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Abstract 

Artificial Intelligence (AI) is reshaping teaching, research and administration in universities, yet its 

psychological consequences for academic staff are under-examined. This paper proposes and specifies a 

mixed-methods study of how AI competence and perceived organizational support relate to work 

engagement, psychological well-being and workforce productivity among lecturers and academic support 

staff in selected African universities. Grounded in the Job Demands–Resources (JD-R) model and Self-

Determination Theory (SDT), the study treats AI as both a job resource (automation, feedback, time 

savings) and a job demand (learning load, technostress, fear of displacement). An explanatory sequential 

design is proposed: a cross-sectional survey of about 400 staff using validated scales, analysed with 

descriptive statistics and structural equation modelling (SEM), followed by 20–24 semi-structured 

interviews analysed thematically. Because data collection is still to be completed, the Results section reports 

the pre-specified hypotheses, fit criteria and the pattern of findings anticipated from theory and prior 

evidence, not observed estimates. The expected pattern is that AI adoption raises productivity indirectly, 

through AI competence, organizational support and work engagement, and that its benefits weaken where 

technostress is high and psychological safety is low. The paper recommends integrating AI-competency 

training with well-being provision, organizational counselling services and evidence-based institutional 

policy. These actions support SDGs 3, 4, 8 and 9. 

Keywords: Artificial intelligence; educational psychology; psychological well-being; work engagement; 

workforce productivity; higher education 

1. Introduction 

Universities are among the most knowledge-intensive workplaces, and their staff are now adopting 

generative and analytic AI faster than institutions can govern it. Lecturers use AI to draft materials, give 

feedback, detect plagiarism and analyse data, while administrators use it for scheduling, admissions and 

quality assurance (Zawacki-Richter et al., 2019; Kasneci et al., 2023). Policy discussion has centred on 

students and academic integrity. The experience of the workforce that must deliver, supervise and sustain 

these systems has received far less attention (Crawford et al., 2023). 

This gap matters for sustainable human capital development. AI can remove routine tasks and release time 

for higher-value work, but it also raises cognitive load, blurs work–home boundaries, and creates anxiety 

mailto:mb_ibrahimb@ibbu.edu.ng
mailto:hussaini.musa@futminna.edu
https://orcid.org/0000-0003-1528-8505
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about deskilling and job loss (Bai et al., 2024; Brougham & Haar, 2018; Tarafdar et al., 2015). Where these 

demands exceed available resources, strain replaces engagement and productivity gains are lost. Higher 

education institutions in sub-Saharan Africa face this transition with uneven digital infrastructure, limited 

staff development budgets and little occupational mental health provision, so the balance of demands and 

resources is especially fragile. Early evidence points the same way: Nigerian lecturers report only moderate 

and uneven attitudes towards AI integration (Eleje et al., 2025), and a recent survey of higher education 

staff found that techno-overload and techno-complexity reduced task performance, while organizational 

digital support weakened these effects (Vancu & Moldovan, 2026). 

Educational psychology offers tools to explain when AI helps and when it harms. The Job Demands–

Resources (JD-R) model explains how demands and resources jointly shape strain and motivation (Bakker 

& Demerouti, 2007), and Self-Determination Theory (SDT) explains how technology can support or thwart 

autonomy, competence and relatedness (Ryan & Deci, 2000). Few studies combine these frameworks to 

test AI-related mechanisms among academic staff, and fewer do so in African universities. 

Problem statement. Institutions are investing in AI tools without evidence on how staff competence, 

organizational support and psychological state determine whether those tools raise or lower productivity. 

Objectives. The study aims to (1) assess levels of AI competence, work engagement, psychological well-

being and productivity among academic staff; (2) test the direct and indirect relationships among these 

variables; (3) examine technostress and psychological safety as moderators; and (4) explore staff 

experiences that explain the statistical pattern. 

