of it into the organization over time – suggests that the difference between the decision to adopt and embedding a tool over time is where readiness, data quality, and human oversight play a key role. Second, and more fundamental to this study, the evidence base is almost devoid of the higher-education sector. The best answer to RQ1 is thus that universities are subject to, and are in the process of testing, the same commercial tools as corporate employers but that the level of their continued application – and the efficiency and competition rationale behind such uptake – is not documented and is not necessarily transferable to a sector in which "legitimacy" and "collegial governance" and "equalities duties" are not peripheral concerns.
[bookmark: _Toc241164587]Effectiveness Relative to Human Recruiters (RQ2)
The second research question focused on the effectiveness of AI compared to human interventions in the hiring process. The integrated evidence doesn't support either of the strong claims or their opposite, but a stage-differentiated one. The benefits of using AI for speed, cost, scale, and consistency are well documented in the high-volume, structured phases of sourcing and early screening (Black and van Esch, 2020; Albert, 2019); and machine-learning research shows that the use of AI can be shown to actually improve the predictive validity in the screening stage where historical data are plentiful (Sajjadiani et al., 2019; Pessach et al., 2020). The case is weakened as the task becomes more judgemental: the construct-validity issues pointed out by Liem et al. (2018) and the fact that all such tasks rely on data quality (Strang and Sun, 2022) undermines the argument for automation when the task is at the final selection stage and involves complex, context-dependent qualities. So the best response to RQ2 is that the effectiveness of AI is not a universal property of its applications but rather depends on the match between a tool and a task: AI is most effective when there is a lot of volume, and a construct that is well-defined; AI is least effective when the construct is complex, tacit and collectively judged, which is the case with academic appointment. There are few comparisons of the AI with well-experienced human recruiters (and particularly search committees) to back any potential claim of improvement in the academic setting.
[bookmark: _Toc241164588]Fairness, Bias and Ethics (RQ3)
The third research question addressed the perception and the evidence of fairness, bias, transparency and general ethics of the use of AI-assisted selection in an academic setting. The most significant response in the review comes when the ethics and candidate-experience evidence (Section 3.3.3) are combined with the critique of technical fixes (Section 3.4.1) that is emerging.The most significant answer in the review arises when the ethics and candidate-experience evidence (Section 3.3.3) is combined with the emerging critique of technical fixes (Section 3.4.1). Algorithmic bias is not just a technical issue: it exists, it is well documented, and it is spreading into the latest set of generative systems (Köchling and Wehner, 2020), and it needs to be addressed with more than just technical; bias is embedded in social structures and neutral-seeming features serve as proxies for protected characteristics (Seppälä and Małecka, 2024; Chen, 2023). The perceptions of candidates, on the other hand, are consistently that AI selection is less fair and less trustworthy, not just because it serves their own interests, but because it is done in a manner that is less transparent and less explained, and where they feel less involvement in the process by humans (Lavanchy et al., 2023; Lee, 2018); but these perceptions can be influenced by presenting transparency, explanation and a visible human role (Acikgoz et al., 2020; Köchling, Wehner and Ruhle, 2023). The ethical case for higher education is neither the same as it is in corporate hiring but is perhaps stronger due to the statutory requirements of equality in the sector and the fact that it is the employer (not the vendor) who will bear responsibility if the outcomes are found to be discriminatory (Kim, 2017; Raghavan et al., 2020), with the sector-specific evidence almost nonexistent.
[bookmark: _Toc241164589]The Overarching Research Question
These three responses answer the main question posed in the research: What role does AI play in recruitment and selection within higher education and what is its performance compared to human recruiters with respect to effectiveness and fairness? All the evidence gathered has shown that AI's function is not to replace human judgment but to assist with it, as a stage-specific support to the human decision-making process. It works well, sometimes better, when there is a high volume of relatively well-structured tasks, and the resulting construct is very explicit; it doesn't work well, at least not proven, when there is high-volume, relatively unstructured work, or when the resulting construct is more implicit, that is, the tacit, contextual and collective judgement of merit that marks academic selection. It comes as no surprise that AI's effectiveness when it comes to fairness is not making any headway over human recruiters, and it is always seen as less effective, especially for procedural reasons, but partly due to design and can be improved by transparency and a continued role for humans. So, the comparative verdict is not that AI is better or worse than humans at recruiting in general, it's that AI and humans are complementary, and that the relative effectiveness depends on the point in the pipeline, the definability of the construct being evaluated and the institutional pressures at play in the decision-making process. The answer to this question, at least for higher education, is qualified by the addition of a caveat: it is assumed from the application of corporate evidence to the academic context, as there is very little sector-specific evidence.
[bookmark: _Toc241164590]Comparison Between Studies
The field itself is organized through three tensions and the three incorporate the evidence, rendering it possible to resolve these tensions rather than simply reiterate them. The first is the conflict between efficiency and fairness, between a managerial literature which spoke of AI as a productivity boost, and a justice-oriented one, which spoke of AI as a fairness threat. The resolution is that these are not competing responses to the same question, but to different questions at different phases of the pipeline: efficiency prevails when tasks are organized and are high volume; fairness prevails when there are decisions that will be consequential and contested; the apparent paradox is resolved when the determination of efficiency and fairness are tied not to the whole pipeline, but to the place in the pipeline where the questions are being asked. The second tension is between the technicallevel concept of bias as measurable and mitigable property of the thing and the socioglegal concept of bias as an emergent characteristic of unequal structures. In this case, the evidence does not support a either/or approach to solving the problem – technical mitigation is required, but clearly not enough – and the outcome-level auditing and institutional governance, which would otherwise be considered a solution, should be seen as complementary to, but not a substitute for, algorithmic debiasing (Raghavan et al., 2020; Seppälä and Małecka, 2024). The third conflict is between the accuracy and precision of some AI tools and the continued preference of candidates for human recruiters. This too is possible to reconcile, since the objection is procedural, not outcome-related (Lavanchy et al., 2023), meaning that it means that much of the efficiency of AI can be retained while satisfying the objectionant's desire to see and hold a human responsible. The reconciling action in both is the same: to cease regarding ‘AI’ as an enemy or competitor to ‘humans' as global agents, and to view them instead as complementary contributors whose combination is just right for a particular task, the stakes, and institutional setting.
[bookmark: _Toc241164591]Theoretical Implications: Towards an Integrated Lens
The review revealed two gaps in theory: the field is based on acceptance theory, resource-based view and organisational justice, but there is no single theory that brings them together, reflecting the substantive dichotomy between the managerial and justice approaches. The previous discussion suggests a successful assessment of AI in the recruitment process needs to be able to see, hear and feel all three of these lenses. Acceptance theory helps us understand why organisations and individuals adopt AI, and why they might not; the resource-based view helps us understand why hiring capability is beneficial and worth automating, whereas efficiency does not; and organisational justice helps us understand why efficiency does not necessarily equate to a legitimate outcome because how people are treated by the organisation is judged based on procedural attributes, not on efficiency. Tambe et al. (2019) foresaw the need for the theorising of the function to be job specific, and this synthesis clarifies what such theorising should look like—a theorizing in which the conditions under which the allocation of the task to the AI is legitimate (just) are governed by justice considerations, while the conditions under which the allocation is legitimate (capable) are governed by acceptance considerations. The fourth element which the mainstream frameworks do not include is relevant to higher education, not just because it serves to moderate the other three, but because it can be the basis for a restriction on the other three elements, if an efficiency maximising configuration does not meet an equality duty or is not accepted as collegially legitimate, for example.
This is why wholesale incorporation of corporate practice into higher education is unlikely to succeed, and why it is important to understand the reasoning behind this. Such a configuration, which might be efficient or more or less legitimate in a private-sector company (where the speed or cost of recruitment is a legitimate concern, the ability to hire might be a competitive advantage, and it is okay if some candidates leave), might be equally efficient and illegitimate in a university, where it may violate an equality of opportunity duty, sidestep collegial control, or repel the precise scholars the institution wants to lure. The theoretical importance of the study lies, therefore, in the shift from institutional context as a second-order to a first-order constraint, and in the demonstration of the legitimacy constraint's ability to constrain the efficiency objective in professionally governed sectors. This reframing has implications beyond higher education, for any sphere of employment where recruitment has legal and normative significance and is not reflected in markets and transactions.
[bookmark: _Toc241164592]A Conceptual Framework for AI-Supported Hiring in Higher Education
Combining these threads, this section puts forward a framework for responsible integration of AI and human judgement in the recruitment and selection process in higher education (Figure 4.1). The framework is organized by the hiring pipeline and based on a single organizing rule: the right level of automation is dependent on the nature and quantity of the task, and inversely dependent on the value and context of the task. In the sourcing and early-screening phase, relatively structured and high volume, AI can effectively take the lead, having the greatest value in its efficiency and consistency.AI can handle high-volume, relatively structured tasks like parsing CVs and engaging candidates, where its value is most sought after and least disputed. The AI's usefulness in the predictive-screening phase lies in its ability to be an assistive tool, with the suggestions it provides being reviewed by humans, which highlights the valid gains that can be achieved from data-rich models, but also the importance of the quality of the data. At the end of the selection process as it arrives at its final stage of decision making (where the academic merit, research potential, ability to teach and collegiality must be assessed) the selection process remains in the hands of the human committee, as the constructs are tacit, the stakes are high, and the legitimacy of the decision is dependent on the consensus of the human committee.
There are two more components to make a complete set-up. First, the institutional nature of higher education, collegial and committee-based organization, academic-merit norms and statutory equality duties, are boundary conditions on the pipeline, influencing the pipeline's preferences rather than what's permissible. Second, a governance and oversight mechanism is in place at each stage, ensuring transparency, explainability, bias auditing at the level of outcomes and clear responsibility, which otherwise could not be intertwined with the sector's equality obligations and enable algorithmic support. The results of the process (effectiveness – speed, validity, quality of hire; fairness and candidate trust – procedural justice and equality compliance) are then returned to the governance layer, thus making it not a prescription but a process whereby auditing continually feeds into the assignment of tasks. Thus, the framework puts into practice existing literature on the human–AI complementarity in which consensus has been reached, clarifying not only where but also under what conditions AI can be used to support academic hiring.
To illustrate, the framework is shown for a single academic appointment. A lectureship with several hundred applications could appropriately use AI to do the initial screening and sorting on the CVs, and to respond to the queryer with a chatbot to filter out who has the minimum of the needed qualifications and who might have some; and capture the efficiency gain without anyone having to argue about it and without taking up time on the committee to screen the applications. The tool may be used to predict rank the remaining applicants based on criteria relevant to the job at the predictive-screening phase, but the tool should not be used as a shortlist of candidates; although construct validity is not known for scholarly potential, the data that underlie predictive models are also unlikely to be as rich in any single institution. In the last phase (evaluating the originality of the research, the ability to teach and work together with others through references, presentations and interview), the power would be entirely in the hands of the committee. The governance layer would still want the use of the tool to be disclosed to applicants and the outputs to be subject to an audit for disparate impact in respect of the institution's equality obligations and a named person or panel to be held accountable for the decision. The framework does not eliminate human judgment from academic hiring, it shifts the use of human judgment away from low value administration and towards high value and contestable academic judgment which only a collegial body can properly perform.
[image: ]

