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Executive Summary
This portfolio reflects on how a literature review was conducted for a study on artificial intelligence (AI) adoption and employee resistance. It is organised into three main sections. The first outlines what literature reviews are for, how they are conducted, and why they matter in building context, spotting gaps and shaping future studies. It compares three review approaches—narrative, systematic and mapping—and explains why a mapping review was chosen, since it fits best with classifying a diverse body of AI literature along dimensions tied to the research objectives.
The second section contains a mapping table of 100 scholarly sources on AI adoption and employee resistance. For each source, the table records the author, context, AI application, employee response, drivers and barriers, organisational support, theory and method, and key finding. The sources are organised around three objectives: identifying the key dimensions of AI adoption (RO1), identifying drivers and barriers shaping employee responses (RO2), and evaluating how organisational support helps employees adapt to AI-driven change (RO3).
The final section gives an early thematic picture of what shapes employee responses to AI adoption, including trust, job insecurity, resistance and the moderating role of organisational support. It also points to gaps in the current literature, most notably the habit of treating resistance as a single construct and the absence of integrated theoretical frameworks—and suggests where future research could go. Taken together, the three sections show a systematic and critical research process and offer a solid base for further work on AI adoption and employee resistance.
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[bookmark: _Toc8201]1.1 Introduction
Definition
A literature review is a systematic process of identifying, evaluating and synthesising existing knowledge on a particular subject (Snyder, 2019). Tranfield et al. (2003) claim that literature reviews help scholars to systematically categorise and identify research. Literature reviews are regarded as the most direct academic tool for organising and evaluating literature during transitions between old and new technologies, facilitating the iteration of theoretical and empirical models (Petticrew and Roberts, 2006). It is used to establish what is known, where evidence converges or conflicts, and where further research is justified (Snyder, 2019; Tranfield et al., 2003). 
Purpose
The purpose of a literature review is to bring together existing evidence, to highlight where gaps or disagreements remain, and to prepare the basis for theory building and future research (Snyder, 2019). Another function is to assess the quality and coverage of earlier studies, so that researchers can make better choices about which frameworks and methods to adopt (Tranfield et al., 2003). Different review approaches make different methodological commitments concerning scope, searching, selection and synthesis.

Importance
Literature reviews are important for bringing together different findings, reducing the risk of duplicating previous work, and helping researchers and practitioners understand the current state of knowledge (Petticrew & Roberts, 2006; Webster & Watson, 2002). They also help to identify consensus, disagreement and emerging trends which are essential to the progress of both theory and practice.

[bookmark: _Toc1761]1.2 Literature review in research 
[bookmark: _Toc26384]1.2.1 Learn from previous research.
The literature review serves as a key means through which researchers learn from previous research by drawing on existing knowledge (Rowley and Slack, 2004; Xiao and Watson, 2019). Through this process, researchers can understand what has already been established, which questions remain unresolved, and where current evidence is limited or contested (Snyder, 2019). This avoids unnecessary duplication of effort and allows new studies to build on previous work rather than repeat it (Tranfield et al., 2003).
[bookmark: _Toc11284]1.2.2 Provide a context and refine the topic.
The literature review places the study within its broader scholarly and practical context, and determines its scope, key variables and theoretical framing (Arksey and O’Malley, 2005; Xiao and Watson, 2019). By comparing competing perspectives and highlighting what is known and what is contested, it supports the researcher in narrowing a broad starting point to a specific researchable problem (Booth et al., 2022).
[bookmark: _Toc326]1.2.3 Define gaps and provide justifications for the study.
The literature review contains inconsistencies, outdated frameworks, and underdeveloped areas, thus providing the rationale for a new study (Papaioannou et al., 2010; Aveyard, 2023). The literature review helps to define research gaps by comparing conflicting findings, by identifying questions that remain unanswered, and by noting areas where existing frameworks no longer fit current practice (Paul and Criado, 2020). It also exposes where earlier findings have become obsolete or fragmented in fast-moving interdisciplinary fields, which makes gap identification both necessary and time-sensitive (Paul and Criado, 2020).
[bookmark: _Toc22051]1.2.4 Research gaps and objective of your study
Research on AI adoption and employee resistance has expanded rapidly, but it remains uneven in two main respects. Conceptually, employee resistance is defined in different ways across studies, ranging from a single attitude to a multi-dimensional construct (Golgeci et al., 2025). Theoretically, studies draw on a wide range of frameworks—TAM, UTAUT, JD-R, social exchange and conservation of resources—without integrating them into a coherent account of how adoption and resistance relate (Kim and Lee, 2024; Bankins et al., 2024).
The proposed review therefore seeks to map the literature on AI adoption and employee resistance and to synthesise disparate findings into a more integrated framework. Based on these gaps, three research objectives are proposed：
RO1.To identify the key dimensions of AI adoption discussed in organisational management literature.
RO2.To identify major drivers and barriers influencing employee responses to AI adoption.
RO3.To evaluate the role of organisational support in facilitating employees’ adaptation to AI-driven organisational change.
These objectives, together with the conceptual and theoretical gaps mentioned, provide a more integrated understanding of the connection between AI adoption and employee resistance in organisations.

[bookmark: _Toc22175]1.3 Methods of Literature Review
Literature can be reviewed through different methodological approaches to identify, examine and synthesise existing research on a topic. Management and social science research commonly use several approaches, such as narrative review, systematic review, meta-analysis, scoping review and mapping review. These approaches are intended to answer different questions and organise evidence differently, so the method should be appropriate for the research purpose and the nature of the available evidence (Higgins et al., 2024). Three approaches will be critically discussed below: the narrative review, the systematic review and the mapping review. The following sections introduce these three approaches, explain why each is relevant, and justify their use in relation to the present study.
[bookmark: _Toc8866]1.3.1 Narrative Literature Review
A narrative review, which offers a thematic, interpretive synthesis of a body of work (Greenhalgh et al., 2018), is a flexible approach that critically reviews literature through thematic or conceptual lenses, allowing researchers to identify connections, patterns and broader conceptual understandings rather than following a rigid, protocol-driven process (Grant and Booth, 2009; Snyder, 2019). Flexibility is a strength because it allows the review to follow emerging themes rather than being constrained by pre-set categories, making it particularly useful in novel or interdisciplinary areas where knowledge boundaries are still being negotiated (Paré et al., 2015). However, the same flexibility is a limitation when transparency and replicability are required. The iterative nature of the search strategy and the researcher-led nature of the synthesis allow the selection and interpretation of studies to be influenced by the reviewer’s own judgment and so makes the process less easy to verify or replicate (Grant and Booth, 2009). This means that narrative reviews are more appropriate for exploratory or conceptual questions than for questions that require a systematic and auditable evidence base.
[bookmark: _Toc13860]1.3.2 Systematic Literature Review
The systematic review follows a pre-specified protocol to locate, appraise and synthesize evidence with aiming to minimise potential bias (Higgins et al., 2024). It uses explicit and reproducible methods to answer a focused question, typically involving comprehensive database searching, pre-defined inclusion and exclusion criteria, and formal quality appraisal (Page et al., 2021). PRISMA 2020 can support transparent reporting of identification and selection processes (Page et al., 2021). Its main strength is that evidence identification can be checked and repeated, reducing bias (Higgins et al., 2024); its main weakness is inflexibility, as pre-defined parameters may overlook unexpected findings (Snyder, 2019). Systematic reviews differ from mapping reviews: the former are designed to answer a specific, well-defined research question, while the latter aim to map the breadth of a field and identify its gaps and contours (Munn et al., 2018).
[bookmark: _Toc13616]1.3.3 Mapping Review
Mapping review is a systematic approach to categorise existing literature to identify clusters of evidence, research gaps and patterns across a broad field, generally utilizing predetermined codes and a less intensive data mining strategy than a full systematic review (Grant and Booth, 2009; Petersen et al., 2008). Mapping Review in this study refers to categorizing evidence into meaningful dimensions related to research objectives: AI adoption (RO1); drivers and barriers influencing drivers and barriers influencing employee responses in the workplace in the workplace (RO2); and organisations support to AI-driven change (RO3). Its chief advantage is that it is suitable for heterogeneous literature where studies differ in design, discipline and focus, which means that a uniform synthesis is not practical (Petersen et al., 2008). The limitations that the quality of conclusions are contingent upon the coding categories and the evidence behind them: poorly defined or too broad categories may obscure rather than illuminate the landscape (Khalil et al., 2022). Mapping is used in this study specifically because the aim is to organize evidence around dimensions, factors and outcomes related to the aims of the research and not to provide an in-depth analysis of concepts or findings.
[bookmark: _Toc27336]1.3.4 Critical Comparison of the Three Approaches
The three approaches differ in their rigor, flexibility and purpose. Narrative reviews can explore ideas and provide conceptual depth, but they are not reproducible and transparent, making them inappropriate as the main mapping method for this study (Grant and Booth, 2009). Systematic reviews are transparent, reproducible and rigorous, but they are time-intensive and inflexible and therefore not the best fit for mapping a broad and heterogeneous evidence base (Higgins et al., 2024). Mapping reviews, while they do not by themselves establish causality, are well suited to heterogeneous literature and can organise evidence around predefined dimensions (Petersen et al., 2008). For this reason, the mapping review is the most appropriate fit for the research objectives: it supports the identification of AI adoption dimensions (RO1), drivers and barriers influencing employee responses (RO2), and organisational support for AI-driven change (RO3).
This comparison is not intended to rank these approaches, but rather to show that each is suitable for a different research purpose (Table 1). The mapping review is the most suitable for this study, as the research intends to classify the heterogeneous AI literature in the dimensions pertinent to the research objectives (Grant and Booth, 2009; Khalil et al., 2025). Mapping reviews generally require an outcome element that is clear and preferably an intervention or influencing factor element (Campbell et al., 2023; Khalil et al., 2025). The organisations level factor or intervention in this design is organisations support; the outcome is employee responses and adaptation. This format is well suited to mapping reviews because they use pre-determined coding frameworks to systematically categorize evidence and identify gaps across broad research questions (Petersen et al., 2008; Campbell et al., 2023). 
Table 1. Comparison of narrative, systematic and mapping reviews
	Approach
	Purpose
	Search / Process
	Synthesis
	Strength
	Limitation
	Fit here