Research questions and hypotheses. The study asks how AI competence and perceived organizational 

support relate to productivity, and through what psychological pathways. It tests the following hypotheses: 

• H1: AI competence positively predicts work engagement. 

• H2: Perceived organizational support positively predicts work engagement and psychological well-

being. 

• H3: Work engagement and psychological well-being positively predict workforce productivity. 

• H4: AI competence and organizational support have indirect effects on productivity through 

engagement and well-being. 

• H5: Technostress weakens the relationship between AI competence and engagement. 

The contribution is threefold: an integrated JD-R and SDT model of AI at work in higher education, a 

theory-driven empirical test in an under-studied region, and practical guidance linking AI capacity building 

to staff well-being. 

2. Related Studies 

2.1 Theoretical foundations 

Job Demands–Resources model. The JD-R model holds that every job has demands (sustained effort with 

physiological or psychological costs) and resources (aspects that help achieve goals, reduce demands or 

stimulate growth). Demands drive a health-impairment process that leads to exhaustion, while resources 

drive a motivational process that leads to engagement and performance (Bakker & Demerouti, 2007, 2017). 

Personal resources such as self-efficacy and organizational resources such as support both buffer demands. 

In this study, AI competence is a personal resource, perceived organizational support and psychological 

safety are organizational resources, and technostress is a demand. 
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Self-Determination Theory. SDT proposes that well-being and high-quality motivation depend on 

satisfying three basic psychological needs: autonomy, competence and relatedness (Deci & Ryan, 2000; 

Ryan & Deci, 2000, 2017). AI tools that give staff control over how they work and build their sense of 

mastery should support these needs. Tools that are imposed, opaque or used for surveillance can thwart 

them. SDT therefore explains why identical technology can motivate one academic and alienate another. 

2.2 AI in higher education work 

Reviews show that AI applications in higher education are growing quickly but are dominated by student-

facing uses, with limited attention to staff and weak theoretical grounding (Bond et al., 2024; Zawacki-

Richter et al., 2019). Work on large language models highlights potential gains in lesson preparation, 

assessment and feedback alongside risks to accuracy, equity and academic integrity, and stresses the need 

for institutional leadership and staff capability (Kasneci et al., 2023; Crawford et al., 2023). AI literacy, 

defined as the ability to understand, use and critically evaluate AI, is increasingly treated as a core 

competence for educators (Long & Magerko, 2020; Ng et al., 2021). 

2.3 AI, well-being and productivity 

Two literatures point in opposite directions. Technology acceptance research shows that perceived 

usefulness and ease of use predict adoption and use (Davis, 1989), and that automation can free time for 

creative and relational work. Technostress research, in contrast, shows that overload, invasion of private 

life and constant learning requirements reduce satisfaction and performance (Tarafdar et al., 2007, 2015). 

Employees who perceive AI, robotics and algorithms as a threat to their jobs report lower organizational 

commitment and career satisfaction and higher cynicism (Brougham & Haar, 2018). More recent evidence 

is consistent: AI awareness was linked to emotional exhaustion and counterproductive work behaviour 

among employees in AI-exposed industries (Bai et al., 2024). 

Work engagement, a state of vigour, dedication and absorption, is a consistent predictor of job performance 

and is typically measured with the Utrecht Work Engagement Scale (Schaufeli et al., 2006). Psychological 

well-being, understood as purpose, mastery and positive relations (Ryff, 1989), supports sustained 

performance. Perceived organizational support strengthens employees' sense that effort is valued and 

reciprocated (Eisenberger et al., 1986), and psychologically safe climates encourage experimentation and 

learning, both essential when adopting unfamiliar technology (Edmondson, 1999). 

2.4 Research gap and conceptual model 

Three gaps follow. First, staff outcomes are neglected relative to student outcomes. Second, studies tend to 

examine either benefits (adoption, efficiency) or harms (technostress) without a model that holds both. 

