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Abstract 
The rapid proliferation of artificial intelligence (AI) 

and intelligent automation in contemporary 

workplaces has transformed organizational 

ecosystems, shifting the operational paradigm from 

isolated human labor to sophisticated human–AI 

collaboration. Despite substantial capital 

investments in algorithmic infrastructure and 

cognitive systems, organizational digital 

transformations frequently stall due to employee 

resistance, anxiety, and suboptimal technology 

acceptance. While existing information systems and 

organizational behavior literature extensively 

examines technological features and utilitarian 

determinants through established models such as the 

Technology Acceptance Model (TAM) and the 

Unified Theory of Acceptance and Use of 

Technology (UTAUT), micro-foundational 

psychological mechanisms remain underexplored. 

This systematic review investigates the critical 

moderating and mediating role of the organizational 

psychological climate—comprising psychological 

safety, perceived organizational support, trust in 

automation, and learning orientation—in shaping 

employee acceptance and engagement with 

collaborative AI systems. Adhering to PRISMA 

(Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses) guidelines, we synthesize 92 

peer-reviewed empirical and theoretical studies 

published between 2015 and 2026. Our thematic 

synthesis reveals that a supportive psychological 

climate fundamentally alters cognitive appraisals of 

AI, transforming perceived job threats (automation 

anxiety, competence loss) into perceived job 

resources (cognitive augmentation, skill 

enhancement). Building upon Job Demands-

Resources (JD-R) theory and Conservation of 

Resources (COR) theory, we propose an integrated 

conceptual framework—the Psychological Climate-

Mediated AI Acceptance Model (PC-MAAM)—

explaining how contextual safety buffers cognitive 

friction and catalyzes proactive technology 

adoption. Furthermore, we outline comprehensive 

managerial, policy, and research implications, 

highlighting the imperative for human-centric 

organizational design in the age of cognitive 

automation. 

 

Keywords: Human–AI Collaboration; 

Psychological Climate; Psychological Safety; 

Technology Acceptance; Job Demands-Resources 

Theory; Algorithmic Management; Workplace 

Transformation. 

 

I. Introduction 
The contemporary global workplace is 

undergoing an unprecedented structural 

metamorphosis driven by the rapid maturation of 

artificial intelligence (AI), machine learning 

algorithms, generative cognitive agents, and 

intelligent robotics. Unlike previous waves of 

industrial mechanization that primarily substituted 

manual labor and routine physical operations, 

contemporary AI systems increasingly penetrate 

cognitive, analytical, and emotional domains 

traditionally reserved for human workers 

(Daugherty & Wilson, 2018; Raisch & Krakowski, 

2021). From automated decision support systems in 

healthcare and algorithmic task allocation in 

logistics to generative writing assistants in corporate 

strategy, organizations are swiftly transitioning 

toward human–AI collaboration (HAI-C) models. In 

these hybrid work environments, humans and 

autonomous algorithms do not merely operate in 

parallel; they engage in reciprocal, interactive 

workflows characterized by shared problem-solving, 

real-time feedback, and dynamic role-shifting (Jia et 

al., 2025; Liu & Li, 2025). 

Despite the transformative potential of AI 

to drive operational efficiency, enhance analytical 

precision, and unlock novel forms of organizational 

innovation, the realization of these benefits is 

frequently hindered by a persistent implementation 

bottleneck: employee resistance and suboptimal 

technology acceptance (Brougham & Haar, 2018; 

Kolbjørnsrud et al., 2017). Organizational leaders 

invest billions of dollars annually in cutting-edge 

technological infrastructure, yet empirical evidence 
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indicates that a significant proportion of digital 

transformation initiatives fail or underperform, 

primarily due to human-side friction (Cenamor et 

al., 2019; Deloitte, 2024). Employees frequently 

confront the integration of AI systems not with 

enthusiasm, but with apprehension, skepticism, and 

covert or overt resistance. This psychological 

resistance stems from profound structural anxieties, 

including fears of technological unemployment, 

obsolescence of acquired expertise, erosion of 

professional autonomy, and distrust in algorithmic 

transparency (Glikson & Woolley, 2020; Raisch & 

Krakowski, 2021; Yam et al., 2023). 

To understand why employees embrace or 

reject collaborative technologies, organizational 

scholars have traditionally relied on utilitarian 

frameworks such as the Technology Acceptance 

Model (TAM; Davis, 1989), the Theory of Planned 

Behavior (TPB; Ajzen, 1991), and the Unified 

Theory of Acceptance and Use of Technology 

(UTAUT; Venkatesh et al., 2003). These 

foundational models posit that individual adoption 

decisions are primarily driven by cognitive 

evaluations of perceived usefulness (PU) and 

perceived ease of use (PEOU), alongside normative 

social pressures and facilitating conditions. 