	Narrative
	Broad understanding / themes / debates
	Flexible; non-standardized
	Narrative / thematic
	Flexible; conceptual depth
	Less reproducible / transparent
	Useful for concepts, but not the main mapping method

	Systematic
	Rigorous answers to defined question
	Protocol; inclusion/exclusion; search; screening; appraisal
	Categorization; extraction; quality assessment; narrative; meta-analysis if feasible
	Transparent; reproducible; rigorous
	Time-intensive; less flexible
	Possible, but not the best fit for broad evidence mapping

	Mapping
	Map distribution and relationships in evidence
	Keywording + evidence mapping
	Evidence mapping / categories / visual or tabular patterns
	Good for heterogeneous evidence
	Does not by itself establish causality
	Strong fit with RO1–RO3


Source: table by author, adapted from Grant and Booth (2009), Petersen et al. (2008) and Khalil et al. (2025).

[bookmark: _Toc21370]1.4 Conclusion
This section has compared narrative, systematic and mapping reviews in terms of purpose, search process, synthesis and overall fit. Narrative reviews provide rich conceptual content but are less reproducible, whereas systematic reviews are rigorous and transparent, but are time-consuming and less suitable for broad evidence mapping. The mapping review was therefore chosen as the most appropriate method for this study, enables the synthesis of heterogeneous literature that is related to the research objectives. This methodological decision has implications for the conduct and reporting of the review in the following sections. Part 2 will present the literature mapping table and Part 3 will synthesize the mapped evidence and identify research gaps.
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	No.
	Author/Year
	Context
	AI Adoption
	Employee Response
	Drivers
	Barriers
	Organisational Support
	Theory/
Framework
	Method
	Key Findings
	RO

	1
	Venkatesh et al. (2003)
	Multiple org. settings s
	General IT adoption
	Intention/use
	Performance expectancy; effort expectancy;
	—
	Facilitating conditions
	UTAUT
	Longitudinal
	UTAUT predicts technology intention and use.
	RO2

	2
	Park & Jung (2021)
	Korean employees
	Organisational AI use
	Intention; cognitive/affective trust
	Perceived usefulness; trust
	Lower usefulness/trust
	Perceived organisational support
	TAM + organisational trust
	Experimental study
	Perceived usefulness raised trust, which mediated intention to use.
	RO2/RO3

	3
	Islam et al. (2023)
	Malaysia; tourism HR employees
	AI adoption in HR
	AI adoption/intention
	Usefulness; top management support
	Technology competency limits
	Top management support
	TAM + TOE
	Survey; PLS-SEM; n=389
	Usefulness and top management support raised AI adoption.
	RO1/RO2/RO3

	4
	Xu et al. (2024)
	China; HRM employees
	AI system in HRM
	Trust; intention to adopt
	AI explanation; leader trust
	Lack of explanation
	Trustworthy leadership; AI explanation
	Social Exchange Theory + LMX
	Survey; n=426
	Trustworthy leaders raised initial AI trust.
	RO2/RO3

	5
	Kim & Lee (2024)
	South Korea; professionals
	Organisational AI adoption
	Job stress; burnout; self-efficacy
	—
	Job stress; burnout
	Organisational support
	Self-efficacy perspective
	Three-wave; n=416
	AI adoption raised burnout through job stress
	RO2/RO3

	6
	Golgeci et al. (2025)
	Workplace
	Workplace AI
	Resistance: fear, inefficacy, antipathy
	AI accessibility; augmentation; legitimation
	Mistrust; existential concerns
	Accessibility; augmentation; legitimation
	Integrative process framework
	Integrative literature review
	AI resistance has three dimensions.
	RO2/RO3

	7
	Daly et al. (2025)
	Multiple countries
	Organisational AI adoption
	Attitudes; trust
	Visible benefits; organisational support
	Job displacement; privacy concerns
	Organisational support
	Organisational trust
	Interviews; n=29
	Experience shifts AI attitudes.
	RO2/RO3

	8
	Cho et al. (2025)
	Korean government 
	AI chatbot 
	Trust; adoption
	Trust; organisational support
	Limited understanding of support
	Organisational support
	Trust + organisational support
	Mixed methods: survey + interviews
	Trust drives chatbot adoption.
	RO2/RO3

	9
	Soomro et al. (2026)
	Pakistan; SMEs
	Organisational AI adoption
	AI anxiety; employee well-being
	Managerial capability; organisational support
	AI anxiety
	Organisational support
	Organisational support/managerial capability
	PLS-SEM; n=324
	Organisational support raised employee well-being.
	RO2/RO3

	10
	Yuan et al. (2026)
	US & UK; hospitality
	Replacement vs augmentation
	Job insecurity; identity threat
	Technology readiness; implementation type
	Job insecurity
	Organisational support as moderator
	Threat/identity perspective
	Experiments; ANOVA + PROCESS
	Replacement raised more job insecurity than augmentation.
	RO1/RO2/RO3

	11
	Golgeci et al. (2025)
	Cross-disciplinary review
	Workplace AI adoption
	 AI resistance: fears; inefficacies; antipathies s
	AI accessibility; augmentation; legitimation
	Mistrust; existential questioning
	Organisational alleviating mechanisms
	Integrative review; process framework
		Integrative literature review
	AI resistance has three dimensions.
	RO2

