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ABSTRACT
This study analyzes the influence of  the integration of  generative AI into human 

resources decision-making processes on organizational justice, highlighting the importance 
of  the governance mechanisms necessary to ensure perceived equity. Contrary to the 
idea that AI automatically produces fairer decisions, the results show that perceptions 
of  fairness are based above all on algorithmic transparency, human supervision and the 
organizational modalities governing the use of  these technologies. The study is based on 
a mixed design articulating an experiment and a model of  structural equations (N = 412). 
Qualitative data highlights an ambivalence: AI is perceived as potentially more objective 
but arouses mistrust when it operates without explanation. Quantitative analyses confirm 
that transparency enhances procedural justice (β = 0.47, p < 0.001) and trust in the system 
(β = 0.52, p < 0.001), while human supervision increases the acceptability of  decisions (β 
= 0.38, p < 0.01). On the other hand, algorithmic opacity significantly reduces perceived 
justice (β = −0.31, p < 0.01).

On the theoretical level, this research proposes an integrated model articulating 
generative AI, organizational justice and ethical governance, thus contributing to filling a 
notable gap in the literature on algorithmic equity in HRM. It empirically demonstrates that 
perceived justice does not stem from the technology itself, but from the mechanisms of  
transparency, explainability, and oversight that guide its use. It also clarifies the perceptual 
processes by which employees assess the legitimacy of  AI-assisted decisions, offering 
renewed insight into theories of  procedural justice and organizational trust. Finally, it 
highlights the crucial role of  human-AI hybridization, enriching the work devoted to 
socio-technical systems in HR practices.

On the managerial level, the study provides concrete guidance for the design of  
transparent, explainable and supervised HR decision-making systems, by identifying 
algorithmic transparency and human supervision as essential levers to strengthen the 
acceptability and legitimacy of  decisions produced with AI. It highlights the increased 
responsibility of  HR professionals as guarantors of  algorithmic justice in the selection, 
assessment and talent management processes. Finally, it proposes an operational 
framework for ethical governance including the training of  stakeholders, the regular audit 
of  algorithms and proactive communication with employees in order to preserve trust 
and decision-making legitimacy.
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INTRODUCTION
The rapid rise of  generative artificial intelligence is profoundly 

transforming human resources management by redefining the way 
employee data is collected, analyzed, and interpreted. Backed by HR 
analytics, IAG now makes it possible to produce actionable insights 
at a level of  scale, speed and complexity that has never been seen 
before. Whether it’s staffing, performance evaluation, workforce 
planning, or performance management, these technologies are 
reorganizing the decision-making capacity of  organizations and 
simultaneously reorienting the dynamics of  power, control, and 
recognition in the workplace. This technological restructuring raises 
fundamental questions about organizational justice, particularly with 
respect to procedural fairness, algorithmic transparency, and the 
equitable distribution of  opportunities and outcomes.

Recent literature highlights that algorithm, often designed as 
“black boxes”, can reproduce or amplify pre-existing inequalities, 
especially when biases in training data remain invisible or poorly 
understood.1 Other work, however, indicates that well-governed 
and well-supervised systems can reduce some forms of  human 
bias, particularly in selection or evaluation processes.2 Algorithmic 
justice thus appears as a multidimensional construct requiring the 
simultaneous consideration of  data quality, the learning logic of  
the models and the organizational capacity to interpret, explain 
and question the results generated.3 This tension feeds a central 
paradox: while AI promises increased rationalization and enhanced 
objectivity, it also introduces new regimes of  opacity, surveillance and 
informational asymmetry, likely to transform employees’ relationship 
to organizational judgment.4,5

This paradox opens up a grey area that has not yet been 
sufficiently explored: that of  the ethical governance of  decisions 
produced or co-constructed by the AGI. Despite the abundance of  
work on algorithmic biases, responsible AI or the dynamics of  work 
transformation, the interfaces between HR analytics, organizational 
justice and governance remain fragmented.6 Organizations are faced 
with the difficulty of  articulating technical standards of  transparency, 
auditability or traceability with the principles of  organizational 
justice7 and institutional or union expectations of  reliability and 
accountability.8 Existing conceptual frameworks remain largely 
focused on the technical performance of  algorithms, to the detriment 
of  the relational, cognitive, and political dimensions that shape how 
employees perceive and interpret the use of  these tools in decisions 
that affect them.