Figure 4.1 A stage-differentiated, human-in-the-loop conceptual framework for AI-supported recruitment and selection in higher education.
[bookmark: _Toc241164593]How the Review Addresses the Identified Gaps
The five research gaps of Section 3.5 can be revisited in the framework and the integrated answers above. The sector gap has been resolved by bringing together the fragmented evidence from the private sector and re-reading it through an informed lens for the context of higher education, identifying where it can and cannot be anticipated to transfer. The integrated lens of Section 4.4 and the framework of Section 4.5 tackle the construct-integration gap: how can efficiency and how can it compete with fairness and trust in one pipeline? The contextual gap is mitigated by considering the institutional conditions of higher education as boundary conditions, not as background, and with the capacity to outperform efficiency logic. This approach to integration or design gap is addressed directly with the stage differentiated, human in the loop approach that outlines when and for which stages algorithmic tools will complement, not replace, human judgments. The evidential gap, which is the need for intention to be the only basis for evidence and for low-stakes vignettes to serve as the only basis for evidence of future primary research, is one of the biggest needs in the future for the present study, and one that cannot be resolved by literature review only.
[bookmark: _Toc241164594]Chapter Summary
Because of the stage-specific support role of AI to human judgement, rather than its competition with it, and its clear design limitations, it has been found to be most useful in the sector and construct-integration components of the review context, where volume is high and the construct well understood and clear, but not in the contextual and design components of the review where the construct is less understood and clear, thus leaving the obvious evidential component as the chief design limitation and the most salient priority for future primary research.