	12
	Repousis & Lois (2026)
	Systematic review; 2019–2025
	Organisational AI adoption
	Employee resistance
	Critical reflection; dialogue; continuous upskilling
	Anxiety; fear of displacement
	Human-centred support mechanisms
	Transformative Learning Theory
		Systematic literature review
	Transformative learning can overcome AI resistance.
	RO3

	13
	Song et al. (2026)
	Meta-analysis; 79 studies; n = 54,726
	Human-AI collaboration systems
	Work effectiveness; job performance
	AI collaboration; AI autonomy
	AI crisis awareness
		
	—



	Conservation of Resources
	Meta-analysis
	Human-AI collaboration has a double-edged effect on work effectiveness.
	RO1

	14
	Bankins et al. (2024)
		Systematic review of 68 empirical articles (Scopus)
	Organisational AI technologies s
	Worker attitudes; resistance; algorithmic management
	Human-AI collaboration; upskilling
	Algorithmic control; surveillance
	Practical recommendations for leaders
	Multilevel framework
	Systematic literature review; PRISMA included
	Employees can hold positive and negative AI attitudes simultaneously.
	RO2

	15
	Pereira et al. (2023)
	Systematic review of 60 papers from 30 leading journals
	AI in HRM
	Job performance; engagement
	Better decisions; recruitment; learning
	Technological; ethical challenges
	HRM function
	Antecedents–Phenomenon–Outcomes framework)
	Systematic literature review
	AI has a dual impact on HRM outcomes.
	RO1

	16
	Vrontis et al. (2022)
		Systematic review of 45 articles from top-tier journals
	AI; robotics; advanced technologies in HRM
	Job replacement; collaboration
	New management approach; firm performance
	Technological challenges; ethical challenges
	—
	Systematic review framework)
	Systematic literature review
	Intelligent automation offers HRM opportunities and challenges.
	RO1

	17
	Gelinas et al. (2022)
	Review and research agenda
	AI in HRM
	—
	—
	—
	—
	Review and research agenda
	Literature review a
	Reviews AI in HRM and proposes a research agenda.
	RO1

	18
	Dwivedi, M. (2025)
		Systematic review; 54 articles
	AI in HRM
	—
	New management methods; firm performance
	Adoption challenges; ethical challenges
		
	—



	Systematic review framework
	Systematic literature review
	AI in HRM has dual outcomes.
	RO1

	19
		Kim & Lee (2024)
	South Korea; 416 professionals
	Organisational AI adoption
	Job stress; burnout
	Self-efficacy in AI learning
	Job stress; burnout negative pathway
		
	—



	JD-R + Social Cognitive Theory
	Three-wave survey; SEM
	AI adoption raised burnout through job stress.
	RO2

	20
	Wang et al. (2025)
	China; 525 employees
	Employee AI usage (AI-U)
	AI usage behavior
	Transformational leadership; perceived organizational support
	—
	Perceived organizational support (mediator)
	Social Cognitive Theory
	Online survey; hierarchical regression; bootstrap
	Transformational leadership raised AI usage, mediated by support.
	RO1

	21
	Xu et al. (2024)
	China; 426 employees
	AI system in HRM
	Initial trust; intention to adopt
	Leader trust; AI explanation
	Lack of explanation
	Trusted leadership; supportive training resources
	Social Exchange Theory + Leader-Member Exchange Theory
	Online experiment/survey; 2×2 design; n=426
	Trustworthy leaders raised AI trust and adoption intention.
	RO2

	22
	Cho, Hur & Kim (2025)
	Korea; government
	AI chatbot
	Chatbot adoption/utilization
	Trust; support
	—
	Support as moderator
	Technology adoption framework
	Mixed methods
	Trust drives chatbot adoption, moderated by support.
	RO2

	23
	Daly, Wiewiora & Hearn (2025)
	Multiple countries; 29 interviews
	Organizational AI adoption
	Attitudes; trust
	Experience; visible benefits; support
	Job displacement; privacy concerns
	Management support; training
	Organizational trust theory; TAM; UTAUT
	Qualitative interview study (n=29)
	Experience shifts AI trust from negative to positive.
	RO2

	24
	Shukla, Pandey & Pereira (2026)
		Systematic review; AI-enabled HRM
	AI-enabled HRM systems
	AI-enabled HRM systems
	Organisational justice
	—
	Moderators of justice-trust relationship
	Organizational Justice Framework
	Systematic literature review
	Organisational justice raised trust in AI-HRM.
	RO2

	25
	Hoque (2025)
	Bangladesh; 231 corporate employees
	AI-Driven HRM
	Employee performance
	AI-Driven HRM; AI trust
	—
	—
	TAM; SET; Mediation model
	Quantitative survey; SEM; Bootstrap mediation analysis
	AI-driven HRM raised performance, mediated by trust.
	RO2

	26
		Kong et al. (2024)
	China; hospitality industry; 407 employees
	Perceived AI-supported autonomy
	Innovative performance
	AI trust; proactive personality; work exploration (mediator)
	—
	—
	Self-Determination Theory
	Two-wave survey; moderated mediation model
	AI-supported autonomy raised innovation via exploration.
	RO2

	27
	Li, Bonn & Ye (2019)
	China; hotel employees
	AI and robotics awareness
	Turnover intention
	—
	AI awareness (positive impact on turnover intention)
	Perceived organizational support (moderator); competitive psychological climate (moderator)
	Conservation of Resources (COR) Theory
	Survey; 468 hotel employees; hierarchical regression
	AI awareness raised turnover intention, weakened by support.
	RO2

	28
	Huang, Saleh & Liu (2021)
	Systematic review; AI in education
	AI in education
	Teaching quality; student learning
	Adaptive learning; virtual classroom
	Future challenges
	—
	Review framework
	Literature review
	AI improved teaching quality and student learning.
	RO1

	29
	Langer & Landers (2021)
	Review; work contexts
	Decision automation; decision augmentation
	Attitudes; perceptions; behavior
	Augmentation with human control
	Automation without human control
	—
	Review framework
	Systematic literature review
	Human decision control shapes reactions to AI.
	RO2

	30
	Fiestas Lopez Guido et al. (2025)
	US participants; frontline retail encounters
	Humanoid robots in HRC
	Customer perceptions; threat; trust
	Servant role; low speciesism
	Master role; realistic threat
	—
	Leader-Member Exchange (LMX) + Intergroup Threat Theory
	Four online experiments; moderate mediation (SPSS PROCESS)
	Master role raised threat and lowered trust. negative effects.
	RO2

	31
	Shanks et al. (2025)
	Healthcare services; six studies
	Cobotic service teams
	Consumer responses; anxiety
	Consumer choice; power distance
	Robot-led teams
	—
	Power dynamics; serial mediation
	Six studies; experimental design
	Robot-led teams raised consumer anxiety. capabilities.
	RO2

	32
	Yang et al. (2024)
	China; hospitality; 295 responses
	Anthropomorphism of service robots
	Service behaviour
	Warmth; competitive climate
	STARA awareness climate weakens warmth effect
	—
	Transactional Model of Stress and Coping
	Survey; PLS-SEM; n=295
	Service robot anthropomorphism has dual effects on service behaviour.
	RO2

	33
	Kim, Kim & Lee (2024)
	South Korea; 408 employees
	AI-integrated work
	Depression; psychological safety
	Self-efficacy in AI use
	Job insecurity
	—
	Moderated mediation model
	3-wave time-lagged; stratified random sampling; SEM
	Job insecurity raised depression via lower psychological safety.
	RO2

	34
	Brougham & Haar (2018)
	New Zealand; 252 employees across industries
	STARA awareness
	Turnover intention; job satisfaction
	—
	STARA awareness
	—
	—
	Survey; hierarchical regression; n=252
	STARA awareness raised turnover intention and reduced job satisfaction
	RO2