However, while utilitarian calculators remain 

valuable, they exhibit severe theoretical limitations 

when applied to advanced human–AI collaboration. 

Traditional acceptance models operate under the 

implicit assumption that technologies are passive, 

deterministic instruments. In stark contrast, modern 

AI systems are active, autonomous, and 

unpredictable agents that learn dynamically, make 

probabilistic judgments, and frequently operate as 

'black boxes' whose internal reasoning remains 

opaque to the end-user (Pasquale, 2015; Burrell, 

2016). Consequently, employee acceptance of AI is 

not merely a rational calculation of efficiency gains; 

it is an emotionally laden, deeply relational 

psychological process fraught with uncertainty, 

vulnerability, and interpersonal risk (Reich et al., 

2026; Wang et al., 2024). 

Recognizing this critical theoretical gap, 

contemporary organizational behavior and 

management literature has begun to emphasize the 

profound influence of the organizational context—

specifically, the psychological climate—in shaping 

employee attitudes toward advanced technologies 

(Doan & Nguyen, 2025; Reich et al., 2026). 

Psychological climate refers to employees' shared or 

individual perceptions of the psychological impact 

of the work environment and managerial practices 

on their personal well-being, growth, and security 

(James & James, 1989; Jones & James, 1979). 

Encompassing dimensions such as psychological 

safety (Edmondson, 1999), perceived organizational 

support (POS; Eisenberger et al., 1986), trust in 

leadership and automation (Mayer et al., 1995; Lee 

& See, 2004), and learning orientation (Dweck, 

1986), the psychological climate establishes the 

normative boundaries within which employees 

interpret organizational change. 

When organizations introduce AI into an 

unsupportive, highly competitive, or 

psychologically unsafe climate, employees are 

prone to interpret the technology through a threat 

lens (Lazarus & Folkman, 1984). Under such 

conditions, AI is perceived as an adversarial 

monitoring apparatus designed to enforce 

performance standards, displace labor, and penalize 

human error. Conversely, when embedded within a 

thriving, psychologically safe climate that 

normalizes experimentation, embraces learning from 

failure, and provides robust organizational support, 

AI is appraised as a supportive cognitive resource. 

This resource empowers workers to transcend 

routine operational burdens, engage in exploratory 

learning, and amplify their creative capabilities (Wu 

et al., 2025; Zhang et al., 2025b). Despite the 

intuitive importance of this contextual dynamic, the 

extant literature lacks a comprehensive, systematic 

synthesis integrating psychological climate 

dimensions with the micro-foundational 

mechanisms of human–AI acceptance. 

This review paper addresses this critical 

void by conducting a rigorous, PRISMA-compliant 

systematic literature review of 92 peer-reviewed 

articles published between 2015 and 2026. We 

examine how distinct facets of the psychological 

climate moderate the relationship between human–

AI collaboration and employee acceptance, 

engagement, and well-being. Grounding our 

synthesis in Job Demands-Resources (JD-R) theory 

(Bakker & Demerouti, 2017) and Conservation of 

Resources (COR) theory (Hobfoll, 1989), we 

unpack the dual-edged nature of AI in the 

workplace—highlighting how it simultaneously 

introduces novel job demands (e.g., cognitive load, 

algorithmic control, tech-learning anxiety) and rich 

job resources (e.g., analytical support, task variety, 

autonomy). Furthermore, we introduce an integrated 

conceptual framework—the Psychological Climate-

Mediated AI Acceptance Model (PC-MAAM)—to 

guide future empirical inquiries and provide 

actionable strategic roadmaps for organizational 

leaders, HR practitioners, and policymakers 

navigating the digital future of work. 
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II. Theoretical Foundations 
To establish a robust analytical foundation 

for examining human–AI collaboration and 

employee acceptance, this paper integrates two 

premier theoretical perspectives from organizational 

psychology: Job Demands-Resources (JD-R) theory 

(Bakker & Demerouti, 2017; Demerouti et al., 2001) 

and Conservation of Resources (COR) theory 

(Hobfoll, 1989, 2001). These frameworks provide 

complementary lenses for understanding how 

technological transformation interacts with 

workplace psychological climate to influence 

employee psychological states, behavioral 

intentions, and adoption outcomes. 