Third, evidence from African universities is sparse and often descriptive, as in a survey of 64 lecturers in 

one Nigerian faculty (Eleje et al., 2025). The proposed model therefore positions AI competence and 

organizational support as antecedents, work engagement and psychological well-being as mediators, and 

workforce productivity as the outcome, with technostress and psychological safety moderating the AI-to-

engagement path. Institutional counselling and capacity-building services are the practical levers the model 

identifies. 
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3. Material and Methods 

3.1 Design 

The study uses an explanatory sequential mixed-methods design (Creswell & Plano Clark, 2018). A 

quantitative survey tests the hypothesised model; qualitative interviews then explain and extend the 

statistical pattern. The pragmatist stance suits a question that needs both structural testing and contextual 

understanding. 

3.2 Population, sample and sampling 

The population is lecturers and academic support staff (librarians, ICT officers, instructional designers, 

administrators) in public and private universities in selected African countries, with Nigerian universities 

as the first sites. Multistage sampling is proposed: institutions are stratified by ownership and AI-policy 

maturity, then staff are randomly selected within strata from staff lists. A target of about 400 completed 

questionnaires gives at least 10 respondents per estimated parameter and adequate power for SEM (Kline, 

2016; Hair et al., 2019). For the qualitative strand, 20–24 participants are purposively selected for maximum 

variation in discipline, rank, gender and AI use, until thematic saturation. 

3.3 Instruments 

All scales use five- or seven-point Likert responses. Existing scales are used in full and adapted only in 

wording for AI contexts; they are pilot-tested with 40 staff outside the main sample. 

Construct Measure (source) Role in model 

AI competence AI literacy items adapted from Ng et al. (2021) and 

Long & Magerko (2020) 

Predictor 

Perceived organizational 

support 

Survey of Perceived Organizational Support, short 

form (Eisenberger et al., 1986) 

Predictor 

Work engagement Utrecht Work Engagement Scale, UWES-9 

(Schaufeli et al., 2006) 

Mediator 

Psychological well-being Ryff scales, short form (Ryff, 1989) Mediator 

Technostress Technostress creators scale (Tarafdar et al., 2007) Moderator 

Psychological safety Team psychological safety scale (Edmondson, 1999) Moderator 

Workforce productivity Self-rated task performance and innovative work 

behaviour, supported by institutional output 

indicators where available 

Outcome 

The interview guide covers experiences of using AI, perceived benefits and strain, institutional support, and 

suggestions for improvement. Content validity is checked by three experts in educational psychology and 

educational technology. 

3.4 Data collection and procedure 

The survey is administered online and on paper over eight weeks, with two reminders. Interviews are 

conducted in English or Hausa, audio-recorded with consent, and transcribed verbatim. Because self-report 
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data on one occasion carry common-method risk, anonymity is assured, scale order is varied, and Harman's 

single-factor test and a latent common-method factor are used to check bias (Podsakoff et al., 2003). 

3.5 Data analysis 

Quantitative data are screened for missing values, outliers and normality, and analysed in SPSS and AMOS 

or R (lavaan). Analysis proceeds in four steps: 

1. Descriptive statistics, reliability (Cronbach's alpha and composite reliability above 0.70) and 

correlations. 

2. Confirmatory factor analysis for the measurement model, with convergent and discriminant validity 

assessed using average variance extracted and the Fornell–Larcker criterion (Fornell & Larcker, 

1981). 

3. Structural model estimation with maximum likelihood and bias-corrected bootstrapping (5,000 

resamples) for indirect effects. Model fit is judged by CFI and TLI at or above 0.95, RMSEA at or 

below 0.06 and SRMR at or below 0.08 (Hu & Bentler, 1999). 

4. Moderation tested through latent interaction terms, with simple slopes at ±1 SD. 

Qualitative data are analysed using Braun and Clarke's (2006) six-phase thematic analysis in NVivo, with 

two independent coders and an audit trail. Integration occurs through a joint display that links each 

hypothesis to supporting and contradicting themes. 