	35
	Wang, Zhan & Yu (2024)
	Review; workplace AI awareness
	AI awareness
	Psychological and behavioral outcomes
	—
	—
	—
	Resource; emotional; demand; environmental perspectives
	Literature review
	AI awareness has a double-edged effect on employees.
	RO2

	36
	Abdullahi et al. (2026)
	Nigeria; 348 manufacturing SME employee
	Perceived AI threat; robotic integration
	Turnover intention; CWB
	Organisational resilience
	Job insecurity
	Resilience as moderator
	JD-R; COR
	PLS-SEM; survey; n=348
	AI threat and robotics raised job insecurity and turnover intention.
	RO2

	37
	Ali et al. (2024)
	Pakistan; multiple industries
	AI adoption
	Job insecurity; stress
	—
	AI adoption
	Employee support systems
	—
	Survey; hypotheses testing
	AI adoption raised job insecurity and stress.
	RO2

	38
	Jussupow et al. (2022)
	Medical students and physicians es; vignette-based survey
	Medical AI system
	Resistance; identity threats
	Perceived enhancement
	Identity threats
	—
	Identity threat theory
	Two surveys; regression; content analysis
	Identity threats raised resistance to AI.
	RO2

	39
	Diebel et al. (2025)
	Online experiment; 92 users
	Proactive vs reactive AI agents
	System satisfaction; self-esteem
	Reactive help; lower AI knowledge
	Proactive help; higher AI knowledge
	—
	Self-Determination Theory
	Vignette experiment; mediation
	Proactive AI help lowered user self-esteem and satisfaction.
	RO2

	40
	Akinnagbe (2024)
	Review; multiple organisational settings
	Human-AI collaboration
	Productivity; decision-making quality
	AI augmentation; human-AI teaming
	Under-reliance on AI
	Role partitioning; training
	Collective intelligence; complementarity
	Systematic literature review
	Human-AI collaboration raised productivity and decision quality.
	RO1

	41
	Batool et al. (2026)
	Letter to the Editor; neuroscience/neuro-AI research synthesis
	AI-driven cognitive off-loading
	Cognitive off-loading; neural recalibration
	Endogenous adaptability; digital-interaction windows
	Excessive cognitive delegation
	—
	NeuroAI framework
	Letter to the Editor; literature synthesis
	AI cognitive off-loading is a regulatory perturbation, not a cognition-reducing endpoint.
	RO2

	42
	Liu et al. (2026)
	China; 287 dyads; multi-wave
	Generative AI
	Job crafting; career satisfaction
	Work meaningfulness; autonomy
	Work alienation
	Job autonomy
	Approach-Avoidance Motivation
	Multi-wave survey; mediation
	AI approach crafting raised career satisfaction; avoidance crafting lowered it.
	RO3

	43
	Elliot & Thrash (2002)
	Multiple studies; college students
	Not AI-specific
	—e
	Approach temperament
	Avoidance temperament
	—
	Approach-Avoidance Motivation
	Factor analysis; 7 studies
	Approach and avoidance temperaments underlie basic personality dimensions.
	RO1

	44
	Xu et al. (2025)
	China; 381 employees
	Human-AI collaboration
	Cyberloafing; AI identity
	AI identity; openness
	Low openness 
	Training; interaction design
	Social Identity Theory
	Three-wave survey; n=381
	Human-AI collaboration reduced cyberloafing via AI identity.
		
	RO3




	45
	Gao, Liu & Yang (2025)
	China; listed companies; 511 questionnaires
	Enterprise AI use
	Firm innovation capability
	Digital adaptability; market perception
	—
	—
	Dynamic Capabilities Theory
	Questionnaire study; chain mediation
	Enterprise AI use raised innovation capability.
	RO1

	46
	Cheng et al. (2022)
	Integrative review; multiple settings
	AI-driven management
	Negative emotions; job insecurity
	—
	AI-M decision ownership
	EI-enhanced strategies
	Lazarus's appraisal theory
	Integrative review
	AI-driven management raised performance but triggered negative emotions.
	RO2

	47
	Barnes & Hutson (2024)
	Interdisciplinary review; AI ethics
	AI in existential inquiry 
	—
	AI as reflective tool
	AI lacks self-awareness
	Responsible AI; transparency
	Existential philosophy
	Conceptual analysiss
	AI simulates existential thought but lacks self-awareness.
	RO1

	48
	Lițan (2025)
	Meta-analysis; 47 papers; n=36,100
	Digital technology environment
	Burnout; well-being
	Well-being
	Burnout
	—
	Meta-analytic framework
	Meta-analysis
	Digital technologies have both positive and negative mental health effects.
	RO2

	49
	Gao et al. (2025)
	Review; social anxiety
	Not AI-specific
	—
	—
	—
	—
	BFOE Model
	Review article
	FNE and FPE differ in motivation and neural mechanisms.
	RO2

	50
	Ivanov et al. (2017)
	Tourism and hospitality settings
	Service robots in tourism
	Not employee-focused
	—
	Adoption challenges
	—
	—
	Conceptual review
	Maps robot adoption across tourism and hospitality.
	RO2

	51
	Kensbock & Stöckmann (2021)
	Survey; 100 employeesindustries
	Digital transformation
	Learning orientation; voice behavior
	Digital transformation
	Perceived surveillance via technology
	—
	Self-Determination Theory; Cognitive Evaluation Theory
	Survey study; PROCESS macro; bootstrapping
	Digital transformation raised learning and voice, but surveillance undermined it.
	RO2

	52
	Soomro et al. (2026)
	Pakistan; 324 SME employees
	AI adoption in SMEs
	Employee well-being
	Managerial capability; AI adoption
	AI anxiety
	Support as moderator
	Affective Events Theory; Force Field Analysis
	Survey; PLS-SEM; n=324
	AI anxiety harmed well-being, weakened by support.
	RO2

	53
	He et al. (2023)
	China; 271 dyads; multi-source
	Leaders’ AI-oriented change behavior
	Job performance; unethical behavior
	Performance orientation as mediator
	Trait competitiveness
	—
	Social Information Processing Theory
	Three-wave multi-source field survey; HLM
	Leaders' AI change behaviour raised performance and unethical behaviour.
	RO3

	54
	Kelm & Johann (2024)
	Germany; 19 AI experts
	AI in corporate communications
	AI acceptance
	Usefulness; ease of use; awareness
	—
	Organizational readiness strategies
	Extended TAM
	Interviews; n=19
	Usefulness, ease of use and organisational awareness drove AI acceptance.
	RO2

	55
		Wolfe et al. (2025)
	Multinational firm; 1,256 AI users
	AI tools in daily work
	Adoption; anxiety; intention
	Performance expectancy; social influence
	AI anxiety
	Facilitating conditions
	Extended UTAUT
	Survey; n=1,256
	Seniority raised AI usage; anxiety shaped acceptance.
	RO2

	56
	Seshasai & Balaji (2026)
	IT firms; 273 HR professionals
	AI recruitment systems
	AI system usage
	Intention; support
	Technostress
	Support as moderator
	Technostress Theory; UTAUT
	Survey; n=273
	Intention mediated technostress–usage, weakened by support.
	RO2

	57
	Zamir (2025)
	Review; AI leadership studies
	AI integration
	Confidence; resistance
	Visionary leadership; change management
	Resistance; digital skills gap
	Communication; training
	Transformational Leadership
	Literature review
	Adaptive leadership is critical for AI integration. outcomes.
	RO2

	58
	Areche & Ofluoglu (2025)
	Qualitative studysynthesis
	AI integration
	Autonomy; trust; resistance
	Lateral decision-making; transparency
	Privacy; governance challenges
	Responsible AI; transparency
	Human-AI collaboration theory
	Qualitative study; literature synthesis
	AI reshapes organisational norms and structures.
	RO2