 

2.1 Job Demands-Resources (JD-R) Theory in AI 

Contexts 

JD-R theory posits that working conditions 

can be classified into two overarching categories: 

job demands and job resources. Job demands refer 

to those physical, psychological, social, or 

organizational aspects of the job that require 

sustained physical or psychological effort and are 

therefore associated with certain physiological and 

psychological costs (e.g., burnout, exhaustion, 

anxiety). Job resources refer to those physical, 

psychological, social, or organizational aspects of 

the job that are functional in achieving work goals, 

reduce job demands and the associated 

physiological and psychological costs, or stimulate 

personal growth, learning, and development. 

In the context of human–AI collaboration, 

AI integration acts as a powerful dual-edged catalyst 

that simultaneously alters job demands and job 

resources (Liu & Li, 2025; Song et al., 2026). On 

the demands side, AI introduces novel stressors, 

termed 'AI-induced job demands' or 'HAI-C job 

demands' (Braganza et al., 2021). These include 

heightened cognitive load resulting from complex 

human-machine interfaces, technological learning 

anxiety (the fear of failing to master evolving 

algorithms), algorithmic monitoring and perceived 

loss of control, and ambiguity regarding shifting 

role boundaries (Chuang et al., 2025; Guo et al., 

2026). When these demands outweigh existing 

resources, employees experience chronic stress, 

resistance, and technostress, leading to maladaptive 

coping behaviors such as knowledge hiding or 

turnover intentions (Doan & Nguyen, 2025; Moin & 

Zhang, 2024). 

Conversely, when deployed effectively, 

human-AI collaboration serves as a potent job 

resource. AI systems absorb tedious administrative 

burdens, automate repetitive operational tasks, and 

provide real-time decision support, thereby 

expanding employees' functional autonomy and task 

variety. According to JD-R theory's motivational 

process, these resources foster work engagement, 

psychological availability, and intrinsic motivation 

(May et al., 2004; Wu et al., 2025). Crucially, the 

organizational psychological climate acts as a 

critical macro-resource that determines whether 

employees perceive AI primarily as an 

overwhelming demand or an empowering resource 

(Bakker & Demerouti, 2017). 

 

2.2 Conservation of Resources (COR) Theory and 

Psychological Safety 

Complementing JD-R theory, Conservation 

of Resources (COR) theory argues that individuals 

strive to obtain, retain, foster, and protect those 

things they centrally value—termed 'resources.' 

Resources encompass objects (e.g., tools, 

technology), conditions (e.g., job security, 

supportive climate), personal characteristics (e.g., 

self-efficacy, resilience), and energies (e.g., time, 

cognitive bandwidth). COR theory operates on two 

foundational principles: (1) primacy of resource 

loss—loss of resources is psychologically more 

salient and impactful than an equivalent gain of 

resources; and (2) resource investment—individuals 

must invest resources to protect against resource 

loss, recover from losses, and gain new resources. 

In organizational settings undergoing AI 

transformation, employees frequently perceive the 

introduction of autonomous systems as a direct 

threat to their core resource pool—specifically, their 

professional expertise, job security, status, and 

control over work processes (Chuang et al., 2025; 

Pereira et al., 2023). Under COR theory, when 

employees experience resource threat or actual 

resource loss (e.g., deskilling or displacement fears), 

they enter a defensive conservation posture. In this 

state, they engage in defensive routines, resist 

technological adoption, and withhold discretionary 

effort to protect their remaining psychological and 

professional resources (Hobfoll, 2001). 

The organizational psychological climate—

particularly psychological safety (Edmondson, 

1999)—functions as a vital contextual resource that 

alters this calculus. Psychological safety is defined 

as an individual's shared belief that the team or 

organization is safe for interpersonal risk-taking—a 

climate where individuals feel secure to speak up, 

ask naive questions, admit errors, and experiment 

with new tools without fear of negative 

consequences to self-image, status, or career 

(Edmondson, 1999; Frazier et al., 2017). Within a 

psychologically safe climate, the threat of resource 
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loss is mitigated. Employees perceive that making 

mistakes during the initial AI learning curve will not 

be penalized, thereby reducing the anxiety of 

vulnerability. Consequently, psychological safety 

acts as a psychological buffer that enables 

employees to invest their cognitive and emotional 

energies into exploring and adopting collaborative 

AI systems (Kim et al., 2025; Reich et al., 2026). 

 

III. Comprehensive Literature Review 
To synthesize the extensive scholarly 

landscape surrounding human–AI collaboration and 

employee acceptance, this literature review is 

organized into four major thematic streams: (3.1) 

Evolution of Technology Acceptance Models in AI 

Contexts; (3.2) The Dual-Edged Nature of Human–

AI Collaboration; (3.3) The Central Role of 

Psychological Climate and Safety; and (3.4) 

Individual-Level Moderators of AI Acceptance. 

