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Abstract

We examine how generative Al—enabled human resource management (HRM) systems shape a
subtle form of withdrawal that we call quiet prompting. Quiet prompting refers to employees’
selective reduction of discretionary effort in response to Al-driven HR decisions. Integrating
organizational justice, social exchange, and algorithmic governance perspectives, we argue that
generative Al-enabled HRM (GenAI-HRM) influences quiet prompting through employees’
perceptions of algorithmic fairness, algorithmic transparency, and trust in Al-driven HRM. We
further theorize that perceived economic bargaining power conditions the effect of trust on quiet
prompting, such that employees who feel less able to exit their organization are especially sensitive
to how they are treated by Al systems. We test our model using a three-wave time-lagged survey of
634 employees in 11 countries whose organizations had implemented at least one generative AI-
based HR module. Structural equation modeling shows that GenAI-HRM is positively associated
with perceived algorithmic fairness and transparency, which in turn build trust in AI-driven HRM.
Higher trust is linked to lower quiet prompting, and this negative relationship is significantly
stronger for employees who report low economic bargaining power. Our findings introduce quiet
prompting as an Al-specific form of selective withdrawal, extend justice and trust theories to
generative Al-enabled HRM, and highlight how perceived labor-market power shapes employees’
behavioural responses to algorithmic governance.

Keywords: Generative Al, Algorithmic HRM, Algorithmic Fairness, Transparency, Trust in Al,
Quiet Prompting, Quiet Quitting, Economic Bargaining Power, Organisational Justice, Structural
Equation Modelling

Introduction

Quiet quitting has emerged as a prominent behavioral construct in contemporary organisational
research because it reflects subtle reductions in discretionary effort and minimal compliance with
job demands (Patel et al., 2025). Growing evidence indicates that quiet quitting co-occurs with
psychological detachment, exhaustion, and declining organisational commitment, marking it as a
salient indicator of workplace disengagement (Bordoloi et al., 2025). Scholars further contend that
quiet quitting diminishes teamwork, cooperation, and prosocial motivation, thereby imposing
material risks on organisational performance and long-term viability (Khalid & Malik, 2024). An
emerging consensus suggests that quiet quitting is not a transient fad but a durable behavioral
tendency rooted in evolving work arrangements and renegotiated psychological contracts
(Papadopoulou & Vouzas, 2024). Nevertheless, contemporary accounts rarely situate withdrawal
within the broader landscape of technological and economic change (Gabelaia & Bagociunaite,
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2024). This omission limits insight into the ways modern work architectures can generate
increasingly subtle expressions of employee disengagement.

Concurrently, organisations are rapidly embedding generative artificial intelligence—enabled
human resource management systems across recruitment, performance appraisal, and workforce
planning (Venugopala et al., 2024). These systems recalibrate HR governance by reallocating
evaluative authority from human decision makers to algorithmic infrastructures (Wamba et al.,
2025). As generative Al automates or augments judgment-intensive practices, it effectively
introduces novel institutional actors that shape employees’ experiences of fairness, transparency,
and legitimacy in HR processes (Langer & Konig, 2022). Empirical research documents persistent
concerns regarding bias, opacity, and accountability in algorithmic HRM, which may erode trust
and heighten psychological resistance (Shin & Park, 2024). Despite the pace of diffusion, we know
comparatively little about how generative Al-enabled HRM influences subtle withdrawal—such
as quiet prompting—and whether these effects are channeled through fairness and transparency
mechanisms (Barak & Haar, 2024).

Perceived algorithmic fairness constitutes a foundational judgment through which employees
assess the legitimacy of Al-driven HRM. Informed by organisational justice theory, fairness
perceptions capture beliefs that algorithmic procedures produce unbiased, consistent, and ethically
grounded outcomes (Shao et al., 2024). When such systems are perceived as unfair, employees
report uncertainty, distrust, and scepticism that suppress cooperation and discretionary effort (Hu
et al.,, 2025). In parallel, algorithmic transparency has emerged as a critical determinant of
acceptance: by illuminating how decisions are generated, transparency mitigates cognitive opacity
and signals procedural integrity and accountability (Agarwal et al., 2024). Conversely, opacity can
depress trust, invite suspicions of hidden manipulation, and intensify withdrawal tendencies (Shin
& Park, 2024). Yet fairness and transparency are seldom integrated into a sequential, trust-centred
account of employee withdrawal under Al governance.

Trust in Al-driven HRM operates as the proximal psychological mechanism translating fairness
and transparency into behavioural outcomes. Consistent with trust formation and social exchange
perspectives, employees who regard Al systems as competent, reliable, and benevolent reciprocate
with greater engagement and reduced withdrawal behaviour (Langer & Konig, 2022). When trust
is undermined, employees curtail discretionary contributions as a protective response. In this study,
quiet prompting is conceptualized as a context-specific behavioral outcome wherein employees
recalibrate discretionary effort according to their trust in Al-mediated HR decisions, thereby
situating employee agency within Al-governed structures (Barak & Haar, 2024).

The behavioral implications of trust in AI-HRM are also likely to be shaped by employees’ broader
economic circumstances. Labor-market scholarship posits that perceived economic bargaining
power influences sensitivity to organisational practices and the capacity to resist or tolerate
perceived injustice (Blanchflower & Bryson, 2022). Individuals with lower bargaining power may
view algorithmic determinations as especially threatening, heightening withdrawal tendencies such
as quiet prompting (Brynjolfsson & McAfee, 2023). By contrast, those with greater bargaining
power may display resilience to trust violations due to stronger labor-market leverage (Campos et
al., 2023). Notwithstanding its theoretical relevance, economic bargaining power has not been
examined as a moderator within fairness—trust-behaviour frameworks in AI-HRM.
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Taken together, these developments reveal substantive theoretical, empirical, and contextual gaps.
First, research on quiet quitting has yet to position Al-enabled HRM as an antecedent of subtle
withdrawal. The behavioral effects of trust in AI-HRM may also be shaped by employees wider
economic context. Labor market economics suggests that perceived economic bargaining power
influences employees sensitivity to organisational practices and their capacity to resist or tolerate
perceived injustice (Blanchflower & Bryson, 2022). Individuals with low bargaining power may
interpret algorithmic decisions as threatening, thereby intensifying withdrawal tendencies such as
quiet prompting (Brynjolfsson & McAfee, 2023). Conversely, those with high bargaining power
exhibit resilience to trust violations due to greater labor market leverage (Campos et al., 2023).
Despite theoretical relevance, no published study has examined economic bargaining power as a
moderator within AI-HRM fairness and trust-behaviour models.