	59
	Yoo (2026)
	South Korea; 547 professionals
	AI policies
	Intention to use; resistance
	Social identification; policy trust
	Perceived injustice
	Policy trust as moderator
	Activity Theory
	Survey; vignette; SEM; n=547
	Injustice raised both intention to use and resistance.
	RO2

	60
	Hornstein et al. (2025)
	Multinational software firm; 1,730 employees
	Generative AI
	Excitement; threat; usage
	Hierarchical position; social norms
	Perceived threat
	—
	Identity Theory
	Survey; ANCOVA
	Seniority raised excitement but not AI usage.
	RO2

	61
	Kumar (2024)
	India; healthcare professionals
	AI-augmented knowledge management (AIKM) capability
	Not employee-focused; clinical performance
	AIKM capability
	—
	Absorptive capacity (mediator)
	KM capability; absorptive capacity
	Mixed-method; PLS-SEM
	AIKM raised clinical performance via absorptive capacity.
	RO1

	62
	Li et al. (2024)
	China; IT service company; 327 paired leader-employee data
	Algorithmic management
	Employee creativity
	—
	Algorithmic management
	—
	AMO Theory
	Paired leader-employee survey; n=327
	Algorithmic management lowered employee creativity.
	RO2

	63
	Kellogg et al. (2020)
	Systematic review; algorithmic control
	Algorithmic management
	Worker resistance; algoactivism
	Restricting; recommending; recording; rating; replacing; rewarding
	Lack of worker voice
	—
	Labor Process Theory
	Systematic review
	Employers control workers through six algorithmic mechanisms
	RO2

	64
	Khalig et al. (2022)
	Pakistan; 330 hotel staff Lahore
	AI awareness
	Turnover intention
	—
	AI and robotics awareness positively related to turnover intention
	Mutual trust
	Resource gain and resource loss perspective
	Survey; hierarchical regression; n=330
	AI awareness raised turnover intention, weakened by trust.
		RO2

	65
	Kong et al. (2021)
	China; 432 full-service hotel employees
	AI awareness 
	Career competency; job burnout
	Organizational commitment
	AI awareness increases job burnout
	Organizational commitment as mediating mechanism
	Career theory; fit theory
	Survey; SEM; n=432
	AI awareness raised burnout, mediated by commitment.
	RO2

	66
	Jia et al. (2024)
	Multi-industry survey
	AI augmentation function vs. automation function
	Employee creativity
	AI augmentation; cognitive flexibility
	Automation function
	—
	Componential Theory of Creativity
	Multi-industry survey
	AI augmentation raised creativity; automation had a weaker effect.
	RO2

	67
	Kim (2023)
	South Korea; hotel frontline employees
	Frontline service robots service competence
	Willingness to collaborate with FLSRs
	Service competence; perceived usefulness; perceived ease of use
	Perceived risk
	Not tested
	Technology Acceptance Model
	Survey; PLS-SEM
	Service competence raised willingness to collaborate, reduced by risk.
	RO2

	68
	Li et al. (2024)
	China; hotel employees; two-stage
	Work autonomy in HRC
	Service innovation behaviour; insomnia
	Work autonomy
	Job insecurity
	Person-job fit
	Conservation of Resources Theory
	Two-stage survey
	Work autonomy reduced job insecurity, raising innovation.
	RO2

	69
	Le & Cayrat (2024)
	Qualitative employee survey; service employees
	Artificial companionship; robotic agents
	Stress; well-being
	Four support roles
	—
	Aligning companionship with job demands
	Social Support Theory
	Mixed methods
	Artificial companionship offers four support roles.
	RO2

	70
	Tahir et al. (2024)
	Hospitality; two studies
	AI knowledge
	Creativity; turnover intentions
	AI knowledge
	—
	Responsible leadership as moderator
	Creativity Theory; SDT
	Multi-wave research design; two studies
	AI knowledge raised creativity and reduced turnover intention. Moderating the relationship.
	RO2

	71
	Hughes et al. (2026)
	Cross-industry; 304 decision-makers
	Generative AI organisational adoption
	Not employee-focused
	Perceived advantage; staff skills
	Explainability complexity; skills gap
	Change capacity as moderator
	TOE framework
	Mixed methods; SEM; n=304
	Perceived advantage drove adoption; skills gap was a key barrier.
	RO2

	72
	Gupta et al. (2026)
	India; 26 executives
	AI-based digital transformation
	Not employee-focused
	Training; top management support
	Tech readiness; org capacitys
	Top management support; IT resources
	Technology-Organization-Environment (TOE) framework
	Qualitative; in-depth semi-structured interviews; content analysis; n=26
	Top management support accelerated AI transformation.
	RO1

	73
	Gkinko & Elbanna (2022)
		International organisation; case study
	AI chatbot
	Mixed emotions
	Chatbot design; social presence
	Negative emotions
	—
	Sociotechnical approach
	Case study; interviews
	Employees experienced mixed emotions with AI chatbots.
	RO3

	74
	Kelley (2022)
	24 organisations; 49 interviews
	AI principles adoption
	Perceptions of effective AI principal adoption
	Communication; management support
	—
	Management support; training
	Business code adoption theory
	Qualitative; 49 interviews
	Management support and communication drove effective AI principle adoption.
	RO2

	75
		Liu et al. (2025)
	China; 291 paired participants
	Generative AI adoption
	Voice quality; cyberloafing; cheating behavior
	Job crafting; career commitment
	—
	—
	COR Theory
	Two-wave survey; mediation
	GenAI adoption raised voice and reduced cyberloafing.
	RO3

	76
	Miller (2022)
	Systematic literature review; AI project contexts
	AI project development and usage
	Not employee-focused
	—
	Passive stakeholder concerns
	Stakeholder engagement
	Stakeholder Theory
	Systematic literature review; thematic analysis
	Passive stakeholders are often overlooked in AI projects.
	RO1

	77
	Smith (2024)
	Multinational corporations; qualitative interviews
	Generative AI adoption
	Adoption; challenges
	Usefulness; ease of use; leadership support
	Privacy; skills gaps; trust issues
	Training; governance; leadership support
	Extended TAM
	Qualitative; interviews
	TAM factors and organisational influences shaped GenAI adoption.
	RO2

	78
	Rauhala et al. (2025)
	Finland; 474 knowledge workers
	Ethical AI in the workplace
	Participation; engagement
	Fairness; transparency
	—
	Inclusive AI; communication
	Professional agency model
	Survey; CFA; path analysis
	Fairness and transparency raised participation and engagement.
	RO2

	79
	Lane & Williams (2023)
	OECD working paper; conceptual guide
	AI in the workplace
	Not employee-focused
	—
	—
	—
	Conceptual framework for classifying AI
	Conceptual guide
	Provides a framework for classifying workplace AI.
	RO1

	80
	Lesener et al. (2019)
	Meta-analytic review; longitudinal studies
	Not AI-specific
	Burnout; engagement
	Job resources
	Job demands
	Job resources
	Job Demands-Resources Model
	Meta-analytic review; longitudinal studies
	Job demands raised burnout; resources raised engagement and buffered burnout.
	RO1

	81
	Hunter et al. (1990)
	Meta-analysis; 68 studies
	Not AI-specific
	—
	—
	—
	—
	Job complexity framework
	Meta-analysis; 68 studies
	Output variability rose with job complexity.
	RO1

	82
	Huang et al. (2016)
	China; multiple mediation models
	Not AI-specific
	Emotional exhaustion; depersonalization
	Self-esteem; optimism
	Workload
	Social support
	JD-R Model
	Bootstrap; 1,000 samples
	Workload raised exhaustion; support lowered depersonalisation.
	RO1