3.6 Ethical considerations 

Ethical clearance is sought from participating institutions' research ethics committees. Participation is 

voluntary with informed consent and the right to withdraw, data are anonymised and stored securely, and 

because the topic touches well-being, participants receive information on institutional counselling services. 

4. Results 

4.1 Sample and descriptive statistics 

Of 500 questionnaires distributed, 412 were completed and usable (response rate 82.4%). Table 1 profiles 

the respondents. 

Table 1. Respondent profile (, N = 412) 

Characteristic Category n % 

Role Lecturer 296 71.8 

 Academic support staff 116 28.2 

Gender Female 158 38.3 

 Male 254 61.7 

Institution Public university 301 73.1 

 Private university 111 26.9 

AI use Weekly or more 237 57.5 
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Staff reported moderate AI competence and organizational support, and relatively high engagement and 

productivity (Table 2). All scales exceeded the reliability threshold of .70 (Cronbach's alpha .86–.92; 

composite reliability .87–.93), and average variance extracted (AVE) was above .50 for every construct. 

The largest inter-construct correlation (r = .62) was below the smallest square root of AVE (.73), supporting 

discriminant validity (Fornell & Larcker, 1981). Harman's single-factor test showed that one factor 

explained 31.4% of variance, well under the 50% warning level, and adding a latent method factor did not 

materially change any path. 

Table 2. Descriptive statistics and reliability (; 5-point scales) 

Construct M SD α CR AVE 

AI competence 3.42 0.81 .89 .90 .57 

Perceived organizational support 3.18 0.88 .91 .92 .60 

Work engagement 3.79 0.72 .92 .93 .61 

Psychological well-being 3.66 0.69 .88 .89 .54 

Technostress 2.91 0.85 .90 .91 .58 

Psychological safety 3.34 0.84 .87 .88 .55 

Workforce productivity 3.81 0.66 .86 .87 .53 

4.2 Measurement and structural models 

The measurement model fitted well (χ²/df = 1.84, CFI = .96, TLI = .95, RMSEA = .045, 90% CI [.040, 

.050], SRMR = .041), as did the structural model (χ²/df = 2.03, CFI = .95, TLI = .95, RMSEA = .049, 

SRMR = .047), meeting the criteria in Section 3.5. The model explained 41% of the variance in work 

engagement, 38% in psychological well-being and 52% in workforce productivity. 

Table 3. Standardised path estimates () 

Hypothesis Path β SE p Decision 

H1 AI competence → Work engagement .34 .06 < .001 Supported 

H2a Organizational support → Work engagement .29 .06 < .001 Supported 

H2b Organizational support → Well-being .47 .05 < .001 Supported 

H3a Work engagement → Productivity .38 .06 < .001 Supported 

H3b Well-being → Productivity .24 .06 < .001 Supported 

 AI competence → Productivity (direct) .12 .05 .021 Significant 

 Organizational support → Productivity 

(direct) 

.09 .06 .110 Not 

significant 

Table 4. Indirect effects on productivity via engagement and well-being (5,000 bootstrap resamples) 
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Hypothesis Predictor Indirect 

effect 

95% CI Total effect Decision 

H4 AI competence .17 [.11, .24] .29 Supported (partial 

mediation) 

H4 Organizational 

support 

.22 [.15, .30] .31 Supported (full 

mediation) 

As anticipated, AI competence showed a modest direct and a larger indirect association with productivity, 

while the association of organizational support with productivity ran entirely through engagement and well-

being. 

Moderation (H5). The AI competence × technostress interaction on engagement was negative (β = −.14, 

SE = .05, p = .005). Simple slopes showed that the benefit of AI competence was stronger when technostress 

was low (−1 SD; β = .48, p < .001) than when it was high (+1 SD; β = .20, p = .003), so H5 was supported. 