In this context, this article questions how an ethical governance 
model can guide the use of  generative AI and HR analytics in a 
way that consolidates, rather than weakens, organizational justice in 
human resources decisions. This question involves jointly examining 
the dynamics of  algorithmic learning, the managerial logics of  
implementation, the expectations of  perceived justice and the 
transformations of  the relationship to work induced by decision-
making automation.

The main objective of  the article is to propose an integrative 
model of  ethical governance applied to AI-augmented decisions in 
HRM, by articulating the contributions of  AGI, the mechanisms 
of  HR analytics and the distributive, procedural and interactional 
foundations of  organizational justice. The analysis first aims to clarify 
the mechanisms by which AGI shapes perceptions of  fairness in 
HR processes.6 It then focuses on the organizational, technological 
and institutional conditions likely to promote an ethical framework 
for these decisions. Finally, it proposes a conceptual framework to 
guide the design of  hybrid human–AI systems capable of  supporting 
robust organizational justice.

The article is divided into four sections. The first presents 
a critical review of  recent work on generative AI, HR analytics, 
and organizational justice. The second introduces an integrative 
conceptual framework linking the technological, organizational 
and ethical dimensions of  the phenomenon. The third describes 
the methodology used to empirically analyze this framework. The 
last section discusses the theoretical, managerial and socio-political 
implications of  the proposed model and highlights the issues and 
future research avenues.

LITERATURE REVIEW
Generative AI in Human Resource Management

Generative artificial intelligence is becoming an increasingly 
important part of  contemporary human resource management, 
redefining the way organizations design and implement decision-
making practices. According to Davenport and Miller9, AGI is a major 
breakthrough since it automates not only data analysis, but also the 
creation of  decision-making content, transforming the very nature 
of  HRM expertise. Compared to traditional predictive systems, it 
can produce reasoned recommendations, generate job descriptions, 
analyze skills and simulate management scenarios in real time. 
According to Strohmeier and Piazza10, this artificial cognitive ability 
significantly increases the velocity and scale of  decision-making.

On the other hand, this increased speed sometimes reinforces 
professionals’ dependence on algorithmic suggestions, which can, 
according to Meijerink, Bondarouk and Lepak11, reduce the exercise 
of  critical judgment and transform AGI into a true “co-decision-
maker” rather than a simple assistance tool. This evolution is part 
of  a broader socio-technical transformation of  HRM. However, 
contrary to the proliferation of  technological discourses, the empirical 
literature is still limited on the precise effects of  this co-decision on 
employees’ perceptions of  organizational justice.

Algorithmic Bias, Opacity and Ethical Risks
The ethical risks associated with the use of  generative AI are a 

major concern. According to O’Neil1, algorithms tend to reproduce 
structural biases present in training data, thereby amplifying 
inequalities in hiring, promotion, or evaluation. Compared to more 
traditional analytical approaches, AGI’s systems introduce additional 
opacity: as models change continuously, accurate traceability of  
decisions becomes more difficult to establish, which Martin et al.4 
refer to as “evolutionary opacity dynamics”. According to Raghavan 
et al.2, automated CV analysis systems have already demonstrated a 
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propensity to discriminate against certain historically disadvantaged 
groups, despite their alleged neutrality.12

On the other hand, several studies suggest that intelligent systems 
could, under certain conditions, reduce human bias. According to 
Manning L13, the use of  high-quality data, combined with auditable 
algorithms, would lead to fairer decisions than those based exclusively 
on the subjective judgment of  managers. However, this optimistic 
outlook remains tempered by the lack of  universal standards for 
algorithmic transparency. Contrary to what a purely technocentric 
vision suggests, the literature nevertheless converges on the idea 
that the ethical issues related to AGI cannot be dissociated from the 
organizational dynamics, managerial values and institutional context 
in which these technologies are deployed.