	83
		Guo & Wang (2026)
	China; 477 community workers
	Not AI-specific
	Helping; exhaustion; engagement
	POS
	Workload; role conflict
	POS as moderator
	JD-R Model
	Survey; SEM; n=477
	Job demands lowered helping via exhaustion and engagement.
		RO2

	84
	Bauer et al. (2008)
	Survey; foundational HRC review
	Human-robot collaboration 
	Not employee-focused
	Robotic systems; collaboration strategies
	—
	—
	—
	Survey
	Overview of robotic systems and HRC strategies
	RO1

	85
	Li et al. (2025)
		Hospitality; robotic restaurant
	Hybrid team modes
	Customer value behaviours
	Collaboration mode; novelty; trust
	Robot-dominated mode
	—
	Service-Dominant Logic
	Three experiments
	Hybrid team modes shaped customer value behaviours.
	RO2

	86
	Leiño Calleja et al. (2025)
	B2C experiments + B2B survey; n=1,239
		Frontline robots in hybrid human-robot teams
	Teamwork quality; FLE evaluations
	High social presence
	Corrective interrogation
	Training; programming
	ASP; social cognition
	Experiments + field survey
	High-ASP robots improved teamwork quality, but interrogation harmed it..
	RO2

	87
	Simón et al. (2020)
	Tourism frontline teams; focus groups
	Human-robot interaction
	Trust in robots
	Robot appearance; control
	Human-like face; robot size
	—
	Trust framework in HRI
	Focus groups; LEGO Serious Play
	Trust in robots depends on appearance, task delegation and team environment.
	RO2

	88
	Brigham et al. (2026)
	Conceptual framework; organisational settings
	Agentic AI systems
	Adaptive vs. maladaptive utilization; substantive vs. symbolic use
	System capabilities; autonomy
	—
	—
	Agentic system utilization framework
	Quantitative study proposed
	Agentic AI use includes adaptive, maladaptive and symbolic patterns.
	RO2

	89
	Watoła & Strzelecki (2026)
	Financial sector; 196 respondents
	AI in financial sector
	Innovation orientation; change acceptance; fears of job replacement
	AI familiarity; trust in AI
	Job replacement fears; trust does not alleviate displacement anxiety
	—
	Technology acceptance; organizational change
	Survey; PLS-SEM; n=196
	AI familiarity raised trust and innovation, but not job security.
	RO2

	90
	Klöpper & Messer (2025)
	Online experiment; employees performing real-effort tasks
	People analytics; algorithmic management
	Unfairness; retaliation
	—
	Algorithmic unfairness
	Keeping people in focus despite technical systems
	Organizational justice
	Online experiment
	Algorithmic unfairness raised retaliation.
	RO2

	91
	Narayandas & Zhang (2026)
	HBS working knowledge; conceptual article
	AI adoption
	Symbolic adoption; passive resistance; avoidance
	Identity-compatible advantages; role redesign
	Role compression; identity threats
	Identity-compatible governance
	Professional identity threat
	Practitioner-oriented research synthesis
	AI threatens professional identity, driving symbolic adoption.
	RO2

	92
	Chung et al. (2025)
	South Korea; 209 employees across industries
	AI awareness
	Task performance; deviant behaviour
	Career resilience
	Job insecurity
	Career resilience development programmes
	Job Insecurity Framework
	Three-wave survey; moderated mediation; n=209
	AI awareness raised job insecurity, lowering performance.
	RO2

	93
	Jaworek (2025)
	Conceptual review; workplace AI resistance
	AI in the workplace
	Resistance to AI
	—
	Uncertainty; low self-efficacy
	Employee involvement
	Self-efficacy theory; uncertainty and stress framework; algorithmic aversion
	Conceptual/theoretical analysis
	AI resistance stems from uncertainty and low self-efficacy.
	RO2

	94
	Cai et al. (2026)
	China; 316 SME employees
	AI usage
	Employee creativity
	Work engagement as mediator
	—
	Training; AI literacy support
	Conservation of Resources Theory; Social Exchange Theory
	Survey; SPSS and Amos; n=316
	AI usage raised creativity via work engagement.
	RO3

	95
	Magni & Tang (2025)
	Singapore; 341 business school students
	AI usage in coworking scenario
	Peer evaluation; perceived responsibility; negative affect
	—
	AI usage penalty
	—
	Attribution Theory
	2×2 scenario experiment; mediation analysis
	AI users were judged more negatively for poor work.
	RO2


	
	Jia, Ning & Liu (2025)


	96
		Jia et al. (2025)
	Systematic review; 107 articles
	Workplace AI implementation
	Psychological, behavioral, and performance outcomes
	Resource; cognitive; motivational
	Job insecurity; cognitive overload
	Moderating mechanisms
	Resource, stress, cognitive, motivational
	Systematic review; 107 included
	Workplace AI has a dual impact on employees.
	RO1

	97
	Wan et al. (2025)
	China’s financial sector; survey data
	AI-driven; human–AI collaboration
	Employee performance; innovation capability; managerial performance
	Employee skills; data reliability
	—
	Managerial oversight; data governance; workflow optimization
	Collaboration Theory
	Survey; multiple regression; fsQCA; n=202
	Skills, data and management raised innovation and performance.
	RO3

	98
	Nguyen et al. (2026)
	Vietnam; multi-wave, multilevel survey
	Employee–AI collaboration
	Job performance
	Cognitive flexibility
	—
	Empowerment climate
	Social Exchange Theory; Social-Technical Systems
	Multilevel analysis; multi-wave survey; n=202
	Employee-AI collaboration raised performance via cognitive flexibility.
	RO3

	99
	Liu & Li (2025)
	Safety-critical work contexts
	Human-AI collaboration
	Safety performance
	—
	HAI-C task complexity; tech-learning anxiety
	Job resources as buffer
	Job Demands-Resources (JD-R) model
	Empirical study
	Human-AI collaboration had a dual impact on safety performance.
	RO2

	100
	Zhang et al. (2026)
	China; survey data
	Employee–generative AI collaboration
	Digital performance
	Knowledge acquisition
	—
	Task interdependence
	Knowledge acquisition approach
	Survey; mediation and moderation analysis
	GenAI collaboration raised digital performance via knowledge acquisition.
	RO3
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[bookmark: _Toc9301]3.1 Introduction
This section builds on the sources mapped in Part 2 and moves from description to analysis. It examines how AI adoption, employee reactions and organisational support have been discussed in management literature and synthesises these findings rather than summarising individual studies. The analysis is structured around the three research objectives: identifying the main dimensions of AI adoption (RO1), identifying the major drivers and barriers influencing employee responses (RO2), and assessing the role of organisational support in promoting adaptation to AI-driven change (RO3). Four analytical dimensions guide the review: the scope and level of AI adoption, employee responses, drivers and barriers, and organisational support. Across these dimensions, particular attention is given to where studies agree and disagree, since these points of agreement and disagreement make it possible to identify research gaps. The section ends by identifying these gaps and proposing future research directions.

[bookmark: _Toc24823]3.2 Key Aim
The mapped literature is compared and synthesized to create three linked mapped findings, one for each research objective. This review compares studies in terms of the forms and levels of AI adoption they examine, the employee responses they report, the drivers and barriers they identify, and the organisational support mechanisms they discuss. It also compares how these features vary across contexts, theoretical frameworks and methods, and where the findings converge or diverge. For RO1, the mapped finding concerns the forms and levels of AI adoption discussed in the literature. For RO2, the mapped finding refers to drivers and barriers which influence employee responses. The mapped finding for RO3 is the role of organisational support in facilitating adaptation. Together, the three mapped findings address the overarching research question by connecting AI adoption, employee responses, organisational support and adaptation.