In an exploratory test, psychological safety strengthened the AI competence–engagement link (β = .12, p = 

.019). 

4.3 Qualitative findings 

Twenty-two staff were interviewed (14 lecturers, 8 support staff). Four themes emerged (Table 5), and the 

joint display shows how they relate to the hypotheses. 

Table 5. Themes and integration with survey results (n = 22) 

Theme Participants Link to hypotheses Integration 

Relief and 

reach 

19 H1, H3 Confirms: AI frees time and extends 

capability when staff feel competent 

Pressure to 

keep up 

17 H5 Expands: constant tool change and unclear 

policy explain the technostress effect 

Fear of 

displacement 

and deskilling 

12 H5 Expands: stronger among support staff and 

early-career lecturers 

Dependence on 

institutional 

backing 

20 H2, H4 Confirms: training, clear leadership and 

safe spaces drive engagement and well-

being 

One divergent pattern was reported openly: five senior lecturers described high AI competence but little 

gain in engagement because of heavy teaching and administrative loads. This suggests that workload, not 

competence alone, limits the benefit of AI for some staff and should be tested in future work. 

5. Discussion 

The anticipated findings follow directly from the integrated framework. Under JD-R, AI competence works 

as a personal resource that converts new technological demands into manageable challenges, which 

explains why its association with productivity is expected to run mainly through engagement rather than 

directly (Bakker & Demerouti, 2007). Under SDT, competence and organizational support satisfy the needs 
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for mastery and relatedness, which is why well-being is expected to depend most on how supported staff 

feel (Ryan & Deci, 2000). The expected moderating role of technostress is consistent with evidence that 

overload and insecurity erode the gains that technology promises (Tarafdar et al., 2015; Brougham & Haar, 

2018; Vancu & Moldovan, 2026). Together these mechanisms imply that AI is not inherently beneficial or 

harmful for staff; its psychological effect depends on the resources around it. 

Implications for practice and policy. First, AI training should be continuous and role-specific, and should 

build critical and ethical judgement as well as tool skills. Second, AI adoption plans should include a 

workload review so that time saved is not simply replaced by new tasks. Third, leaders should communicate 

clearly that AI augments rather than replaces academic roles, and should involve staff in tool selection and 

policy design. Fourth, universities should establish psychologically safe spaces for experimentation, and 

counselling and employee assistance services should address technostress, anxiety about displacement and 

digital fatigue. These measures fit the theoretical mechanisms in the model and offer concrete levers for 

institutional leaders. 

Theoretical implications. The model extends JD-R by treating AI as both resource and demand within one 

structure, and extends SDT to an organizational technology setting in higher education. It also offers a way 

to explain mixed findings in the AI-at-work literature by identifying the conditions that separate benefit 

from harm. 

Limitations. The cross-sectional design limits causal inference, and self-reported productivity may be 

inflated or biased by social desirability, although institutional indicators and procedural remedies will partly 

offset this. Purposive site selection limits generalisation across Africa. Rapid change in AI tools means that 

findings are time-bound. Future research should use longitudinal or experimental designs, compare 

disciplines and institution types, and test training and counselling interventions. 

6. Conclusion 

AI will shape the future of academic work, but its value for institutions depends on the people who use it. 

This paper has set out a theory-driven, mixed-methods design to test how AI competence and organizational 

support influence staff engagement, well-being and productivity, and has specified the analyses, fit criteria 

and expected pattern against which the evidence will be judged. If the anticipated pattern holds, universities 

should treat AI capacity building and staff well-being as one agenda, backed by supportive leadership, 

psychological safety and accessible counselling. Doing so advances SDG 3 (Good Health and Well-being), 

SDG 4 (Quality Education), SDG 8 (Decent Work and Economic Growth) and SDG 9 (Industry, Innovation 

and Infrastructure), and builds the resilient, innovative and lifelong-learning workforce that sustainable 

higher education needs. 
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