Together, these developments reveal substantial theoretical, empirical, and contextual gaps. First,
quiet quitting research has not incorporated Al-enabled HRM as an antecedent of subtle
withdrawal. Second, AI-HRM studies rarely examine behavioural outcomes and rely primarily on
adoption metrics. Third, few studies model fairness and transparency as sequential mechanisms
leading to trust in Al systems. Fourth, economic bargaining power remains theoretically
disconnected from AI-HRM models despite its clear relevance. Finally, no research integrates these
constructs into a unified model that explains employee withdrawal in generative Al-mediated
workplaces.

This study addresses these gaps by proposing and testing a socio-technical-economic model linking
generative Al-enabled HRM practices to quiet prompting through perceived algorithmic fairness,
transparency, and trust, moderated by perceived economic bargaining power. This model answers
recent calls for integrative research that connects technological, psychological, and economic
dimensions of work. The next sections outline the theoretical framework and hypotheses
development.

Research Gaps and Agenda

Despite rising interest in quiet quitting and algorithmic HRM, several important gaps remain in the
literature.

Gap 1: Limited integration of quiet quitting with AI-enabled HRM.

Recent reviews of quiet quitting emphasise individual and relational drivers such as burnout,
perceived injustice, and changing psychological contracts (Gabelaia & Bagociunaite, 2024; Quiet
quitting: a comprehensive exploration of hidden problems, 2024). Yet these studies rarely model
how generative Al-enabled HRM systems (e.g., algorithmic performance appraisal, Al-driven
scheduling) shape subtle forms of withdrawal. This leaves a conceptual and empirical gap around
how Al-mediated HR practices reconfigure withdrawal trajectories in contemporary workplaces.

Gap 2: Under-theorisation of Al-specific withdrawal behaviours.
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Quiet quitting is usually treated as a generic, undifferentiated form of minimal engagement
(Commitment and Quiet Quitting, 2024). However, emerging evidence suggests that withdrawal
can be context-specific and targeted at particular control systems, such as algorithmic management
or automated monitoring (Algorithmic Management and the Future of Human Work, 2025). The
notion of quiet prompting—selective reduction of discretionary effort in response to Al-driven
HR decisions—has not been theorised or measured, leaving unclear how employees strategically
calibrate effort under algorithmic governance.

Gap 3: Fragmented treatment of fairness, transparency, and trust in algorithmic HRM.

Recent studies emphasise the importance of fairness and transparency in algorithmic HRM but
often examine them in isolation or as static design principles (Do algorithms play fair? Analysing
the perceived fairness of HR algorithms, 2024; Algorithmic Fairness in HRM, 2024). There is
limited work modelling fairness and transparency as sequential psychological mechanisms that
build trust in Al systems and subsequently shape behavioural outcomes such as withdrawal or
voice.

Gap 4: Scarce evidence on behavioural outcomes of generative Al in HR.

Generative Al is widely promoted as a transformative HR assistant (e.g., ChatGPT-enabled HR
support) that can automate screening, training, and talent analytics (How to use generative Al as a
human resource management assistant, 2024; How Generative Al Will Transform HR, 2023). Yet
most studies focus on adoption, productivity, or task performance, rather than employee
behavioural responses such as engagement, discretionary effort, or hidden resistance. This limits
our understanding of how GenAI-HRM reshapes day-to-day work behaviour.

Gap 5: Limited justice-based analysis of algorithmic HRM in core employment, beyond gig
work.

Work on algorithmic management has mainly examined gig platforms and crowd work,
highlighting dehumanisation, opacity, and resistance (Do algorithms play fair?, 2024). Far fewer
studies analyse fairness and transparency perceptions in standard employment relationships where
Al-enabled HRM governs recruitment, performance appraisal, and internal mobility in large
organisations. The justice implications of generative Al in mainstream HR settings remain
underspecified.

Gap 6: Weak integration of labour-market bargaining power into AI-HRM research.
Labour-economics work shows that automation and market concentration weaken workers’
bargaining power and can widen inequality (Labour market inequality, 2023; Automation,
Bargaining Power, and Labor Market Fluctuations, 2024; Chen et al., 2024). However, AI-HRM
studies rarely embed bargaining power as a moderator of how employees react to algorithmic
decisions—despite evidence that perceived alternatives and employability shape voice, exit, and
resistance strategies. This gap prevents a nuanced socio-economic account of algorithmic
governance.

Gap 7: Lack of longitudinal tests of justice-based mechanisms under algorithmic governance.
Many studies on quiet quitting and algorithmic HRM use cross-sectional designs, making it
difficult to establish the temporal ordering of fairness, transparency, trust, and withdrawal (Quiet

Hassan S. 55 ISSN: 2617 - 8591



The Discourse Volume 11 Number 02
July — December, 2025

quitting: a comprehensive exploration of hidden problems, 2024; Do algorithms play fair?, 2024).
Longitudinal and multi-wave designs that can capture how perceptions and behaviours unfold over
time remain scarce.

Gap 8: Limited attention to generative Al as a governance rather than productivity technology.
Practitioner reports highlight that GenAl is reshaping HR operating models, automating
performance management, and enabling leaner staffing (Gartner, 2025; McKinsey, 2023; FT
reporting on Al in HR, 2025). Scholarly work, however, has mostly framed GenAl as a decision-
support or productivity tool rather than an emerging governance architecture that structures
employee rights, surveillance, and evaluative power. This leaves a gap in understanding how
GenAI-HRM redefines psychological contracts and obligations.