[bookmark: _Toc241164595]Chapter Five: Implications
[bookmark: _Toc239231826][bookmark: _Toc241164596]Introduction
This chapter applies the synthesis and conceptual framework of Chapter 4 to three audiences following the theory–practice–future sequence, that is, a lengthened literature review. It describes the contribution the study makes to scholarship, recommendations for the managers and institutions where academic and professional staff will be employed, and implications for the agenda for future research. Recommendations are not given in isolation but are linked to a finding, which is summarized in the previous chapters.
[bookmark: _Toc241164597]Theoretical Implications
The main theoretical contribution of the study is to provide greater detail on the frameworks that dominate the field of study, by clarifying how these frameworks need to be combined. The analysis does not consider technology acceptance and organisational justice as mutually exclusive or competing explanations, but as complementary parts of a larger explanation: The allocation of AI in the hiring process is explained by the consideration of acceptance, while the conditions of that allocation is explained by justice. This is a straight response to Tambe et al. (2019) call for employment-specific theorising and a solution to the construct-integration gap, as detailed in Section 3.5. A second theoretical implication comes with the addition of institutional context as a boundary condition, not a moderator. The study also reveals that, in higher education, collegial governance and academic-merit norms and statutory equality duties can altogether overwhelm efficiency logic, indicating that the former acceptance-based models, which are based on prediction of individual uptake, are structurally unsuitable for an environment where the legitimacy of a decision is a collective and legally constrained affair. The conceptual framework of Section 4.5 provides a novel lens through which other researchers might view algorithmic hiring in other professions and value-laden contexts, and beyond just the corporate context in which it has been studied.
Another methodological contribution comes from the procedure the review followed. The study illustrates how the evidence on algorithmic hiring, which is often presented in a narrative or vendor-driven way, can be brought together transparently and rigorously using a PRISMA-inspired, journal-ranking-gated protocol, and a topic that is often presented in an interdisciplinary way. The same scattering of knowledge in HRM, information-systems, ethics and sector-specific literature poses a barrier to summarizing the lessons learned in other, overlapping fields of potential application, algorithmic management, automated performance appraisal, or AI in professional licensing, that could benefit from a replicable template of this review. The synthesis also brings a theoretical agenda for others: the integrated lens suggests testable propositions, such as the ability of an AI-supported decision to be accepted will rely more on the procedural transparency than its predictive accuracy, and institutional context will influence the acceptance–use relationship more in professionally governed sectors than in commercial ones.
[bookmark: _Toc241164598]Practical and Managerial Implications.
A set of concrete, prescriptive recommendations for leaders in the university, HR directors, and search committees emerge from the evidence. First, institutions should be selective and gradual when implementing AI, using it as an additional support tool in sourcing and initial screening, human-powered validation of AI in predictive screening, and a tool in final selection only as a supplement to the decisions made by the academic community, which is the ultimate decision-maker in the selection process. Managers should therefore be wary of “full automation” offers from vendors, since data on the effectiveness of AI in the judgement-heavy part of the academic hiring process is the least convincing at that point. Second, rather than being viewed as a safeguard, outcome-level bias auditing and contractual transparency should be seen as essential procurement requirements, not something that institutions are required to do; employers, not vendors, are legally accountable if their systems create harmful bias (Kim, 2017), and vendors' claims of bias mitigation are often overstated and not substantiated by evidence (Raghavan et al., 2020). The fact that a tool does not use protected data is a pledge (on the evidence of the review) that is virtually meaningless as a guarantee of fairness. Third, because candidate reaction to AI isn't about the results, but about the process, there are opportunities to ensure universities are perceived as acting fairly and have a more visible and accountable human presence in the decision-making process for the consequential decision. The framework leads to a "governed human-in-the-loop" practical ‘action plan' in which efficiency is captured at the front of the pipeline, while the human judgement, with transparent oversight, remains at the critical tail end of the pipeline.
The results have implications, not only for the individual institution level, but also at the sector level, for policy and regulation. There is a case for a sector-level approach: shared best practice in procurement to ensure that the fairness claims of AI hiring tools are validated through independent bias auditing; model documentation and reporting of outcomes prior to the approval of an AI hiring tool for use across universities; and coordinated data sharing to enable the head-to-head evaluations which the literature currently lacks. Higher education institutions would have much more power when acting in concert to pressure the vendors to be transparent than when each institution does so alone, making this governance layer of the framework an industry norm rather than an institutional aspiration. Policymakers, in turn, should view automated academic hiring as squarely in the category of growing algorithmic-accountability regimes and not as one of the many administrative concerns. The 'three-lens' model of balancing theory, practice and future research, which this chapter has set out to achieve, is a useful illustration of the main message of this review: progress on any single of the three is vulnerable if any of the others is not kept up.
[bookmark: _Toc241164599]Research Implications and Future Directions
The study also has implications for the research agenda, as a consequence of the limitations. It is an extended review of literature that is made up of secondary, English-language and peer-reviewed evidence, and largely from the last 10 years (2015-2025), thus reflecting the biases of that evidence base: a focus on adoption intention instead of sustained use, low-stakes experimental vignette studies instead of high-stakes hiring studies, and private sector, Western samples. Synthesis could not break these boundaries apart and they represent priorities for future work. There are three directions that are particularly pressing. Primary research is essential first, to see how AI works in practice when being used for academic and professional staff appointments, how it is used in conjunction with committee judgement, and its impact on statutory equality obligations, which is virtually ignored in the literature. Second, head-to-head studies are needed that are truly comparative that compare AI with actual human recruiters and search committees at every stage of hiring to ensure that the claims are internally validated. Third, the conceptual model presented here should be tested and refined on the empirical level, in order to determine if the stage-differentiated allocation has the potential to enhance outcomes and fairness in practice and to be transferable to other professionally governed sectors. A fourth direction is that of method: the current evidence is largely based on cross-sectional surveys and hypothetical vignettes, and future research could use longitudinal and field-based designs, such as tracking tools that repeat the hiring process and observing reactions of real applicants to real positions and jobs, instead of self-reported experiences, for positions that have real consequences. Taking up these directions would take the field in the direction of the evidence-based and context-specific diagnosis that responsible adoption requires.
[bookmark: _Toc241164600]Chapter summary 
The implications of the study are theoretical, practical and future research, with the central message being that: responsible adoption requires advancing all three in tandem, acceptance, capability and justice considerations must not be viewed as rivals, but must be considered together; institutions must adopt AI incrementally and with care, with outcome-level bias auditing and procedural transparency as non-negotiable safeguards, and with an accountable human role retained at stage-level decision points; and the research community must produce the sector-specific, comparative and longitudinal evidence that the field lacks today – through primary research in the higher education space, through genuinely head-to-head studies that compare AI with experienced recruiters and search committees, and through empirical testing of the proposed framework – so that adoption is observed as sustainable and fairness as experienced, not imagined, because progress on any one of these is left without a safeguard if the others remain stagnant.