[bookmark: _Toc13702]3.3 Defining Key Terms
Artificial Intelligence (AI)
In this review, AI refers to technologies that are adopted within organisational settings to support or automate work tasks. These include machine learning, natural language processing, recommendation systems and chatbot applications used in areas such as HRM, decision-making and service delivery (Venkatesh et al., 2003; Park and Jung, 2021). General-purpose AI development, consumer AI products and technical AI research are not included, because they fall outside the organisational focus of this review.
AI Adoption
AI adoption is conceptualised at different levels in the existing literature, and these levels should not be treated as interchangeable. Venkatesh et al. (2003) define adoption at the individual level as the intention to accept and use technology by users. Conversely, Park and Jung (2021) explore adoption at the organisational level where AI is introduced to systems in the workplace and is shaped by trust and perceived support. These are not rival definitions of the same construct; rather they are conceptualisations of adoption at different levels of analysis. Since this review considers the organisational implementation of AI and the employee response to it, the unit of analysis here is the organisational and employee work context, not the individual user in isolation.
Employee Resistance
Employee resistance is defined in different ways in the literature, and this difference has direct implications for coding. Golgeci et al. (2025) define resistance as a multidimensional construct including fears, inefficacies and antipathies, while Kim and Lee (2024) more narrowly describe it as a stress-related response to AI adoption. These are not just broader or narrower versions of the same construct. If resistance is considered as multidimensional then fears, inefficacies and antipathies need to be coded as separate categories under RO2 as they may have different drivers and require different forms of support. If resistance is considered one stress response, it can be coded as one category. This review follows the multidimensional view and the coding scheme in Part 2 and therefore records these three dimensions where the evidence allows.
Organisational Support
Organisational support is used in this review as an umbrella category that covers two related but distinct concepts. Park and Jung (2021) focus on perceived organisational support, which refers to employees’ perception that the organisation cares about their wellbeing and values their contribution. Daly et al. (2025), by contrast, focus on organisational support practices, such as training, communication and visible benefits. These are not the same thing: one is a perception; the other is an action. They are grouped together here because the review is concerned with how support, whether perceived or enacted, shapes employee adaptation to AI-driven change. This grouping has a conceptual limitation: perceived support and support practices may operate through different mechanisms and combining them in one category may obscure whether it is the practice itself or the perception of it that is associated with adaptation.

[bookmark: _Toc30120]3.4 Mapping AI Adoption and Employee Responses
The review framework proposed by Petersen et al. (2008) sets out a structured sequence of steps, from defining the research question to extracting and mapping data into a classification scheme (see Figure 1). In line with this framework, the present review defines its research questions first (RO1–RO3) and uses a coding scheme to organise the studies included in the Part 2 mapping table. This study does not claim to conduct a full systematic search; rather, it applies the mapping framework to the studies collected in Part 2 to identify patterns and gaps across the literature. 
[image: ]
Figure 1  The systematic mapping process (Petersen et al., 2008, p. 70).
The studies mapped in Part 2 can be divided into three broad levels of AI adoption. The unit of analysis, the key variables and the outcomes are different in the case of individual-level studies and organisation-wide studies. Individual-level studies consider the employee as a unit, focus on perceptions such as usefulness and trust, and measure intention to use (Venkatesh et al., 2003; Kim and Lee, 2024). Conversely, organisation-wide studies take the organization or work system as the unit of analysis, focus on structural conditions such as management support and system integration, and evaluate adoption behaviour or adaptation outcomes (Park and Jung, 2021; Islam et al., 2023; Xu et al., 2024). A smaller number perceive AI adoption as a sector or cross-organisational change (Pereira et al., 2023; Vrontis et al., 2023; Bankins et al., 2024). Such variation in levels of analysis helps to explain some apparent contradictions in literature: differences in findings may reflect different levels of analysis rather than true conflicting evidence. It also shows that “AI adoption” is not one construct but a label for different phenomena.

Employee reactions to AI are similarly different, but these reactions should not be considered as points within a single dimension. Trust, resistance and acceptance are not the same constructs and can co-exist, rather than replace each other. Park and Jung (2021) find that perceived usefulness increases trust, which shapes the intention to use. Xu et al. (2024) show that leader trust helps employees to form the initial trust in AI systems. Resistance is a second reaction. Golgeci et al. (2025) suggest that resistance is not a single-dimensional attitude but a multidimensional construct that includes fears, inefficacies and antipathies. Thus, it can co-exist with trust, rather than cancel it out. In summary, these studies suggest that employee responses are better understood as a pattern of multidimensional responses rather than a straightforward decision of acceptance or resistance.
A third pattern concerns ambivalence. Daly et al. (2025) find that employees’ attitudes and trust towards AI shift over time, from negative or instrumental to positive, as they gain knowledge and experience. This suggests that employees can hold mixed feelings about AI simultaneously rather than moving neatly from resistance to acceptance. Yuan et al. (2026) similarly show that AI adoption can produce both job insecurity and adaptation, depending on how the technology is framed and supported. This has a direct implication for RO2: employee responses should not be coded as a single binary outcome. A coding scheme that allows simultaneous and temporal responses would make it possible to record the same employee as both trusting and anxious, or as resistant at one point and adaptive later.
[bookmark: _Toc9283]3.5 Drivers and Barriers Influencing Employee Responses
The literature suggests that employee reactions to AI are associated with several layers of factors, rather than by one single factor. These factors can be grouped into three broad categories: individual-level factors, technology-level factors, and organisational-level factors. Individual-level factors include perceived usefulness, self-efficacy and AI anxiety. Technology-level factors include ease of use, explainability and the extent to which AI augments rather than replaces work. Organisational-level factors include management support, communication, training and perceived organisational support. These categories are not mutually exclusive, and the same study may touch on more than one. The sections below discuss each category in turn, focusing on where the evidence converges and where it diverges.
[bookmark: _Toc4635]3.5.1 Drivers Influencing Employee Responses
Two recurring drivers emerge across mapped studies: perceived usefulness and organisational support. Perceived usefulness has been found in both individual-level studies (Venkatesh et al., 2003; Park and Jung, 2021) and organisation-level studies (Islam et al., 2023). Organisational support is also observed at both levels, associated with trust in Park and Jung (2021) and top management support in Islam et al. (2023). Other drivers are more situational. Performance expectancy and effort expectancy are central in Venkatesh et al. (2003), but receive less attention in AI-specific studies, possibly because UTAUT was developed for general technology acceptance, rather than for AI. Only Islam et al. (2023) mention technology competency, in a study of HR professionals in Malaysia, suggesting that skill-related drivers matter more when AI is newly introduced. These differences can be partially attributed to level of analysis and theoretical framework: individual-level studies using UTAUT or TAM focus on perceptions such as usefulness and ease of use, while organisation-level studies using TOE focus on structural conditions such as top management support and competitive pressure. This suggests that reported drivers may be shaped by the study’s level of analysis, its theoretical framework and the specific technology being studied, which matters for how RO2 is interpreted.
[bookmark: _Toc18310]3.5.2 Barriers Influencing Employee Responses
Barriers in the mapped literature fall into three groups depending on what they primarily concern: psychological and perceptual barriers, job-related barriers, and capability-related barriers. This classification is based on the type of concern raised, rather than the level of analysis, as the same barrier can occur at both individual and organisational levels. Psychological and perceptual barriers include anxiety and fear of AI. As Golgeci et al. (2025) indicate, fears, inefficacies and antipathies are different dimensions of resistance. This shows that resistance is not a single attitude. Job-related barriers concern job insecurity. Yuan et al. (2026) find that AI implementation can generate job insecurity when employees see AI as a substitution rather than a complement to their work. Capability barriers are about skills and readiness. Repousis and Lois (2026) refer to persistent barriers of poor support and rigid hierarchies, while Islam et al. (2023) note that lack of technology competency can impede adoption even when the technology is available. In practice, these categories overlap: an employee lacking skills may also be anxious, and job insecurity may exacerbate both. However, separating them helps show that barriers operate through different mechanisms and may therefore require different responses.
[bookmark: _Toc9890]3.5.3 Critical Synthesis of Drivers and Barriers
Taken together, the literature repeatedly stresses trust, perceived usefulness and organisational support, but the way these factors are conceptualised varies across studies. Park and Jung (2021) see organisational support as a moderator that strengthens the trust–intention link, whereas Daly et al. (2025) view support as a contextual condition that influences trust over time. These are not necessarily inconsistent results; they are different conceptualisations of the role of support in different theoretical orientations. Golgeci et al. (2025) further demonstrate that resistance is multidimensional, implying that employee responses cannot be explained by a single driver or barrier. Song et al. (2026) report that human-AI collaboration has a double-edged effect on work effectiveness, increasing it through trust and reducing it through job insecurity, and they conclude that the positive effects outweigh the negative effects in their meta-analytic sample. This variation suggests that the role of drivers and barriers depends not only on the factor itself but also on how it is conceptualised and in what context it is studied.
[bookmark: _Toc22184]3.6 Organisational Support and Employee Adaptation
Three recurring forms of organisational support were identified across the mapped literature: training and reskilling, communication and participation, and leadership or management support. These are not pre-determined categories but emerge from the studies themselves. Training and reskilling are considered by Park and Jung (2021), Yuan et al. (2026) and Repousis and Lois (2026). Daly et al. (2025) and Golgeci et al. (2025) discuss communication and participation. Leadership and management support are central in Cho, Hur and Kim (2025) and also appear in Park and Jung (2021). Not every study reports the same forms of support. Cho, Hur and Kim (2025) emphasise leadership support more, whereas Repousis and Lois (2026) stress training and dialogue. None of the studies in the mapped literature consider all three mechanisms together, indicating that support is usually studied in partial rather than holistic terms.
How these mechanisms relate to outcomes also varies. Park and Jung (2021) treat perceived organisational support as a moderator that strengthens the relationship between trust and intention. Daly et al. (2025) suggest that support is not a direct predictor of trust but a contextual condition that shapes trust over time. Yuan et al. (2026) note how the same technology can be associated with different experiences depending on the framing and support, but this is an observed association rather than a demonstrated causal effect. These differences matter for interpretation: support may function as a moderator in some studies, as a contextual condition in others, and as a direct predictor in others. Overall, the mapped literature shows a link between organisational support and adaptation, but the strength and form of this link depend on how support is conceptualised and in what context it is studied.
[bookmark: _Toc15410]3.7 Critical Synthesis of Mapped Literature
Taken together, the 	mapped literature can be read as an integrative interpretation rather than a set of separate findings. This interpretation connects four factors: the extent and context of AI adoption, the pattern of employee responses, the organisational support systems established, and the outcome of adaptation. The level and context of AI adoption provide contextual conditions that may shape the concerns employees raise. These conditions determine the response pattern, which is better understood as a multidimensional response pattern rather than a binary choice, since trust, anxiety, job insecurity, resistance and adaptation often co-exist. Organisational support mechanisms then operate with this pattern of response, rather than on it directly. The interaction may be associated with adaptation outcomes, but they are contingent not determined.
Three conditions seem to modify these relationships. The first is the form of AI adoption: augmentation-oriented adoption has been associated with more positive responses The second is the type of resistance encountered, since fears, inefficacies and antipathies may all need different support responses. The third is the broader organisational context, including the framing of AI and the levels of uncertainty experienced by employees. This interpretation is not a causal model and does not suggest that these relationships hold in all settings. It is a way of organizing the mapped evidence so that adoption, responses, support and adaptation can be examined together and it provides the basis for the research gaps discussed in section 3.9.