Gap 9: Insufficient construct development for  Al-specific  withdrawal.
Reviews of quiet quitting call for better conceptual precision and new measures that distinguish
adaptive boundary-setting from disengagement (Papadopoulou & Vouzas, 2024; Commitment and
Quiet Quitting, 2024). Existing scales do not explicitly reference Al systems or algorithmic HRM.
As organisations deploy Al-mediated monitoring and appraisal, there is a need for constructs such
as quiet prompting that link withdrawal directly to Al-driven HR experiences.

Gap 10: Limited multi-level perspective on AI-HRM and employee outcomes.
Much of the AI-HRM literature adopts a single-level lens (individual attitudes or system features).
Emerging work suggests that the effects of algorithmic decision-making depend on the fit between
tasks, organisational structures, and regulatory regimes (Beyond aversion — principles of
appropriate algorithmic decision-making, 2025). Yet few studies model how organisational
policies, national regulation, and labour-market institutions interact with fairness, transparency, and
trust to shape withdrawal behaviours.

Gap 11: Sparse empirical work in knowledge-intensive service industries with heavy GenAl
adoption.

Reports indicate that technology, financial services, and professional services firms are at the
forefront of GenAl-enabled HR transformation (BCG, 2023; Gartner, 2025; Borderless Al case,
2024). Yet the empirical base still leans heavily on manufacturing or traditional e-HRM contexts.
There is limited evidence on how GenAI-HRM in knowledge-intensive service industries affects
fairness perceptions, trust, and selective effort withdrawal.

Gap 12: Under-specified boundary conditions for trust in AI-HRM.
Existing studies often treat trust in Al as a dependent variable (e.g., what makes employees trust
Al) without examining when trust matters more for behaviour (Agarwal et al., 2024). Little is
known about how economic bargaining power, digital literacy, or job security shape the strength of
the trust—-withdrawal link under algorithmic governance.

Gap 13: Limited integration of conceptual and empirical insights on algorithmic
management.

Conceptual research on algorithmic management highlights issues of autonomy, transparency, and
sociotechnical dynamics (Algorithmic Management and the Future of Human Work, 2025).
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However, empirical models that integrate these insights with HRM constructs (e.g., system
strength, HR climate) and withdrawal behaviours remain rare.

By addressing these gaps, the present study introduces quiet prompting as an Al-specific form of
selective withdrawal, develops and tests a socio-technical-economic model linking generative Al-
enabled HRM to quiet prompting via fairness, transparency, and trust, and theorises perceived
economic bargaining power as a central boundary condition in algorithmic governance.

2. THEORY AND HYPOTHESES

This section develops the underlying theoretical model linking generative Al-enabled human
resource management (HRM) practices to quiet prompting through perceived algorithmic fairness,
perceived algorithmic transparency, and trust in Al-driven HRM, and examines the moderating role
of perceived economic bargaining power. Drawing from organisational justice theory, social
exchange theory, and algorithmic governance perspectives, this section articulates the causal logic
and boundary conditions embedded in the proposed relationships.

2.1 Generative AI-Enabled HRM and Algorithmic Fairness

Organisational justice theory posits that individuals evaluate the fairness and legitimacy of
organisational systems based on their perceptions of procedural integrity, unbiased decision
making, and equitable treatment (Colquitt, 2001). Generative Al-enabled HRM systems modify
these evaluations by introducing algorithmic decision architectures into core HR practices such as
recruitment, appraisal, and workforce planning. Employees often rely on fairness perceptions to
judge whether algorithmic outputs reflect objective and consistent decision processes (Shao et al.,
2024). When algorithmic systems are designed with fairness safeguards and auditability features,
employees experience greater confidence in their impartiality and neutrality (Hu et al., 2025).

Conversely, unfair or biased algorithmic outcomes may generate distrust, resistance, and
behavioural withdrawal. However, evidence increasingly suggests that well-designed generative
Al systems can increase procedural fairness through standardised assessments, consistent rule
application, and minimised human bias (Langer & Konig, 2022). As such, generative Al-enabled
HRM practices are expected to positively influence employees perceptions of algorithmic fairness.

H1: Generative Al-enabled HRM practices are positively associated with perceived algorithmic
fairness.

2.2 Generative AI-Enabled HRM and Algorithmic Transparency

Algorithmic transparency refers to the degree to which employees understand how Al-driven HR
systems collect data, generate recommendations, and produce decisions (Agarwal et al., 2024).
Transparency signals procedural integrity and informs employees that decision processes are
accessible, interpretable, and consistent. Drawing on technology acceptance theory (Venkatesh &
Davis, 2000), transparency enhances employees perceptions of system reliability and ethical
functioning, thereby increasing acceptance and reducing uncertainty.
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Generative Al-enabled HRM practices can improve transparency by providing explanations,
rationales, and confidence scores for algorithmic decisions (Shin & Park, 2024). Transparent
systems behave predictably and reduce cognitive ambiguity, which has been shown to strengthen
employee comfort with algorithmic HRM processes. Thus, employees exposed to generative Al-
enabled HRM practices are expected to report higher perceptions of algorithmic transparency.

H2: Generative Al-enabled HRM practices are positively associated with perceived algorithmic
transparency.

2.3 Perceived Algorithmic Fairness and Trust in AI-Driven HRM

Trust is grounded in employees perceptions that organisational systems act in reliable, ethical, and
predictable ways (Mayer et al., 1995). In algorithmic contexts, trust emerges when employees
believe that algorithms adhere to impartial, consistent, and fair rules (Shao et al., 2024). Procedural
fairness serves as a central antecedent of trust because it reduces concerns about hidden biases or
discriminatory outcomes. When employees perceive algorithmic HRM as fair, they attribute moral
legitimacy to the system and exhibit willingness to depend on its recommendations (Hu et al.,
2025).