Organizational Justice: Distributive, Procedural and Interacti-
onal

Organizational justice provides an essential analytical framework 
for understanding the effects of  AGI on HR decisions.14 According to 
Greenberg7, it can be broken down into three dimensions: distributive 
justice, centered on the equity of  outcomes; procedural justice, which 
concerns the fairness of  processes; and interactional justice, linked 
to the quality of  interpersonal interactions. Compared to traditional 
decision-making contexts, the introduction of  generative systems 
simultaneously modifies these three components.

According to Colquitt et al.15, procedural justice is based on 
transparency, consistency, and the ability of  individuals to understand 
the rules that guide decisions. This requirement becomes problematic 
when decisions emanate from an opaque generative model, difficult 
to explain and whose internal logics often escape the actors in the 
field. Meijerink and Keegan5 also point out that automation can 
improve the consistency of  processes while reducing the perception 
of  interactional fairness, especially when AI replaces human 
exchanges traditionally perceived as recognition. On the other hand, 
recent work shows that human-in-the-loop approaches, where algorithmic 
decisions are supervised, contextualized and adjusted by managers, 
strengthen the legitimacy and acceptability of  hybrid judgments.

In contrast to the conceptual richness of  the literature on 
organizational justice, few studies articulate in an integrated way the 
perceptions of  equity and the mechanisms specific to generative 
technologies. According to several authors, there is still a lack of  
an explanatory framework capable of  simultaneously integrating 
the distributive, procedural and interactional dimensions with the 
cognitive and technical specificities of  AGI. It is precisely this 

theoretical deficit that this article proposes to address (Table 1).

Governance and Normative Frameworks 
The normative frameworks developed over the past decade 

are essential benchmarks for the ethical use of  AGI. According 
to the OECD (2019)16, AI governance is based on five principles: 
robustness, transparency, accountability, fairness and human 
oversight. On the other hand, these principles remain general and do 
not always consider the specificities of  HRM decisions.

According to the UNESCO Guidelines (2021)17, AI must be 
centred on human rights, including non-discrimination and equal 
access to opportunities. Compared to these global recommendations, 
the OBVIA (International Observatory on the Societal Impacts 
of  Artificial Intelligence and Digital Technology) proposes more 
operational frameworks, adapted to organizational contexts, with 
an emphasis on the auditability and explainability of  models.18 
However, the literature highlights the difficulty of  transposing these 
recommendations into the daily practices of  managers.

The ILO, in its reports on the future of  work (2020–2023), 
recalls that automation must strengthen social justice, not undermine 
collective protections. However, these reports do not yet offer 
concrete mechanisms to frame the use of  AGI in HRM, which leaves 
a normative grey area between general principles and practices in the 
field.

Gaps: Lack of  an Integrated Framework for Ethical HRM De-
cisions

Despite the growing abundance of  research, a major gap remains. 
There is no integrative framework linking AGI, HR analytics, and 
organizational justice from a governance perspective. Current work 
remains fragmented: some focus on algorithmic performance, others 
on governance or perceptions of  justice. However, none of  them 
proposes a coherent articulation between technical mechanisms, 
managerial practices and human perceptions.

Compared to rapid advances in computational sciences, 
management sciences are lagging behind in conceptualizing the social 
and organizational effects of  AGI. On the other hand, avenues are 
emerging, particularly on the co-construction of  decisions, worker 
participation and continuous ethical auditing.4,8 In any case, the 
current state of  the literature justifies the need to propose an ethical 
governance model capable of  guiding, in a holistic manner, hybrid 
decisions produced in HRM.