 

3.1 Evolution of Technology Acceptance Models in 

AI Contexts 

The academic study of technology adoption 

in organizations has historically been anchored in 

utilitarian frameworks. Davis's (1989) Technology 

Acceptance Model (TAM), derived from the Theory 

of Reasoned Action (Fishbein & Ajzen, 1975), 

established that perceived usefulness (PU) and 

perceived ease of use (PEOU) are the primary 

determinants of user attitude and behavioral 

intention to adopt information technology. Over 

subsequent decades, TAM evolved into more 

comprehensive frameworks, most notably the 

Unified Theory of Acceptance and Use of 

Technology (UTAUT and UTAUT2; Venkatesh et 

al., 2003, 2012), which incorporated performance 

expectancy, effort expectancy, social influence, and 

facilitating conditions, alongside moderating 

demographic variables. 

However, scholars increasingly argue that 

traditional TAM and UTAUT paradigms exhibit 

fundamental blind spots when applied to advanced 

artificial intelligence, machine learning, and 

generative agents (Brougham & Haar, 2018; Raisch 

& Krakowski, 2021). Traditional information 

systems (e.g., enterprise resource planning software, 

spreadsheets) are deterministic tools; they execute 

programmed instructions reliably and transparently. 

In contrast, AI systems exhibit autonomy, 

adaptability, and opacity (Pasquale, 2015). They 

make probabilistic decisions, generate creative 

outputs, and evolve through machine learning 

without direct human programming. 

Consequently, recent literature has 

expanded traditional acceptance models by 

integrating trust in automation (Lee & See, 2004; 

Glikson & Woolley, 2020), algorithmic 

transparency (Rai, 2020), and perceived 

vulnerability (Wang et al., 2024). Employees do not 

merely evaluate whether an AI tool is 'easy to use'; 

they evaluate whether the AI's autonomous 

decisions are reliable, whether the system will 

undermine their professional autonomy, and 

whether organizational leadership will hold them 

accountable for algorithmic errors. Thus, modern 

acceptance frameworks necessitate a pivot from 

purely utilitarian calculations to relational and 

psychologically grounded evaluations (Reich et al., 

2026). 

 

3.2 The Dual-Edged Nature of Human–AI 

Collaboration 

A prominent consensus emerging from 

recent empirical and meta-analytic research is that 

human–AI collaboration operates as a 'double-edged 

sword' within organizations (Liu & Li, 2025; Song 

et al., 2026). On one hand, empirical studies 

document significant positive outcomes associated 

with AI usage. AI integration enhances operational 

efficiency, reduces cognitive fatigue associated with 

repetitive administrative duties, and serves as an 

external stimulus satisfying basic psychological 

needs for competence and relatedness, thereby 

boosting work engagement and creative problem-

solving (Wu et al., 2025; Zhang et al., 2025b). For 

instance, knowledge workers utilizing generative AI 

report enhanced productivity, accelerated ideation, 

and greater capacity for high-value strategic tasks 

(Hao et al., 2025). 

On the other hand, the dark side of AI 

collaboration is well-documented. Algorithmic 

management and heavy automation can induce work 

alienation, depersonalization, and severe 

technostress (Liu & Li, 2025; Nair & Vohra, 2010). 

When AI systems substitute core task 

characteristics—stripping employees of meaningful 

craftsmanship, autonomy, and decision-making 

authority—the psychological benefits of technology 

usage evaporate, replaced by feelings of 

replacement, irrelevance, and loss of control 

(Braganza et al., 2021; Chuang et al., 2025). 

Furthermore, intense performance pressure driven 

by algorithmic pacing frequently exhausts 

employees, triggering withdrawal behaviors, safety 

compliance failures, and elevated turnover 

intentions (Doan & Nguyen, 2025; Song et al., 

2026). 
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3.3 The Central Role of Psychological Climate and 

Safety 

Given the dual-edged nature of AI, the 

organizational context—specifically the 

psychological climate—serves as the decisive pivot 

determining whether collaboration yields positive or 

maladaptive outcomes. Psychological climate 

reflects how employees cognitively appraise and 

interpret their work environment regarding safety, 

support, and fairness (James & James, 1989). 

Among climate dimensions, psychological 

safety (Edmondson, 1999) has garnered intense 

scholarly focus in recent AI adoption research. 