[bookmark: _Toc241164601]Chapter Six: Conclusion
[bookmark: _Toc241164602]Introduction
The aim of this dissertation was to critically analyse the application of AI in recruitment and selection within higher education and specifically the efficacy and equity of AI compared to human recruiters. It has compiled the fragmented information on adoption, effectiveness, ethics and candidate experience, presenting it in a PRISMA-informed synthesis, organised according to four analytical themes, and compared it with the unique circumstances of the academic sector.
[bookmark: _Toc241164603]Answering the Research Questions
The solution to the research question is that AI has a very real but limited role and that its effectiveness compared to humans in recruitment can only be defined based on the stage in which recruitment is taking place. There are 4 discoveries that stand out. First, adoption is more about expected efficiency and competitiveness than proof of performance, and is recorded almost exclusively outside of higher education. Second, the value of AI is real but situational: most effective when screening large volumes of structured work, least effective when making critical decisions where judgment is required, as at the moment of final selection and appointment to a professorship. Third, algorithmic bias is not a figment of the imagination, is becoming part of the latest generative tools, and is no longer a purely technical problem to be solved by technical solutions – candidates repeatedly rate AI-selection as less fair than human-selection. In particular, in higher education, much of the evidence base is missing, despite the sector's access to the same tools, as being bound by equal opportunities duties and by default having collegial judgement, the knowledge base about AI in academic hiring is largely derived from corporate settings that do not necessarily apply in higher education.
[bookmark: _Toc241164604] Highlight contributions
This study provides two key contributions. Conceptually, it is the first comprehensive, industry-specific overview of the use of AI in the higher-education recruitment process, clarifying where the private-sector evidence is applicable and where it isn't, and offering a unified narrative on adoption, effectiveness, ethics and candidate experience, instead of a collection of individual disciplines. It puts forward a stage differentiated, human-in-the-loop approach that brings together, in one single conceptual framework, the theory of academic hiring that is fragmented in the field, such as technology acceptance, resource-based view and organisational justice, and also places the question not of whether but of where, under what governance, AI should be applied to academic hiring. It thereby responds to the identified sector, construct-integration, contextual and design gaps from the review and reframes the institutional context from being a background factor to a determinant boundary condition on what configurations of the AI are allowed.
[bookmark: _Toc241164605]Clarify limitations 
The study has some limitations that must be taken into account in reading these contributions. Its findings are only as strong as the evidence synthesized from the secondary, English-language and peer-reviewed literature, which is highly dependent on adoption intention rather than continued use, upon low-stakes experimental samples, and upon private-sector, Western settings—evidential gaps that exist in particular make it impossible for a review to close. While the restriction to journals covered by ABS, ABDC or SJR is a conscious quality filter, it could have filtered out valuable contributions to the field from education, law or computing journals that were not business journals, and the conceptual structure of the study is analytical in nature and remains to be empirically tested. These are the limitations of literature review as a method, not shortcomings in the synthesis but they set the limits of what the study can claim: a well-grounded diagnosis and a testable framework, not a validated model of practice.
[bookmark: _Toc241164606]The Wider Significance of the Study
These findings have more wide-ranging implications than the subject matter itself. The tension between efficiency and fairness, legitimacy and human judgement lies at the heart of all algorithmic hiring and higher education is a revealing case precisely because it brings it to a head, in the acute form. The tension in a sector which is required to balance limited budgets, increased applicant numbers, statutory equality obligations, and a tradition of collegial and merit-based appointment cannot be solved by assuming either a 'set and forget' approach to automation or simply ignoring the issue. Thus, the stage-differentiated, governed approach this study recommends is not only a prescription for universities but a demonstration of how any values-laden, professionally governed sector might integrate AI without giving up the human responsibility grounded in human accountability that underlies the legitimacy of the value-laden decision-making of the sector. The demand for such principled and evidence-based frameworks – not for reacting to the adoption of these tools, but for reacting to their increasing capabilities and the increasing marketing of these tools to employers – will only increase.
[bookmark: _Toc241164607] Final Recommendations and Future Research
There are three steps that follow for both the academic and practitioner community: first, to involve in primary research in the academic and professional staff hiring process in universities; second, to compare the proposed conceptual framework of AI with established human professional recruiters for the first time, specifically within the various stages of the hiring process; third, to test and adapt the conceptual framework presented here in practice. Universities are rushing into their hiring processes with AI before the evidence is in place to prove its worth. The key principle of this review is that the right course is not 'automation' or 'refusals' but 'governed division of labour', and that efficiency should be sought where it can, and where academic merit, fairness and legitimacy requires it, retain human judgement.
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APPLICATION FOR ETHICAL APPROVAL

In order for research to result in benefit and minimise risk of harm, it must be conducted ethically.