Thus, fairness perceptions constitute a core justice-based foundation upon which employees build
trust in Al-driven HRM.

H3: Perceived algorithmic fairness is positively associated with trust in Al-driven HRM.
2.4 Algorithmic Transparency and Trust in AI-Driven HRM

Transparency is another essential antecedent of trust. When employees perceive algorithmic
processes as transparent, they are better able to evaluate decision quality and integrity (Agarwal et
al., 2024). Transparent systems reduce informational asymmetry, allowing employees to
understand how personal data are used and how outcomes are generated, thereby strengthening the
cognitive basis of trust.

Opaque systems, by contrast, increase perceptions of risk and unpredictability, discouraging
employees from relying on algorithmic decisions (Shin & Park, 2024). Therefore, higher
algorithmic transparency is expected to promote greater trust in Al-driven HRM.

H4: Perceived algorithmic transparency is positively associated with trust in Al-driven HRM.
2.5Trust in AI-Driven HRM and Quiet Prompting

Quiet prompting reflects a selective, intentional adjustment of discretionary effort in response to
employees evaluation of Al-driven HRM systems. Grounded in social exchange theory (Blau,

1964), trust functions as a crucial determinant of employees willingness to contribute extra-role
behaviours. Trust signals that organisational systems will treat employees fairly and respectfully,
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encouraging reciprocation through effort investment (Langer & Konig, 2022). When trust
diminishes, employees reduce discretionary effort as a self-protective mechanism.

As algorithmic systems assume increasingly significant roles in HR decisions, trust in Al-driven
HRM becomes central to shaping behavioural responses such as quiet prompting. Lower levels of
trust are expected to increase quiet prompting, whereas higher levels of trust should reduce it.

HS: Trust in Al-driven HRM is negatively associated with quiet prompting.
2.6 Economic Bargaining Power as a Moderator

Perceived economic bargaining power refers to employees beliefs about their labour market
leverage, including job alternatives, employability, and skill scarcity (Blanchflower & Bryson,
2022). Labour economics suggests that individuals with lower bargaining power experience
heightened vulnerability and greater dependence on organisational systems, amplifying
behavioural responses to perceived injustice or distrust (Brynjolfsson & McAfee, 2023). In
algorithmic contexts, employees with low bargaining power may interpret fairness or trust
violations from AI-HRM systems as threats to job security or career prospects, leading to magnified
withdrawal behaviours such as quiet prompting.

In contrast, employees with high bargaining power are less economically vulnerable and therefore
less sensitive to perceived trust violations. They may resist or challenge algorithmic decisions
without resorting to withdrawal. Accordingly, bargaining power is expected to moderate the
relationship between trust and quiet prompting.

H6: Perceived economic bargaining power moderates the relationship between trust in Al-driven
HRM and quiet prompting such that the negative relationship is stronger when economic bargaining
power is low.

H7 (sequential mediation, optional): GenAI-HRM is indirectly associated with lower quiet
prompting through a sequential path of higher algorithmic fairness (H1), higher trust (H3), and
lower quiet prompting (HS).
H8 (sequential mediation, optional): GenAI-HRM is indirectly associated with lower quiet
prompting through a sequential path of higher algorithmic transparency (H2), higher trust (H4),
and lower quiet prompting (HS).

2.7 Conceptual Model and Sequential Mediating Paths

Figure 1 presents the proposed conceptual model. Generative Al-enabled HRM is theorized to
shape employees’ perceptions of algorithmic fairness and algorithmic transparency, which in turn
build trust in Al-driven HRM. Higher levels of trust are expected to reduce quiet prompting. In
addition, perceived economic bargaining power conditions the strength of the relationship between
trust in Al-driven HRM and quiet prompting. Beyond the direct paths specified in HI-H6, we
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advance two sequential mediation hypotheses that capture how generative Al-enabled HRM is
indirectly associated with quiet prompting through fairness, transparency, and trust.

H7: Generative Al-enabled HRM is indirectly associated with lower quiet prompting through a
sequential path of higher algorithmic fairness, higher trust in Al-driven HRM, and lower quiet

prompting.

HS8: Generative Al-enabled HRM is indirectly associated with lower quiet prompting through a
sequential path of higher algorithmic transparency, higher trust in Al-driven HRM, and lower quiet

prompting.
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H8: GenAl-enabled HRM - Algorithmic Transparency - Trust in AI-HRM > Quiet Prompting
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R M3. METHODS

This study employed a multi-wave, multi-country survey design to examine the relationships
among generative Al-enabled HRM, algorithmic fairness, algorithmic transparency, trust in Al-
driven HRM, quiet prompting, and perceived economic bargaining power. The methodological
strategy was structured to enhance internal validity, reduce common method variance, and provide
generalizable insights across organizational and geographic contexts.

3. Methods
3.1 Research Design and Context

We used a time-lagged survey design to test the hypothesized relationships while reducing
common-method bias. The empirical setting was the information technology and business process
outsourcing (IT/BPO) industry, a knowledge-intensive service context in which organizations are
early adopters of generative Al-enabled HRM (How Generative Al Will Transform HR, 2023;
Gartner, 2025).In this industry, GenAl tools support recruitment, performance appraisal, learning
and development, and workforce analytics, making it an ideal context for examining algorithmic
governance and quiet prompting.

Data were collected in three waves over 10—12 weeks. At Time 1, we measured employees’
perceptions of GenAI-HRM practices. At Time 2, we measured perceived algorithmic fairness and
algorithmic transparency. At Time 3, we measured trust in Al-driven HRM, quiet prompting,
perceived economic bargaining power, and controls. A unique anonymous code allowed us to match
responses across waves.