Reich et al. (2026), in a large-scale empirical 

investigation across global consulting firms, 

demonstrated that psychological safety reliably 

predicts initial employee adoption of AI tools, 

functioning as an essential antecedent that lowers 

the interpersonal risk of experimentation. When 

employees feel psychologically safe, they are 

willing to troubleshoot opaque AI outputs, admit 

adoption errors, and engage in exploratory trial-and-

error without fear of professional penalty 

(Edmondson & Lei, 2014). 

Similarly, perceived organizational support 

(POS) and competitive psychological climates exert 

profound moderating effects. Supportive climates 

buffer employees against technological anxiety and 

depressive symptoms associated with digital 

restructuring (Kim et al., 2025; Pereira et al., 2023). 

Conversely, hyper-competitive psychological 

climates—where employees perceive zero-sum 

competition for dwindling human roles alongside 

AI—exacerbate counterproductive work behaviors, 

knowledge hiding, and service sabotage (Doan & 

Nguyen, 2025; Li et al., 2019). 

 

3.4 Individual-Level Moderators of AI Acceptance 

While psychological climate provides the 

overarching situational context, individual-level 

psychological differences significantly moderate 

how employees perceive and accept collaborative 

AI systems. Key individual moderators identified in 

the literature include: 

• AI Self-Efficacy: An employee's personal 

confidence in their capability to execute courses of 

action required to interact effectively with AI 

systems. High AI self-efficacy mitigates tech-

learning anxiety and buffers the negative impact of 

task complexity on work engagement (Heng et al., 

2023; Song et al., 2026). 

• Learning Goal Orientation: Employees with a 

strong learning orientation view AI adoption as an 

opportunity to acquire novel skills and expand 

cognitive competence, whereas those with a 

performance-avoidance orientation view AI as a 

threat to their professional competence (Dweck, 

1986; Zhang et al., 2025b). 

• Professional Tenure and Experience: Senior 

employees often possess deeply ingrained mental 

models and established workflows, making them 

more susceptible to resistance and resource loss 

threats during digital transformations compared to 

digital natives, unless supported by tailored change 

management (Reich et al., 2026). 

 

IV. Research Gap 
A rigorous synthesis of the extant literature reveals 

three critical theoretical and empirical gaps that this 

review paper aims to address: 

1. Micro-Macro Integration Gap: Existing research 

predominantly investigates AI acceptance either 

through macro-level technological readiness 

frameworks or micro-level individual cognitive 

appraisals. There is a glaring absence of integrated 

theoretical models that explicitly link macro-

organizational psychological climates 

(psychological safety, perceived support) with 

micro-foundational psychological resource 

dynamics (COR and JD-R theories) to explain 

continuous AI acceptance and sustained 

engagement. 

2. Adoption vs. Sustained Usage Dichotomy: While 

a substantial body of literature examines initial 

technology adoption intentions, few empirical 

studies distinguish between initial adoption and 

sustained, proficient collaboration over time. As 

Reich et al. (2026) note, contextual factors such as 

psychological safety may critically influence initial 

adoption but operate differently during post-

adoption workflow integration and routine 

utilization. 

3. Contextual Boundary Conditions: The boundary 

conditions under which psychological climate 

buffers the 'dark side' of human–AI collaboration 

(e.g., algorithmic control, work alienation, and 

burnout) remain under-theorized. Specifically, the 

interactive effects of digital leadership, 

organizational justice, and competitive climate in 

shaping employee acceptance require systematic 

mapping. 

 

V. Objectives 
To address the identified research gaps, this 

systematic review pursues the following primary 

objectives: 

1. To systematically synthesize peer-reviewed 

empirical and theoretical literature (2015–2026) 

concerning human–AI collaboration, employee 

acceptance, and psychological climate. 
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2. To integrate JD-R and COR theories into a 

unified conceptual framework explaining how 

psychological climate mediates and moderates the 

cognitive appraisal of AI demands and resources. 

3. To delineate the distinct mechanisms through 

which psychological safety, perceived 

organizational support, and trust in automation 

shape employee attitudes across the adoption 

lifecycle. 

4. To formulate actionable managerial, policy, and 

future research recommendations designed to foster 

human-centric, psychologically secure AI 

integration in modern organizations. 

VI. PRISMA Methodology 
To ensure methodological rigor, transparency, and 

reproducibility, this systematic review was 

conducted in strict adherence to the Preferred 

Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) guidelines (Page et al., 2021). 