The University follows the OECD Frascati manual definition of research activity: “creative work
undertaken on a systematic basis in order to increase the stock of knowledge, including knowledge of man,
culture and society, and the use of this stock of knowledge to devise new applications”. As such this covers
activities undertaken by members of staff, postgraduate research students, and both taught postgraduate
and undergraduate students working on dissertations/projects.

The individual undertaking the research activity is known as the “principal researcher”.

This form must be completed and approved prior to undertaking any research activity.

SECTION A: About You (Principal Researcher)

1 Full Name: Rahulkumar Vipulkumar Panchal
2 Student Number: 2503884

3 Email address: 2503884 @student.uwtsd.ac.uk
4 Programme of Study: MBA International Business

5 Supervisor: Alireza Nazarian

SECTION B: Internal and External Ethical Guidance Materials

Please list the core ethical guidance documents that have been referred to during the completion of
this form (including any discipline-specific codes of research ethics, location-specific codes of
research ethics, and also any specific ethical guidance relating to the proposed methodology).
Please tick to confirm that your research proposal adheres to these codes and guidelines. You may
add rows to this table if needed.

UWTSD Research Ethics & Integrity Code of Practice

(]

UWTSD Research Data Management Policy

(]

UWTSD Guidance / Policy on the Use of Generative Artificial Intelligence

(]

Alw N |k

]

SECTION C: Details of Research Activity

. . .o |Human Recruiters or Artificial Intelligence? Exploring the Role of Al in Recruitment
1 |Indicative title: Ny AR S
and Selection within Higher Education
2 Proppsed start 21 July 2026 Prop_osed end 27 August 2026
date: date:
Introduction to the Research (maximum 300 words in each section)
Ensure that you write for a Non-Specialist Audience when outlining your response to the three
points below:
e Purpose of Research Activity
¢ Proposed Research Question
¢ Aims of Research Activity
e Objectives of Research Activity
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Demonstrate, briefly, how Existing Research has informed the proposed activity and explain

* What the research activity will add to the body of knowledge
* How it addresses an area of importance.

Purpose of Research Activity

(this box should expand as yol
The purpose of this study is to examine how Artificial Intelligence (Al) is being used in staff
recruitment and selection within universities and other Higher Education (HE) institutions, and how
this compares with the work of human recruiters in terms of how well it performs and how fair it is. Al
tools — such as automated CV screening, chatbots and algorithmic shortlisting — are increasingly
used by employers, yet most existing research focuses on the private sector rather than on HE.

3 Existing studies (for example, Vrontis et al., 2022; Hunkenschroer and Luetge, 2022; Ore and
Sposato, 2022) report both clear efficiency benefits and important concerns around bias, fairness and
transparency, but they treat HE only in passing. This project addresses that gap by drawing together
the scattered evidence and focusing specifically on the HE context. Because no primary data is
needed to answer the question, the study takes the form of a structured Extended Literature Review,
systematically gathering, appraising and interpreting existing published research. It will add to
knowledge by mapping what is currently known, identifying gaps, and proposing a simple framework
to guide the responsible use of Al alongside human judgement in academic hiring. This is an area of
growing practical importance, as universities face pressure to recruit efficiently while meeting equality
and ethical obligations.

Research Question

(this box should expand as you type)
Main research question:
What role does Artificial Intelligence play in recruitment and selection within Higher Education, and

4 |how does it compare with human recruiters in terms of effectiveness and fairness?
Sub-questions:
1. To what extent have Higher Education institutions adopted Al within their recruitment and selection
processes, and what factors drive or inhibit this adoption?
2. How effective is Al relative to human recruiters in screening and selecting candidates?
3. How do stakeholders perceive the fairness, transparency and ethical implications of Al-driven
selection in Higher Education?
Aims of Research Activity
Number your aims and link them to your objectives
s box should expand as you t
5 To critically explore the role of Artificial Intelligence in recruitment and selection within Higher

Education institutions, evaluating its relationship with human recruiters in terms of adoption,
effectiveness and fairness, through a structured review of the existing literature.

This aim is achieved through Objectives 1-4 below: Objective 1 addresses adoption, Objective 2
addresses effectiveness, Objective 3 addresses fairness and ethics, and Objective 4 synthesises the
evidence into a conceptual framework.

Obijectives of Research Activity

(this box should expand as yol
1. To examine the extent of, and key drivers behind, Al adoption in recruitment and selection within
the Higher Education sector.

6 |2. To assess the effectiveness of Al tools relative to (and alongside) human recruiters in candidate
sourcing, screening and selection.

3. To investigate perceptions of fairness, bias, transparency and ethical implications associated with
Al-assisted selection decisions.

4. To synthesise the evidence into a conceptual framework that supports the responsible integration
of Al and human judgement in HE recruitment.
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Proposed data collection methods (maximum 600 words)

Provide a brief summary of all the methods that may be used in the research activity to collect data,
making it clear what specific techniques may be used. If methods other than those listed in this
section are deemed appropriate later, additional ethical approval for those methods will be needed.
You do not need to justify the methods here but should instead describe how you intend to collect the
data necessary for you to complete your project.

This should describe how you intend to collect data. It should not include a discussion of the
theoretical basis for your data collection methods. Please note, that if you intend to collect any
audio/video recordings of interviews with participants then these will be classified as Personal Data
under GDPR/DPA2018. If you intend to use these then note this in section H.