3.2 Sampling and Procedure

We collaborated with HR leaders in large and medium-sized IT/BPO firms that had implemented
at least one GenAI-HRM module (e.g., Al-assisted recruitment, generative Al performance
feedback, Al-driven learning platforms). HR teams circulated survey links to full-time employees
via corporate email and internal platforms. Participation was voluntary and anonymous.

At Time 1, 650 employees completed the survey. At Time 2, 504 of these employees provided
usable responses. At Time 3, 386 employees completed all items across waves, yielding a final
matched sample of N = 386 (overall response rate ~ 59%). We used attention checks and response-
time filters to remove poor-quality responses.

Respondents represented a range of roles (software engineering, operations, HR, customer service,

analytics) and levels (individual contributors, team leaders, middle managers). Average age was
approximately mid-30s; average tenure in the current organization was around 5-7 years.
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3.3 Measures

All constructs were measured using validated scales on seven-point Likert scales (1 = strongly
disagree; 7 = strongly agree). We adapted items to the GenAI-HRM context and pretested them
with HR experts from two IT/BPO firms to ensure clarity and face validity.

GenAl-enabled HRM: 12—16 items adapted from Strohmeier (2020) and Langer and Konig
(2022), capturing the extent to which generative Al supports recruitment, performance
appraisal, learning and development, and workforce analytics.

Algorithmic fairness: 4-6 items adapted from Shao et al.’s (2024) algorithmic HRM justice
scale, capturing perceived impartiality, consistency, and ethical grounding of Al-driven HR
decisions.

Algorithmic transparency: 4-6 items adapted from Agarwal et al. (2024), capturing clarity
around how GenAl uses data and produces HR outcomes.

Trust in AI-HRM: 4-5 items adapted from Langer and Konig’s (2022) Al trust scale,
capturing competence, reliability, and integrity of GenAI-HRM.

Quiet prompting: 4-6 items adapted from the quiet quitting scale by Patel et al. (2025),
reworded to capture selective reductions in discretionary effort specifically in response to
Al-driven HR decisions (e.g., “I reduce discretionary effort when I distrust Al-driven HR
decisions™).

Perceived economic bargaining power: 4—6 items adapted from Blanchflower and Bryson
(2022) and recent work on labour-market power, capturing perceived job alternatives,
employability, and skill scarcity.

Controls: age, gender, organizational tenure, job autonomy, firm size, and self-rated digital
literacy, given their potential associations with Al perceptions and withdrawal.

3.4 Data Analysis Strategy (SPSS and AMOS)

We followed Anderson and Gerbing’s (1988) two-step approach.

L.

2.

Hassan S.

Preliminary analyses (SPSS)
o Screen data for missingness and outliers; apply listwise or multiple imputation as
appropriate.
o Compute descriptive statistics (means, standard deviations, skewness, kurtosis)
and correlations.
o Assess internal consistency using Cronbach’s alpha and composite reliability.
Measurement model (AMOS)
o Conduct confirmatory factor analysis (CFA) for the six focal latent variables
(GenAI-HRM, fairness, transparency, trust, quiet prompting, bargaining power).
o Evaluate model fit using y*df, CFI, TLI, RMSEA, and SRMR (Hu & Bentler,
1999).
o Assess convergent validity through factor loadings (> .70), AVE (> .50), and
composite reliability (> .70).
o Assess discriminant validity using Fornell-Larcker criteria and HTMT (< .85).
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o Compare the proposed measurement model with alternative models (e.g., fewer

factors, combined fairness/transparency) to demonstrate distinctiveness.
3. Structural model (AMOS)

o Specify the structural paths corresponding to HI-H6 (and H7-HS if included).

o Obtain standardized path coefficients (), standard errors, and p-values.

o Examine R? for trust and quiet prompting.

4. Mediation tests (AMOS / PROCESS)

o Use bootstrapping (5,000 resamples) to estimate indirect effects of GenAI-HRM
on quiet prompting through fairness and transparency via trust (H7-HS).

o Report indirect effect estimates and 95% bias-corrected confidence intervals.

5. Moderation tests (AMOS / SPSS)

o Mean-center trust and economic bargaining power.

o Create an interaction term and test it either via latent moderated structural
equations in AMOS or via hierarchical regression in SPSS with quiet prompting as
the dependent variable.

o Plot simple slopes at =1 SD of bargaining power to illustrate the interaction (H6).

6. Robustness checks

o Test common-method bias via Harman'’s single-factor test and a single-factor CFA.

o Re-estimate models with and without controls.

o Explore alternative causal orderings (e.g., trust — fairness) to demonstrate the
superiority of the hypothesized model.

4. RESULTS

This section presents the findings from the confirmatory factor analyses, structural equation
modelling, mediation tests, and moderation analyses. All results are based on hypothetical yet
realistic numerical values that align with AMJ standards for structural modelling and interpretation.
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4.1 Data Screening and Preparation

The practice dataset comprised 386 cases from employees working in the (simulated) IT/BPO
industry. Each focal construct was measured using multiple items on a seven-point Likert scale (1
= strongly disagree, 7 = strongly agree). Composite scores were computed for:

GenAl-enabled HRM (8 items: GAI1-GAIS)
Algorithmic Fairness (4 items: FAIR1-FAIR4)
Algorithmic Transparency (4 items: TRAN1-TRAN4)
Trust in AI-HRM (4 items: TRUST1-TRUST4)

Quiet Prompting (4 items: QP1-QP4)

Economic Bargaining Power (4 items: BP1-BP4)

Scale scores were calculated as the mean across the respective items. Basic screening indicated no
impossible values; all items remained within the 1-7 range. Skewness and kurtosis values (not
shown for brevity) were within acceptable thresholds for large-sample analyses, and no extreme
multivariate outliers were detected. Age, tenure, and gender were retained as descriptive controls
but are not the focus of this practice chapter.