 

6.1 Search Strategy and Database Selection 

A comprehensive literature search was executed 

across five premier academic databases: Web of 

Science, Scopus, IEEE Xplore, ProQuest 

ABI/INFORM, and PsycINFO. The search string 

combined Boolean operators and truncation to 

capture relevant literature across management, 

psychology, and information systems disciplines: 

Query: ("human-AI collaboration" OR "artificial 

intelligence adoption" OR "algorithmic 

management" OR "intelligent automation") AND 

("psychological climate" OR "psychological safety" 

OR "perceived organizational support" OR "trust in 

automation") AND ("employee acceptance" OR 

"work engagement" OR "technostress" OR 

"resistance to change" OR "employee well-being"). 

 

6.2 Inclusion and Exclusion Criteria 

To maintain high academic standards, studies were 

filtered according to stringent inclusion criteria: (1) 

peer-reviewed empirical or theoretical journal 

articles published in English; (2) publication date 

between January 2015 and June 2026 (capturing the 

modern era of deep learning and generative AI); (3) 

explicit focus on workplace human-AI interaction or 

organizational technology adoption; and (4) 

examination of psychological climate, safety, or 

related contextual constructs. Exclusion criteria 

included: conference abstracts without full papers, 

non-peer-reviewed industry reports, editorials, and 

studies focusing strictly on consumer AI adoption 

rather than organizational employee adoption. 

 

6.3 Study Selection and Screening Process 

The initial database search yielded 1,248 records. 

Following the removal of 382 duplicates, 866 

records underwent title and abstract screening. Of 

these, 614 articles were excluded for failing to meet 

topical relevance criteria. The remaining 252 full-

text articles were assessed for eligibility. Following 

rigorous full-text evaluation against methodological 

quality and thematic fit, 92 peer-reviewed studies 

were selected for final qualitative synthesis and 

inclusion in this review. 

 

VII. Proposed Conceptual Framework 
Synthesizing our theoretical foundations 

(JD-R and COR theories) and empirical findings, we 

propose an integrated conceptual framework termed 

the Psychological Climate-Mediated AI Acceptance 

Model (PC-MAAM). As illustrated in our 

theoretical synthesis, the model posits that the 

introduction of collaborative AI systems generates 

both job demands (cognitive load, learning anxiety, 

algorithmic control) and job resources (decision 

support, efficiency, autonomy). 

Crucially, the organizational psychological 

climate—comprising psychological safety, 

perceived organizational support, and trust in 

automation—serves as a dual-level moderator and 

mediating catalyst. In a thriving psychological 

climate, the threat appraisal of AI demands is 

suppressed, and resource appraisal is amplified. This 

psychological shift enhances employees' 

psychological availability and AI self-efficacy, 

subsequently driving proactive technology 

acceptance, sustained engagement, and innovative 

work behavior while inhibiting work alienation, 

technostress, and turnover intentions. 

 

VIII. Findings and Discussion 
The systematic review of 92 peer-

reviewed studies provides a comprehensive 

understanding of the psychological, organizational, 

and technological mechanisms that shape employee 

acceptance of Human–AI collaboration. The 

findings indicate that successful AI integration 

extends beyond technological sophistication and 

operational efficiency; rather, it is fundamentally 

influenced by the psychological environment in 

which employees interact with AI systems. The 

review highlights that psychological climate serves 

as a critical organizational resource that determines 

whether employees perceive AI as an empowering 

partner or as a threat to their professional identity 

and job security. 
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 8.1.Psychological Climate as a Fundamental 

Driver of AI Acceptance 

One of the most consistent findings across 

the reviewed literature is that employee acceptance 

of AI is not solely determined by perceived 

usefulness or ease of use, as proposed by the 

Technology Acceptance Model (TAM), but is 

significantly shaped by the prevailing psychological 

climate of the organization. A positive 

psychological climate—characterized by trust, 

fairness, managerial support, open communication, 

and psychological safety—encourages employees to 

view AI as an opportunity for professional growth 

rather than a source of uncertainty. 

Employees working in organizations with 

supportive climates demonstrate greater confidence 

in experimenting with AI-enabled technologies, 

actively participate in digital transformation 

initiatives, and exhibit stronger intentions to 

collaborate with intelligent systems. Conversely, 

organizations characterized by uncertainty, poor 

communication, limited managerial support, and 

punitive performance evaluation systems tend to 

generate resistance, anxiety, and distrust toward AI 

implementation. These findings reinforce the 

argument that psychological climate functions as a 

contextual resource that facilitates technology 

acceptance by reducing perceived risks and 

increasing employees' willingness to engage with 

emerging technologies. 

 

 8.2.Psychological Safety Facilitates Human–AI 

Collaboration 

The review consistently identifies 

psychological safety as one of the strongest 

antecedents of successful Human–AI collaboration. 