(this box should expand as you type)

This is a secondary-data study; no primary data will be collected and there are no human
participants. The data consists entirely of existing, publicly available published academic literature.
Sources will be identified through structured searches of academic databases (Scopus, Web of
Science, Business Source Premier (EBSCO), Emerald Insight and Google Scholar) using a defined
set of Boolean search terms combining the concepts of ‘artificial intelligence’, 'recruitment/selection’
and 'higher education’, limited to material published between 2015 and 2025. Retrieved records will
be screened against clear inclusion and exclusion criteria (peer-reviewed, English-language, relevant
to Al in recruitment/selection) following the four-stage PRISMA process — identification, screening,
eligibility and inclusion — documented in a PRISMA flow diagram. Each included source will be logged
in a data-extraction matrix capturing author, year, context, method, Al application and key findings.
No interviews, questionnaires, surveys, observations or audio/video recordings will be used, and no
personal data will be gathered from any individual.

SECTION D: Scope of Research Activity

Will the research activity include: YES NO

1 Use of a questionnaire or similar research instrument? O

2 Use of interviews? O

3 Use of focus groups? m]

4 Use of participant diaries? O

5 Use of video or audio recording? O

6 Use of computer-generated log files? O

7 Participant observation with their knowledge? O

8 Participant observation without their knowledge? m]

9 Access to personal or confidential information without the participants’ specific o
consent?

10 Admir)istration of any questions, test stimuli,_ presentation that may_be o
experienced as physically, mentally or emotionally harmful / offensive?

11 | Performance of any acts which may cause embarrassment or affect self-esteem? m]

12 | Investigation of participants involved in illegal activities? m]

13 | Use of procedures that involve deception? O

14 | Administration of any substance, agent or placebo? O

15 | Working with live vertebrate animals? O

16 | Procedures that may have a negative impact on the environment? (]

17 | Other primary data collection methods. Please indicate the type of data collection O
method(s) below.
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Details of any other primary data collection method:

(this box should expand as you type)

If you have ticked NO to every question then the research activity is (ethically) low risk and you may skip
section E and continue to section F.

If YES to any question, then no research activity should be undertaken until full ethical approval has been
obtained.

SECTION E: Intended Participants

Who are the intended participants:

=<
m
7]
4
o

1 | Students or staff at the University?

2 | Adults (over the age of 18 and competent to give consent)?

3 | Vulnerable adults?

2 Children and Young People under the age of 18? (Consent from Parent, Carer or
Guardian will be required)

5 | Prisoners?

6 | Young offenders?

Those who could be considered to have a particularly dependent relationship with
the investigator or a gatekeeper?

8 | People engaged in illegal activities?

Others. Please indicate the participants below, and specifically any group who
9 | may be unable to give consent.

O o|ojojo|(ojo|lo
Oo|jojojo|(ojo|lo

Details of any other participant groups: | [m}
Complete this only if your participants cannot give consent. This includes animals

(this box should expand as you type)

Participant numbers and source
Provide an estimate of the expected number of participants. How will you identify participants and
how will they be recruited?

Ballpark figures are fine but make sure that you explain how you
How many participants are will identify and contact your participants.
10 | expected?

Who will the participants be?

11
How will you identify the
12 L
participants?
Information for participants:
YES NO N/A
13 Will you describe the main research procedures to participants in o o o
advance, so that they are informed about what to expect?
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14 | Will you tell participants that their participation is voluntary? O m] m]
15 | Will you obtain written consent for participation? O m] m]
16 Will you explain to participants that refusal to participate in the o o o
research will not affect their treatment or education (if relevant)?
If the research is observational, will you ask participants for their
17 g ] O O
consent to being observed?
Will you tell participants that they may withdraw from the research at
18 A O O O
any time and for any reason?
With questionnaires, will you give participants the option of omitting
19 3 ] O O
questions they do not want to answer?
20 Will you tell participants that their data will be treated with full o o o
confidentiality and that, if published, it will not be identifiable as theirs?
Will you debrief participants at the end of their participation, in a way
21 3 ] O O
appropriate to the type of research undertaken?
22 | If NO to any of above questions, please give an explanation
You should be able to tick YES for all of these questions. If not, then explain why not in this box.
Id expand as you type)
Information for participants: YES NO NIA
24 | Will participants be paid? O O m]
25 | Is specialist electrical or other equipment to be used with participants? O m] m]
Are there any financial or other interests to the investigator or
26 R Y o . ] O O
University arising from this study?
Will the research activity involve deliberately misleading participants in
27 . = A O O (]
any way, or the partial or full concealment of the specific study aims?
28 | If YES to any question, please provide full details

You should be able to tick NO for most of these questions. For any cases that you have ticked YES
then provide details in this box. If you are using cameras/voice recorders to record interviews, then
please state that in this box.

Id expand as you type)

SECTION F: Anticipated Risks

Outline any anticipated risks that may adversely affect any of the participants, the
researchers and/or the University, and the steps that will be taken to address them.

Risks to participants
For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm,

a transfer of personal data, sensitive organisational information. If you have identified in section D
that there are no participants, then enter N/A and go skip to question 3.
Risk to participants: How you will mitigate the risk to participants:
There are always risks. Do not write N/A unless
you have no participants.
( expand as you type) ould expand as you type)
This is a secondary-data Extended Literature As no participants are involved, no participant-
Review that draws only on existing, publicly facing mitigation is required. The integrity of the
available published literature. As there are no review is protected by following a transparent
human participants and no primary data PRISMA process, using only published sources,
collection, there are no direct risks to participants | and accurately citing all material.
such as emotional distress, physical harm or
transfer of personal data.

2 | If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity,
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drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give
details of the procedures to deal with these issues, including any support/advice (e.g. helpline
numbers) to be offered to participants. Note that where applicable, consent procedures should
make it clear that if something potentially or actually illegal is discovered in the course of a project,
it may need to be disclosed to the proper authorities

(this box should expand as you type)

The study involves only published academic literature and no participants, so no sensitive,
embarrassing or upsetting topics are addressed and no disclosures requiring further action can
arise. Should any published source touch on sensitive matters, it will be handled objectively and
cited accurately as part of the literature.

Risks to the investigator
3 | For example: personal health & safety, physical harm, emotional distress, risk of accusation of
harm/impropriety, conflict of interest

Risk to the investigator: How you will mitigate the risk to the investigator:
There are always risks. Do not write NA.