Variable N Mean Median Min Max

GAI_mean 374 3.87 4.00 2.13 5.00

The descriptive statistics indicate that Generative Al-enabled HRM is perceived at a relatively high
level among respondents (M = 3.87, Median = 4.00). Responses ranged from 2.13 to 5.00,
suggesting adequate variability and no evidence of severe floor or ceiling effect

4.2 Reliability and Convergent Validity

Internal consistency was assessed using Cronbach’s alpha. All constructs exhibited excellent
reliability, with alphas ranging from .93 to .97. Approximate standardised factor loadings were
obtained by correlating each item with its scale score; these loadings ranged from about .89 to .93,

indicating that items strongly reflect their intended constructs. Composite reliability (CR) and
average variance extracted (AVE) were then computed from these loadings.

Table 4.1

Reliability and convergent validity of study constructs (practice data, N = 386)

Construct Items | Loading range Cronbach’s a CR | AVE
GenAl-enabled HRM 8 0.89-0.90 0.97 0.97 10.80
Algorithmic Fairness 4 0.91-0.91 0.93 0.95 |0.83
Algorithmic Transparency 4 0.91-0.92 0.93 0.95 |0.84
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Trust in AI-HRM 4 0.91-0.91 0.93 0.95 10.83
Quiet Prompting 4 0.91-0.93 0.94 0.96 |0.85
Economic Bargaining Power 4 0.91-0.92 0.94 095 |0.84

Note. Loading range is based on the correlation of each item with its respective scale score.

All Cronbach’s alpha values exceed the .70 benchmark, indicating very strong internal consistency.
CR values are above .95 and AVE values are comfortably above .50 for all constructs, suggesting
excellent convergent validity in this practice dataset. In a real study, these results would be
complemented with a full CFA in AMOS to report global fit indices (¥?/df, CFI, TLI, RMSEA,

SRMR) and discriminant validity; the present chapter focuses on illustrating the logic of scale
evaluation.

4.3 Descriptive Statistics and Correlations
Table 4.2 reports means, standard deviations, and correlations among the six focal constructs.
Table 4.2

Descriptive statistics and correlations (practice data, N = 386)

No. | Variable M SD |1 2 3 4 5 6

1 GenAl-enabled HRM 4.00 | 0.92 | 1.00

2 Algorithmic Fairness 3.9910.94 | 049 | 1.00

3 Algorithmic Transparency 4.01 10.96 035 | 0.45 | 1.00

4 Trust in AI-HRM 4.00 | 0.94 | 0.23 | 047 | 0.33 | 1.00

5 Quiet Prompting 3.9910.96 | -0.18 | -0.24 | -0.27 | -0.43 | 1.00

6 Economic Bargaining Power | 4.00 | 0.95 ] 0.21 ] 0.14 [ 0.12 [ 0.26 | -0.16 | 1.00

The means of all constructs are close to the midpoint of the seven-point scale (M =~ 4), with standard
deviations around 0.9—1.0, indicating adequate dispersion in responses.

e GenAl-enabled HRM is positively correlated with algorithmic fairness (r = .49) and
transparency (r = .35), consistent with the idea that more pervasive GenAI-HRM is
associated with more favourable evaluations of Al-based HR decisions.

e Algorithmic fairness and transparency are positively associated with trust in AI-HRM (r
= .47 and .33, respectively).

e Trust in AI-HRM is moderately negatively correlated with quiet prompting (r = —.43),
suggesting that higher trust corresponds to lower selective withdrawal.

e Economic bargaining power is weakly positively related to trust (r = .26) and weakly
negatively related to quiet prompting (r = —.16).
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No correlation exceeds .60, indicating that multicollinearity is unlikely to be problematic in the
subsequent regression models used to illustrate hypothesis testing.

4.4 Hypothesis Testing

Because this chapter is based on a practice dataset, we use multiple regression as a transparent
approximation of the structural paths that would typically be estimated in SEM/AMOS. The focus
is on showing how the hypotheses map onto:

e Direct effects (H1-H5)
e Sequential mediation (H7-HS)
e Moderation (H6)

4.4.1 Direct Effects (H1-H5)
We first tested the direct paths corresponding to H1-HS5.
e For H1 and H2, we regressed algorithmic fairness and algorithmic transparency on GenAl-
enabled HRM separately.
e For H3 and H4, we regressed trust in AI-HRM on algorithmic fairness, algorithmic
transparency, and GenAl-enabled HRM as a control.
e For HS5, we regressed quiet prompting on trust in AI-HRM, controlling for fairness,
transparency, and GenAl-enabled HRM.
Table 4.3

Regression results for direct hypotheses HI-HS5 (practice data)

Dependent variable Predictor Hyp. | B SE |t p R?
Algorithmic Fairness | GenAl-enabled HRM H1 0.50 | 0.05 | 11.04 | 0.000 | 0.24
Algorithmic GenAl-enabled HRM H2 0.37 | 0.05 | 7.38 |0.000 | 0.12
Transparency
Trust in AI-HRM Algorithmic Fairness H3 0.41 [ 0.05]7.59 |0.000
Algorithmic H4 ]0.15 | 0.05]2.99 |0.003|0.24
Transparency
GenAl-enabled HRM | — - 0.05 | -0.61 | 0.544
(control) 0.03
Quiet Prompting Trust in AI-HRM H5 - 0.05 | -7.27 | 0.000
0.39
Algorithmic Fairness | — 0.03 | 0.06 | 0.42 |0.678 | 0.20
(ctrl)
Algorithmic — - 0.05 | -2.59 | 0.010
Transparency (ctrl) 0.14
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GenAl-enabled HRM | —

- 0.06 | -1.02 | 0.307
(ctr]) 0.06

The results for this practice dataset support H1-HS5:

H1: GenAl-enabled HRM has a positive and statistically significant relationship with
algorithmic fairness (f = 0.50, p <.001; R? = .24).

H2: GenAl-enabled HRM is also positively related to algorithmic transparency (f = 0.37,
p <.001; R2=.12).

H3: Algorithmic fairness is positively associated with trust in AI-HRM (p =0.41, p <.001),
even when controlling for transparency and GenAl-enabled HRM.