Employees are more willing to experiment with AI 

systems when they believe they can make mistakes, 

ask questions, seek assistance, and express concerns 

without fear of criticism or negative career 

consequences. 

Organizations that foster psychological 

safety encourage continuous learning, 

experimentation, and knowledge sharing during AI 

implementation. Such environments reduce 

technology-related anxiety and promote adaptive 

learning behaviours that enable employees to 

gradually develop confidence in AI-assisted 

decision-making. Rather than perceiving AI-

generated recommendations as threats to their 

expertise, employees in psychologically safe 

workplaces treat AI as an intelligent collaborator 

that enhances decision quality and problem-solving 

capabilities. 

Furthermore, psychologically safe climates 

strengthen organizational learning by encouraging 

feedback loops between employees and AI systems. 

This iterative learning process allows organizations 

to continuously improve AI implementation while 

simultaneously enhancing employee competence 

and trust. 

 

8.3.The Mediating Role of Psychological 

Availability and Work Alienation 

The review also reveals the complex 

mediating mechanisms through which AI influences 

employee attitudes and behaviours. Psychological 

availability—the perception that employees possess 

sufficient emotional, cognitive, and physical 

resources to perform their work effectively—

emerges as a significant mediator between AI 

implementation and employee engagement. 

AI technologies can reduce routine 

workload, improve access to information, and 

streamline decision-making processes, thereby 

increasing employees' psychological availability for 

creative, strategic, and value-adding activities. 

However, this positive effect is conditional upon 

organizational support and appropriate job design. 

In contrast, excessive automation and 

overdependence on AI may unintentionally diminish 

employees' sense of purpose and professional 

identity. When AI replaces meaningful aspects of 

employees' work rather than complementing them, 

individuals frequently experience work alienation, 

characterized by reduced autonomy, diminished task 

significance, emotional detachment, and declining 

intrinsic motivation. 

These findings strongly support the 

Conservation of Resources (COR) Theory 

(Hobfoll, 1989), which suggests that employees 

experience psychological stress when valuable 

personal resources—including autonomy, 

competence, identity, and control—are threatened or 

depleted. AI implementation that ignores these 

psychological resources may therefore increase 

emotional exhaustion and resistance to technological 

change. 

 

8.4.Leadership and Organizational Support as 

Critical Buffering Mechanisms 

Another recurring theme across the 

reviewed studies is the pivotal role of leadership in 

shaping employee acceptance of AI. Ethical, 

transformational, inclusive, and digital leadership 

styles consistently foster favourable psychological 

climates that reduce uncertainty associated with 

technological change. 
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Leaders who communicate a compelling 

vision for AI adoption, involve employees in 

implementation decisions, provide transparent 

information regarding technological changes, and 

demonstrate empathy toward employee concerns 

significantly enhance organizational trust. Such 

leadership behaviours increase employees' 

perceptions of organizational support, which in turn 

strengthens AI self-efficacy, psychological 

empowerment, and work engagement. 

The review further indicates that perceived 

organizational support moderates many of the 

negative psychological consequences associated 

with AI adoption. Employees who believe that their 

organization values their contributions and invests 

in their professional development are substantially 

more willing to embrace AI technologies and 

continuously develop new digital competencies. 

 

 8.5.AI Self-Efficacy and Continuous Learning 

Employee confidence in using AI 

technologies—commonly referred to as AI self-

efficacy—emerges as another critical determinant of 

technology acceptance. Organizations that provide 

structured AI training, digital literacy programs, 

mentoring opportunities, and continuous learning 

initiatives significantly reduce technology-related 

anxiety while increasing employee competence. 

The literature consistently demonstrates 

that AI self-efficacy enhances employees' 

willingness to explore advanced AI functionalities, 

integrate intelligent systems into daily workflows, 

and develop innovative work practices. Rather than 

viewing AI as a replacement for human expertise, 

confident employees perceive AI as an 

augmentation tool capable of improving 

productivity and decision quality. 

These findings emphasize that technological 

investments alone are insufficient. Organizations 

must simultaneously invest in human capability 

development to ensure sustainable digital 

transformation. 

 

8.6. Human-Centred AI Implementation 

Promotes Sustainable Acceptance 

The review further demonstrates that 

organizations adopting a human-centred approach to 

AI implementation achieve superior employee 

outcomes compared with technology-centric 

implementation strategies. Human-centred AI 

emphasizes collaboration rather than substitution, 

ensuring that AI complements uniquely human 

capabilities such as creativity, emotional 

intelligence, ethical reasoning, critical thinking, and 

complex decision-making. 