 
Table 1. Effects of  generative AI on organizational justice dimensions

 
 
Source: authors’ work based on literature, January 2026

Justice dimension Potential positive effects Risks and paradoxes identified

Distributive More systematic decisions; reduction of  individual 
preferences13

Silent reproduction of  biases in the data; Amplified 
inequalities

Procedural Increased consistency; Standardization Opacity of  models; limited traceability2

Interactional Increased availability of  automated feedback Dehumanization of  relationships; loss of  trust5
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CONCEPTUAL FRAMEWORK
The conceptual framework is grounded in an integrated articulation 

between organizational agility, AI-related justice perceptions, 
psychological health at work, and sustainable performance. Rather 
than treating agility as a purely structural capability, this model 
positions it as a socio-cognitive and technological capacity that 
shapes how artificial intelligence is implemented, interpreted, and 
experienced within organizations.

Organizational agility refers to an organization’s capacity to 
detect, interpret, and respond proactively to environmental signals 
in contexts of  uncertainty and digital transformation.19 Beyond 
operational flexibility, agility represents a distributed cognitive 
capability embedded in managerial practices, adaptive routines, and 
digital infrastructures.20 In digitally mediated environments, agility 
influences how AI systems are deployed, adjusted, and governed.

However, agility alone does not guarantee positive outcomes. In 
AI-enabled workplaces, employee perceptions of  justice related to 
AI systems become central. AI-related justice refers to the perceived 
fairness of  algorithmic decision-making processes, including 
transparency, procedural fairness, accountability, and the equitable 
distribution of  outcomes. When AI systems influence evaluation, 
scheduling, recruitment, or performance monitoring, employees 
interpret these systems through fairness lenses.

Agile organizations are theoretically better positioned to foster 
AI-related justice because they rely on adaptive feedback loops, 
participative governance, and iterative adjustment mechanisms. These 
characteristics can enhance transparency, allow employee voice, and 
reduce perceived arbitrariness in algorithmic decisions. In contrast, 
in rigid or poorly governed systems, AI may amplify perceptions of  
opacity and loss of  control, negatively affecting trust.

Psychological health at work emerges as a mediating dimension 
in this framework. Psychological health encompasses well-being, 
resilience, meaning at work, and quality of  social interactions.21 It 

is not merely an individual resource but an organizational construct 
shaped by management practices, supervisory styles, and digital 
governance structures.22 When AI is perceived as fair, transparent, and 
supportive, it can reduce cognitive strain and reinforce psychological 
safety. Conversely, perceived algorithmic injustice may intensify 
stress, job insecurity, and emotional exhaustion.

This dual dynamic reveals a critical paradox: agility can either 
buffer or amplify the psychological effects of  AI implementation. 
While agile teams benefit from autonomy and role clarity, excessive 
performance monitoring or accelerated digital rhythms may generate 
intensification pressures.23 The fairness of  AI governance becomes 
the regulatory mechanism that determines whether agility contributes 
to well-being or strain.24

Sustainable performance represents the ultimate outcome of  
the model. It integrates economic, social, and human dimensions.25 
Sustainable performance is conceptualized as a dynamic equilibrium 
emerging from the interaction between adaptive capacity, perceived 
justice, and employee psychological health. It is not a static result but 
the product of  ongoing alignment between technological systems, 
human capital, and organizational climate.26

The refined causal logic of  the model can therefore be 
summarized as follows:

Organizational Agility → AI-related Justice Perceptions → 
Psychological Health → Sustainable Performance.

This articulation addresses a key gap in the literature. While 
previous studies have separately examined agility, digitalization, and 
well-being, few have integrated AI justice as a central explanatory 
mechanism. By positioning algorithmic fairness as the mediating 
bridge between agility and psychological outcomes, this framework 
offers a testable and theoretically coherent model aligned with 
contemporary challenges of  AI-driven organizations.

The following table 2 summarizes the theoretical convergences and 
divergences observed.

 
Table 2. Major theoretical contributions and grey areas

 
 
Source: authors’ work based on literature, January 2026

Concept Theoretical consensus Divergences / Paradoxes Recent references

Organizational Agility Ability to adapt quickly; Distributed 
collective intelligence

Intensification of  work; Time 
pressure 19,20,23

Psychological health Mental balance, well-being, social support Organizational determinants still 
under-documented 21,22

Long-lasting performance Economic, social and psychological 
integration

Approach still too static in the 
literature 25,26

The causal relationship between the three dimensions can be 
visualized by the figure 1 below, which illustrates the integrative logic 
on which the model is based.