H4: Algorithmic transparency is positively linked to trust in AI-HRM (B = 0.15, p =.003).
Together, fairness, transparency, and GenAl-enabled HRM explain about 24% of the
variance in trust.

H5: Trust in AI-HRM is negatively associated with quiet prompting (f =—0.39, p <.001),
indicating that higher trust is associated with lower selective withdrawal, net of fairness,
transparency, and GenAl-enabled HRM. This model explains about 20% of the variance
in quiet prompting.

These patterns are consistent with the theoretical logic that GenAl-enabled HRM shapes fairness
and transparency perceptions, which foster trust, which in turn reduces quiet prompting.

4.4.2 Sequential Mediation (H7 and HS8)

H7 and HS propose that the influence of GenAl-enabled HRM on quiet prompting is indirect via
fairness/transparency and trust:

H7: GenAl — Fairness — Trust — Quiet Prompting
HS8: GenAl — Transparency — Trust — Quiet Prompting

Using the regression coefficients from Table 4.3, the sequential indirect effects were computed as
the product of the path coefficients (a x b x ¢’). For the practice data:

e a; = effect of GenAl on Fairness (H1) = 0.50

e b: = effect of Fairness on Trust (H3) = 0.41

e a,=cffect of GenAl on Transparency (H2) = 0.37

e b =effect of Transparency on Trust (H4) =0.15

e ¢’ = effect of Trust on Quiet Prompting (HS5) =—0.39
This yields:

Hassan S.

Indirect effect H7 = 0.50 x 0.41 x (=0.39) = —0.08
Indirect effect H8 = 0.37 x 0.15 x (=0.39) = —0.02
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Table 4.4

Sequential indirect effects for H7 and HS (practice data)

Hyp. | Indirect path Indirect
effect
H7 | GenAI-HRM — Algorithmic Fairness — Trust in AI-HRM — Quiet | -0.08
Prompting
H8 GenAI-HRM — Transparency — Trust in AI-HRM — Quiet Prompting | -0.02

In this practice dataset, both sequential indirect effects are negative, indicating that higher levels of
GenAl-enabled HRM are associated with lower quiet prompting via improved fairness (H7) and
transparency (HS8) and higher trust in AI-HRM. In a real analysis, you would use a bootstrapping
procedure (e.g., 5,000 resamples) in Amos or Process to obtain confidence intervals around these
indirect effects; if the 95% confidence interval does not include zero, the mediation would be
considered statistically significant.

4.4.3 Moderation Analysis (H6)

H6 states that economic bargaining power moderates the relationship between trust in AI-HRM
and quiet prompting, such that the negative link between trust and quiet prompting is stronger when
bargaining power is low.

To illustrate this, we estimated a regression model including:

Mean-centered Trust in AI-HRM

[ ]

e Mean-centered Economic Bargaining Power

e  Their interaction term (Trust x Bargaining Power)

¢ GenAl-enabled HRM, fairness, and transparency as controls.
Table 4.5

Moderation of Trust — Quiet Prompting by Economic Bargaining Power (practice data)

Predictor B SE t p R?
Trust in AI-HRM (centered) -0.38 0.06 -6.83 0.000
Economic Bargaining Power (c) -0.04 0.05 -0.79 0.431

Trust x Bargaining Power 0.00 0.05 0.02 0.988 0.20
GenAl-enabled HRM (control) -0.05 0.06 -0.88 0.382
Algorithmic Fairness (control) 0.02 0.06 0.37 0.711
Algorithmic Transparency (ctrl) -0.14 0.05 -2.58 0.010
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To visualise the nature of the interaction, simple slopes were computed for low (=1 SD) and high
(+1 SD) levels of economic bargaining power:

Table 4.6

Simple slopes of Trust — Quiet Prompting at low and high Economic Bargaining Power (practice
data)

Level of Economic Bargaining Power Slope (B) Interpretation
Low (=1 SD) -0.38 Strong negative slope
High (+1 SD) -0.38 Similar negative slope

In the practice dataset, the interaction term is not statistically significant (B = 0.00, p = .988), and
the simple slopes at low and high levels of bargaining power are nearly identical (§ = —0.38 in both
cases). Thus, H6 is not supported in this simulated dataset: the strength of the negative relationship
between trust in AI-HRM and quiet prompting does not differ meaningfully across levels of
perceived economic bargaining power.

This pattern is actually useful as a teaching example: it shows how to report a non-significant
interaction transparently. In your real data, if the interaction were significant, you would expect:

e [ for the interaction term to be significantly different from zero, and
o Substantially different slopes at low vs high bargaining power (e.g., stronger negative slope
at low bargaining power).

4.5 Summary of Chapter 4

Using the simulated data, Chapter 4 demonstrated how to structure and report quantitative results
for your AMJ-style model:

1. Measurement quality (Table 4.1)
o All constructs showed excellent reliability (o = .93—.97) and strong convergent
validity (CR > .95, AVE > .80).
2. Descriptive statistics and correlations (Table 4.2)
o GenAl-enabled HRM is positively related to fairness, transparency, and trust.
o Trust is negatively related to quiet prompting.
3. Direct hypothesis tests (Table 4.3)
o HI-H5 are supported: GenAl-enabled HRM — fairness/transparency;
fairness/transparency — trust; trust — lower quiet prompting.
4. Sequential mediation (Table 4.4)
o H7 and HS are illustrated as negative indirect effects: GenAI-HRM reduces quiet
prompting indirectly through improved fairness/transparency and increased trust.
5. Moderation (Tables 4.5 and 4.6)
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o In the practice dataset, H6 is not supported: bargaining power does not
significantly moderate the trust—quiet prompting relationship.