[bookmark: _Toc20910]3.8 Conclusion
This section has mapped how AI adoption, employee responses and organisational support are discussed across the literature. The evidence suggests that these three elements are connected rather than separate: adoption is related to employee responses, and supports shapes how those responses develop. Employee responses are not a simple choice between acceptance and resistance, but a multidimensional set of responses, including trust, anxiety, job insecurity and adaptation. Organisational support can help employees adapt, but its effects depend on context, the form of AI adoption and the type of resistance involved. These patterns point to the research gaps discussed in the next section.

[bookmark: _Toc2591]3.9 Findings, Research Gaps & Future Research
[bookmark: _Toc21645]3.9.1 Key Findings 
Three findings emerge from the mapping, each corresponding to one research objective. The mapping for RO1 shows that AI adoption is concentrated on the organisational level, with fewer studies considering individual-level tool use and very few sector-level shifts. This indicates a strong concentration of research because it implies that literature is primarily interested in organisational adoption, with less focus on individual and sector-level dynamics. For RO2, the mapping reveals that the mapped studies cluster around two broad groups of responses: trust and acceptance on one side and anxiety, job insecurity and resistance on the other. Less often mentioned are ambivalence and adaptation though the studies that do mention them suggest that these responses can co-exist. Thus, evidence is mixed across response dimensions. In RO3, the mapping reveals that organisational support is mostly researched in terms of training and leadership support, while communication and participation are less frequent. No study examines all three support mechanisms in combination. Such uneven distribution indicates that some forms of support are under researched and the link between support and adaptation is not yet fully mapped.
[bookmark: _Toc16048]3.9.2 Research Gaps 
Previous studies have separately considered three areas. First, adoption research has identified the forms and levels of AI adoption, from individual-level tool use to organisation-wide adoption (Venkatesh et al., 2003; Park and Jung, 2021). Second, employee response research has examined trust, resistance, anxiety and job insecurity as separate reactions (Golgeci et al., 2025; Yuan et al., 2026). Third, research on organisational support has examined support for training, communication and leadership (Daly et al., 2025; Cho, Hur and Kim, 2025). What remains under-researched is the linkage between these three areas: how organisational support translates employee responses into adaptation outcomes, and how this translation varies across adoption levels and response dimensions. There are two reasons why existing studies cannot fully address this linkage. First, most of the studies focus on one area at a time, so the interaction between adoption level, response pattern and support mechanism is rarely studied together. Second, the studies that do address support tend to do so as a background condition rather than as a mechanism, so the process through which support influences adaptation is not traced. This review addresses the gap by mapping the three areas together and producing an integrative interpretation linking AI adoption, employee responses, organisational support and adaptation. In so doing it provides a more integrated account than any single study and identifies where the evidence is concentrated and where it is absent.
[bookmark: _Toc30196]3.9.3 Future Research Directions 
The above gaps each suggest a particular methodological response. The first gap is the missing link between organisational support, employee responses and adaptation. A qualitative design would be useful here to trace how employees interpret support practices and how those interpretations influence responses over time. Survey studies can demonstrate that support and adaptation are related, but they cannot explain the mechanism by which support is translated into adaptation. The second gap concerns temporal interplay of responses and support. Most of the studies measure this interaction at one point in time, so they ‘may not adequately explain whether trust, anxiety or resistance change as employees gain experience with AI. A longitudinal study would address this limitation, by following the same employees through different stages of AI adoption, and allowing for the examination of whether responses change, and whether support practices accelerate or decelerate that change. The third gap relates to the uneven evidence across the levels of adoption, response dimensions and support mechanisms. A comparative design across sectors or levels of adoption would help to establish whether the patterns identified at the organisational level also hold at the individual or sector level and whether some support mechanisms matter more in certain contexts. These proposals are within the remit of the present mapping review: they follow directly from the gaps identified and do not assert causal relationships that the current evidence does not support.
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2. THE SYSTEMATIC MAPPING PROCESS

We have adapted and applied systematic mapping to software engineering in a study focusing on
software product line variability (Mujtaba et al. 2008). In the following, we detail the process we
used. We also discuss some of the choices in the systematic map by (Bailey et al. 2007).
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FIGURE 1: The Systematic Mapping Process