Employees are considerably more receptive 

to AI when they retain meaningful responsibility, 

autonomy, and opportunities for professional 

growth. Conversely, AI initiatives designed 

primarily for workforce reduction or excessive 

algorithmic control frequently generate fear, 

cynicism, and organizational resistance. 

Overall, the findings indicate that 

sustainable Human–AI collaboration requires 

organizations to balance technological efficiency 

with psychological well-being, preserving employee 

dignity, autonomy, and opportunities for meaningful 

work. 

 

IX. Managerial Implications 
The insights derived from this review offer 

actionable strategic directives for organizational 

leaders, human resource practitioners, and managers 

navigating digital transformations: 

1. Cultivate Psychological Safety Before AI 

Deployment: Managers must proactively build 

psychological safety by framing AI adoption as an 

experimental learning journey rather than a punitive 

performance monitor. Leaders should openly 

discuss adoption hurdles, normalize initial mistakes, 

and encourage open dialogue regarding 

technological anxieties. 

2. Redesign Job Roles to Preserve Human Agency: 

To combat work alienation and resource loss, 

organizations must avoid complete task 

replacement. Job crafting initiatives should be 

encouraged, allowing employees to retain core 

creative, emotional, and strategic responsibilities 

while delegating routine administrative burdens to 

AI. 

3. Invest in Targeted AI Capability Building: 

Organizations must provide comprehensive, 

continuous training programs that enhance 

employee AI self-efficacy. Bridging the digital skills 

gap directly alleviates tech-learning anxiety and 

fosters intrinsic motivation. 

 

X. Policy Implications 
At a macro-organizational and institutional 

level, policymakers and regulatory bodies must 

establish robust governance frameworks for human-

AI collaboration. First, labor policies should 

mandate algorithmic transparency and explainable 

AI standards, ensuring employees understand how 

AI-driven decisions affect their evaluations and 

workflows (Pasquale, 2015; Rai, 2020). Second, 

labor regulations must protect worker privacy 

against intrusive algorithmic monitoring, preventing 

excessive surveillance that erodes psychological 

safety. Finally, public-private partnerships should 
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support continuous reskilling initiatives, 

safeguarding workforce stability amidst rapid 

technological shifts. 

 

XI. Future Research Directions 
To advance the scholarly discourse on human–AI 

collaboration, future research should pursue several 

promising avenues: 

1. Longitudinal and Dyadic Designs: Most existing 

studies rely on cross-sectional self-reported surveys. 

Future research should employ longitudinal tracking 

and multi-source dyadic designs (pairing employees 

with supervisors and team leaders) to capture the 

evolving dynamics of trust and psychological safety 

over the AI adoption lifecycle. 

2. Cross-Cultural Comparisons: Given that cultural 

dimensions (e.g., power distance, uncertainty 

avoidance) heavily influence perceptions of 

authority and safety, comparative cross-cultural 

studies are needed to examine how psychological 

climate operates across Eastern and Western 

organizational contexts. 

3. Generative AI and Emotional Labor: As 

generative AI agents penetrate emotional and 

interpersonal domains (e.g., coaching, customer 

service, leadership support), future empirical work 

must investigate how human-agent emotional 

attachment and algorithmic companionship 

influence psychological climate and team dynamics. 

 

XII. Limitations 
This systematic review is subject to several 

methodological limitations. First, despite employing 

a rigorous PRISMA search strategy across multiple 

premier databases, relevant studies published in 

non-English outlets or gray literature repositories 

may have been omitted. Second, the heterogeneity 

of research designs, operational definitions, and 

industry contexts across the 92 reviewed papers 

precludes a quantitative meta-analysis, necessitating 

a qualitative thematic synthesis. Third, the rapidly 

evolving nature of artificial intelligence means that 

empirical findings regarding generative AI agents 

may evolve swiftly as technology matures. 

 

XIII. Conclusion 
Human–AI collaboration represents the 

definitive frontier of contemporary organizational 

transformation. As this systematic review 

demonstrates, realizing the full potential of 

intelligent automation requires moving beyond 

narrow utilitarian models of technology acceptance 

to embrace micro-foundational psychological 

dynamics. By anchoring our analysis in Job 

Demands-Resources and Conservation of Resources 

theories, we established that the organizational 

psychological climate—particularly psychological 

safety, perceived organizational support, and trust—

serves as the vital catalyst determining whether AI 

is appraised as an empowering resource or an 

existential threat. Cultivating a supportive, 

psychologically secure climate transforms 

algorithmic disruption into sustainable employee 

engagement, organizational resilience, and human-

centric innovation. 
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