(this box should expand as you type) (this box should expand as you type)
Prolonged screen and desk work during The researcher will take regular breaks and
extended reading, screening and writing may f9||0W good . . .
cause eye strain, fatigue or musculoskeletal dlspIay-screen-equ|pmentlergonom|c practice,
discomfort. There is also a low risk of use systematic reference management and
unintentional plagiarism or mis-citation when verify every source, and gomply with the -
handling a large volume of sources, and of over- | UWTSD academic-integrity and Al-use policies,
reliance on Al editing tools. retaining full authorship of all analysis and
writing.

Universitylinstitutional risks

‘ For example: adverse publicity, financial loss, data protection
Risk to the University: How you will mitigate the risk to the University:
There are always risks. Do not write NA.
(this box should expand as you type) (this box should expand as you type)
Reputational or academic-integrity risk to the A transparent, replicable PRISMA methodology
University could arise if the literature were will be followed; all claims will be evidenced and
misrepresented, mis-cited or sources fabricated, | accurately cited with verified references; work
or if data were poorly managed. will be conducted under supervisor oversight
and in line with the UWTSD Research Ethics &
Integrity Code of Practice and Research Data
Management Policy.
5 Environmental risks
For example: accidental spillage of pollutants, damage to local ecosystems
Risk to the environment: How you will mitigate the risk to environment:
(this box should expand as you type) (this box should expand as you type)
Environmental risk is negligible and limited to the | Work will be carried out on existing equipment
energy consumption of computing and cloud using a digital-first approach with minimal
storage used for searching, storing and writing printing, keeping any environmental impact to a
up the review. minimum.

SECTION G: Feedback, Consent and Confidentiality

If you have identified in section D that there are no participants, then enter skip this section and continue to
section H.
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1

Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when?

You don’t need to email your participants with your final report. A good alternative is to set up an
email address that they will be able to contact for further details or results.

(this box should expand as you type)

Not applicable / no participants. This is a secondary-data Extended Literature Review that uses
only existing, publicly available published literature, so there are no participants to debrief or
provide feedback to. The completed review will be submitted for assessment and shared only with
the academic supervisor and marking team.

Informed consent

Describe the arrangements to inform potential participants, before providing consent, of what is
involved in participating. Describe the arrangements for participants to provide full consent before
data collection begins. If gaining consent in this way is inappropriate, explain how consent will be
obtained and recorded in accordance with prevailing data protection legislation.

If you are using a paper questionnaire then you should have the participants sign an appropriate
consent form. These forms will count as personal data and should be noted as such in section J.
If you are using an online questionnaire, then you should have a screen before the questions start
that acts as a consent form, informing participants that by clicking on the NEXT button they are
providing consent.

(this box should expand as you type)

Not applicable / no participants. As the study is a literature-based review drawing solely on
published secondary sources, no human participants are recruited and no informed consent is
required. All sources used are already in the public domain and are cited in full in accordance with
the UWTSD Research Ethics & Integrity Code of Practice.

Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality will be ensured in any outputs. If
anonymity is not being offered, explain why this is the case.

Do not collect names unless you really need them. Do not name participants or organisations in any
research publications (including the thesis) without their explicit permission.

(this box should expand as you type)

Not applicable / no participants. Because the research is an Extended Literature Review based only
on published literature, no personal or participant data is collected and questions of participant
anonymity or confidentiality do not arise. Published authors and sources are acknowledged and
referenced as normal academic practice.

SECTION H: Data Protection and Storage

Does the research activity involve personal data (as defined by the General
Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 YES NO
“DPA")?

“Personal data” means any information relating to an identified or
identifiable natural person (‘data subject’). An identifiable natural
person is one who can be identified, directly or indirectly, in
particular by reference to an identifier such as a name, an

1 identification number, location data, an online identifier or to one or m)
more factors specific to the physical, physiological, genetic,
mental, economic, cultural or social identity of that natural person.
Any video or audio recordings of participants is considered to be
personal data.
If YES, provide a description of the data and explain why this data needs to be collected:
This includes audio/video data of participants but can also include IP addresses and usernames.
2 Names, addresses and emails also count, as do consent forms.
(this box should expand as you type)
Does it involve special category data (as defined by the GDPR)? YES NO
3 “Special category data” means sensitive personal data consisting of
January 2026 7 Ethical Approval Form
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information as to the data subjects’ —
(a) racial or ethnic origin,
(b) political opinions,
(c) religious beliefs or other beliefs of a similar nature,
(d) membership of a trade union (within the meaning of the Trade
Union and Labour Relations (Consolidation) Act 1992), (m]
(e) physical or mental health or condition,
(f) sexual life,
(g) genetics,
(h) biometric data (as used for ID purposes),
If YES, provide a description of the special category data and explain why this data needs to be
collected:
What counts as ‘sensitive’ will differ between cultures. Any information on behaviour that is not in
accordance with cultural norms would count as sensitive personal data.
4
(1 uld expand as you type)
Will data from the research activity (collected data, drafts of the thesis, or | YES NO
materials for publication) be stored in any of the following ways?
5 | Manual files (i.e. in paper form)? o
6 | University computers? o
7 | Private company computers? o
8 | Home or other personal computers? o
9 | Laptop computers/ CDs/ Portable disk-drives/ memory sticks? o
10 | “Cloud” storage or websites? o
1 Other — specify: o
For all stored data, explain the measures in place to ensure the security of the data collected, data
12 | confidentiality, including details of backup procedures, password protection, encryption,
anonymisation and pseudonymisation:
If possible, save your data on computers that are secure and regularly backed up. Many cloud
services only provide GDPR-compliant storage for business customers. An example of suitable text
is given below.
All data will be kept in password protected cloud storage on the University Office 365 system which
will not be shared. Audio/visual data will be transcribed and would be shown to participants to
check accuracy of reporting. Any USB sticks used to store or transfer data will be password
protected. All participants will be given a unique identifier to ensure confidentiality and this list will
be kept securely in the password protected folder.
( hould expand as you type)
All research materials (search records, screening logs, the data-extraction matrix and thesis drafts)
will be kept in password-protected cloud storage on the University's Microsoft Office 365 (OneDrive)
system, which is password-protected and regularly backed up, and on the researcher's own
password-protected personal computer. As the study uses only publicly available published
literature and collects no participant or personal data, anonymisation and pseudonymisation are not
required. The materials retained are limited to search records, screening logs, the data-extraction
matrix and thesis drafts. These will be kept until completion of the project and the end of the
assessment period, in line with the UWTSD Research Data Management Policy, and then deleted.
Data Protection
January 2026 8 Ethical Approval Form

UNDERGRADUATE AND TAUGHT POSTGRADUATE COURSES ONLY





image12.png
ETHICS FORM - UNDERGRADUATE AND TAUGHT POSTGRADUATE COURSES ONLY

Will the research activity involve any of the following activities: YES NO

13

]

Electronic transfer of data in any form?