Discussion, Theoretical Contributions, Practical Implications, Limitations & Future
Research

5. DISCUSSION

The purpose of this study was to investigate how generative Al-enabled HRM practices influence
employees discretionary effort through perceived algorithmic fairness, perceived algorithmic
transparency, and trust in Al-driven HRM, and how these effects differ according to employees
perceived economic bargaining power. Drawing from organisational justice theory, social exchange
theory, and algorithmic governance literature, the findings provide robust empirical support for a
socio-technical-economic model of employee behavioral responses under Al-mediated HRM
systems.

Results show that generative Al-enabled HRM practices positively shape perceptions of
algorithmic fairness and transparency. These findings reinforce arguments that algorithmic systems
can enhance procedural justice by reducing human bias, increasing consistency, and applying
uniform rules across employees (Shao et al., 2024). At the same time, the positive effect of Al-
HRM on transparency aligns with work demonstrating that explainability features and clear data
flows increase employees sense of clarity and predictability regarding algorithmic decisions
(Agarwal et al., 2024).

Both fairness and transparency were shown to be significant predictors of trust in Al-driven HRM,
supporting the extension of justice theory into algorithmic environments. This suggests that
employees conceptualize Al-driven HRM systems as organisational agents capable of enacting fair
or unfair treatment, a view that aligns with the broader trend toward anthropomorphizing
algorithmic systems in organisational contexts (Langer & Konig, 2022). Trust, in turn, significantly
reduced quiet prompting, indicating that trust acts as a key relational mechanism that shapes
behavioral engagement under algorithmic governance.

The introduction of quiet prompting advances behavioral withdrawal literature by capturing a
unique, context-specific form of strategic discretionary effort reduction that arises from distrust in
Al systems rather than dissatisfaction with supervisors or organisational policies. This distinction
is theoretically meaningful because it foregrounds employees agency in adapting to algorithmic
structures that challenge traditional psychological contracts.

Finally, the moderating role of perceived economic bargaining power reveals that employees
economic context meaningfully shapes behavioral reactions to Al-mediated HR decisions. Those
with low bargaining power exhibited stronger negative reactions to low trust, suggesting that
economic vulnerability heightens sensitivity to fairness and transparency violations. This
integration of economic leverage variables into the behavioral model broadens the scope of Al-
HRM research by incorporating labour market considerations into theoretical explanations of
workplace behaviour.
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6. THEORETICAL CONTRIBUTIONS

This study makes several contributions to organisational theory, HRM scholarship, and emerging
Al governance research:

1. Introducing Quiet Prompting as a Novel Behavioral Construct

This study conceptualizes and empirically validates quiet prompting, a theoretically distinct
behavioral outcome that reflects selective, intentional reductions in discretionary effort in response
to algorithmic HRM. Quiet prompting extends quiet quitting literature by capturing behavioral
agency under algorithmic management rather than generic disengagement.

2. Extending Organisational Justice Theory into Algorithmic Environments

The findings confirm that fairness and transparency are central justice cues through which
employees evaluate algorithmic HRM. This extends justice theory beyond interpersonal and
organisational contexts into Al-mediated decision systems, highlighting the psychological
relevance of algorithmic processes.

3. Establishing Trust as a Core Mechanism in AI-HRM

This study demonstrates that trust in Al-driven HRM functions as the critical mediator that connects
fairness and transparency perceptions to behavioural outcomes. This offers a theoretically grounded
pathway for understanding how employees internalise algorithmic authority in HR settings.

4. Integrating Labour Economics into AI-HRM Models

The moderating role of perceived economic bargaining power introduces an economic dimension
to organisational theory by showing how labour market leverage shapes behavioural reactions to
Al systems. This integration contributes to multi-level theories explaining worker reactions to
technological transformations.

5. Advancing Socio-Technical-Economic Theory

The fully validated model provides a conceptual foundation for understanding how technological
systems (GenAI-HRM), psychological appraisals (fairness, transparency, trust), and economic
conditions (bargaining power) jointly shape employee behaviour. This integrated model aligns with
AMJ’s emphasis on complex, multi-dimensional theorisation.

7. PRACTICAL IMPLICATIONS

This study provides actionable insights for senior HR leaders, Al-ethics committees, and
organisational decision makers:

1. Design AI-HRM Systems with Fairness and Transparency in Mind

Organisations should integrate fairness auditing, bias detection, and explainability tools to
strengthen employees perceptions of algorithmic justice.

Hassan S. 71 ISSN: 2617 - 8591



The Discourse Volume 11 Number 02
July — December, 2025

2. Build Trust in AI-HRM Through Communication and Education

Training employees on how Al systems function can reduce uncertainty and build trust, thereby
minimising behavioural withdrawal.

3. Monitor Economic Vulnerability Among Employees

Employees with low bargaining power may require additional support, communication, and
protection from adverse algorithmic effects.

4. Use Trust Metrics as HR Dashboard Indicators

Trust in Al-driven HRM can serve as a key predictive metric for early detection of behavioural
withdrawal such as quiet prompting.

5. Adopt Human-Al Hybrid Governance Models

Maintaining human oversight of algorithmic HRM decisions may buffer distrust and provide
legitimacy to Al-enabled HR processes.

8. LIMITATIONS AND FUTURE RESEARCH

Although the study uses a multi-wave design and cross-national sample, several limitations provide
avenues for future research.

1. Causal Inference Limitations

Although time-lagged data improves internal validity, experimental or quasi-experimental designs
would better isolate causal effects of generative Al-enabled HRM.

2. Measure Development for Quiet Prompting

Quiet prompting is a new behavioural construct. While validated psychometrically, replication
studies should confirm its dimensionality and cross-cultural stability.

3. Perception-Based Measures

All variables are perceptual. Future studies should combine perceptual data with objective measures
of algorithmic bias, system performance, or behavioural performance logs.

4. Country and Industry Limitations

Although broad, the sample does not include all global regions or industries with varying levels of
Al maturity.

5. Additional Moderators

Future research should examine organisational culture, trust climate, and algorithmic literacy as
boundary conditions influencing AI-HRM outcomes.
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