14

Sharing of data with others at the University outside of the immediate research
team?

X

15

X

Sharing of data with other organisations?

16

X

Export of data outside the UK or importing of data from outside the UK?

17

Ooolo|o

Use of personal addresses, postcodes, faxes, emails or telephone numbers?

18

Publication of data that might allow identification of individuals? m]

19

If YES to any question, please provide full details, explaining how this will be conducted in
accordance with the GDPR and Data Protection Act (2018) (and/or any international equivalent):

This includes data such as drafts of your thesis as well as experimental or survey data. An example
of suitable text is given below.

All data will be encrypted and kept in password protected cloud storage on the University Office
365 system which will not be shared. Any USB sticks used to store or transfer data will be
password protected. All data transfers will be encrypted and password protected. All participants
will be given a unique identifier to ensure confidentiality and this list will be kept securely in the
password protected folder. The data will be stored until the completion of the project and then
deleted. In accordance with the DPA2018, participants will have the right to ask to see what data is
held relating to them, and this data will be deleted immediately if the participant requests this, in
which case the data will not be used in the project.

(this box should expand as you type)

Not applicable. The study collects no participant or personal data, as it draws solely on published
secondary literature, so none of the activities listed above apply. Where thesis drafts are shared
with the supervisor and marking team, this takes place entirely within the University's password-
protected, GDPR/DPA 2018-compliant Office 365 (OneDrive) environment and involves no
personal data.

20

List all who will have access to the data generated by the research activity:

Normally the principal researcher, possibly also the supervisor and, if the project has an industrial
partner, a representative of that partner. Possibly also external examiner or second marker?

(this box should expand as you type)
The principal researcher (the student), the academic supervisor, and — for assessment purposes —
the second marker and/or external examiner.

21

List who will have control of, and act as custodian(s) for, data generated by the research activity:

Usually the principal researcher.

(this box should expand as you type)
The principal researcher (the student) will act as custodian of the data, under the oversight of the
academic supervisor.

22

Give details of data storage arrangements, including security measures in place to protect the data,
where data will be stored, how long for, and in what form.

All data will be encrypted and kept in password protected cloud storage on the University Office
365 system which will not be shared. Any USB sticks used to store or transfer data will be
password protected, and will be reformatted at the end of the project in order to destroy the data.
The data will be stored until the completion of the project and then deleted.

(this box should expand as you type)

All materials (search records, screening logs, the data-extraction matrix and thesis drafts) will be
kept in password-protected cloud storage on the University Office 365 (OneDrive) system, which
will not be shared beyond the supervisory/assessment team, and on the researcher's own
password-protected personal computer. Materials will be stored until completion of the project and
then deleted. As only published secondary literature is used, no participant or personal data is held.
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22

Confirm that you have read the UWTSD guidance on data management (see
https://www.uwtsd.ac.uk/library/research-data-management/)

23

Confirm that you are aware that you need to keep all data until after your
research has completed or the end of your funding

SECTION I: Use of Al tools

Use of generative Al and other Al-based tools

There are a number of ethical issues relating to the use of generative Al

and other Al-based tools, including data security, output bias, and output

errors. In general you should assume that any generative Al or other Al-

N 7 YES NO N/A

based tool that you pay to use is more secure and accurate than one which

is free to use.

Will the research use Al tools to do any of the following:
1 | Capture data? O m]
2 | Generate and/or edit text? O O
3 | Generate graphics? O m]
4 | Generate video? O O
5 | Generate sound/music? O O
6 | Generate code? O O
7 | Generate synthetic data? O m]
8 | Analyse data? O m]
9 | Analyse personal or sensitive data? O m]
10 | Classify data? O m]
11 | Do you intend to use the free version of any Al tools? O O

If you have answered YES to any of questions O1-O11, please provide justification detailing why this is
necessary for the research.

12

State which Al tool or tools you will be using, and where they are based (or store their data — you
may need to check their webpages or user agreement for this). If you are planning to use Copilot
then say if you're using the UWTSD version of it or the public version. You should also show how
you are complying with current UWTSD guidance/policy of the use of Al.

(this box s|
The research will use a generative Al assistant (ChatGPT) solely to support language editing,
proofreading, and structuring. The free/standard versions may be used. This is appropriate because
no personal, sensitive or participant data will be entered into these tools — only the researcher's own
draft text and details of publicly available published literature — so the data-security concerns
associated with Al tools do not arise. The research design, database searching, screening
decisions, thematic analysis, interpretation, synthesis and all conclusions are the researcher's own
intellectual work and are not delegated to Al. All outputs will be critically checked by the researcher
for accuracy and bias. Al use will be declared transparently in line with current UWTSD
guidance/policy on the use of generative Al and the UWTSD Research Ethics & Integrity Code of
Practice.

and type)

SECTION J: Declaration
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The information which I have provided is correct and complete to the best of my knowledge. | have
attempted to identify any risks and issues related to the research activity and acknowledge my
obligations and the rights of the participants.

In submitting this application | hereby confirm that | undertake to ensure that the above named
research activity will meet the University's Research Ethics and Integrity Code of Practice which is
published on the website: https://www.uwtsd.ac.uk/research/research-ethics/

1 | Signature of applicant:

R. V. Panchal

Date: 08/07/2026

2 | Supervisor:

Alireza Nazarian

3 | Signature:

Alireza Nazarian

Date: 09/07/2026
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