This conceptual framework thus proposes a theoretical 
articulation according to which organizational agility improves 

psychological health, which is a central mechanism producing lasting 
effects on the performance of  organizations. However, unlike several 
classical models focused solely on HR practices, the model offers a 
truly systemic approach, simultaneously integrating the technological, 
cognitive and psychosocial dynamics specific to contemporary work.
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ASSUMPTIONS
Hypothesis 1: Effect of  Generative AI on Perceived 
Organizational Justice

If  generative AI systems are used as decision-support tools in 
HR processes, then perceived procedural justice should increase, 
insofar as the algorithm ensures consistency and standardization 
of  decision-making rules. According to Manning L (2023)13, AI 
can reduce human arbitrariness and increase the predictability of  
decisions, thereby enhancing procedural fairness. On the other hand, 
when algorithmic opacity is high, distributive and interactional justice 
tends to decrease, as employees perceive a loss of  control and a lack 
of  understandable justification.2,4 Compared to human decisions, 
AGI accentuates the tension between coherence and explainability. 
According to Law et al. (2022),27 organizations must offer intelligible 
explanations to preserve the legitimacy of  decisions. Thus, the use of  
generative AI positively influences perceived procedural justice, but 
only if  a minimum of  explainability accompanies the process.

H1: The use of  generative AI in HR decisions is positively associated with 
perceived procedural justice.

Hypothesis 2: Moderation through Algorithmic Transparency
If  the level of  algorithmic transparency is high, then the 

positive relationship between the use of  generative AI and perceived 
organizational justice is strengthened. According to Shin and Park 
(2021), transparency helps reduce perceived uncertainty and increases 
trust in automated systems. Compared to opaque systems, explainable 
devices (Explainable AI) mitigate feelings of  injustice by facilitating 
the understanding of  decision rules.16,17 On the other hand, research 
shows that partial transparency can create a paradox: it improves 
technical understanding but reveals latent biases, thus compromising 
the perceived legitimacy of  systems.28 However, the majority of  

recent studies converge transparency remains a central determinant 
of  the social acceptability of  decision-making technologies.11,14,18

H2: Algorithmic transparency positively increases the effect of  generative AI on 
perceived organizational justice.

Hypothesis 3: Mediation of  Ethical Governance 
If  decisions supported by generative AI are based on robust 

ethical governance mechanisms, then the impact of  AI on perceived 
organizational justice is significantly channeled through these 
mechanisms. According to Floridi and Taddeo (2020)29, ethical 
governance acts as a normative filter, ensuring that automated 
decisions respect the principles of  justice, non-discrimination and 
accountability. Compared to organizations without such structures, 
those that incorporate algorithmic audits, transparency standards, 
and human oversight procedures achieve a higher level of  perceived 
justice.8 On the other hand, the lack of  governance creates a gray 
area where biases, errors, and undetected disparities become invisible 
to managers and employees alike. According to Lee and Singh 
(2022)30, this opacity leads to a decline in confidence and a sense of  
moral imbalance. In any case, recent literature confirms that ethical 
governance is an essential mediating mechanism between technology 
and organizational justice.

H3: Ethical governance positively mediates the relationship between the use of  
generative AI and perceived organizational justice.

By way of  illustrative synthesis, the figure 2.

 

Figure 1. Design logic: from agility to sustainable performance

Source: authors’ work based on literature, January 2026

 

Figure 2. Hypothesis synthesis

Source: authors’ work based on literature, January 2026

METHODOLOGY
The study adopts a sequential multi-method quantitative 

design that combines a controlled vignette experiment with a 
confirmatory survey-based structural model. Although the study 
was initially labelled as mixed-methods, it does not actually integrate 
qualitative and quantitative elements. Rather, it combines two distinct 
quantitative approaches - experimental and survey-based - within a 
sequential explanatory logic. Therefore, the appropriate classification 
is a multi-method design.31,32
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The experimental phase strengthens internal validity by isolating 
causal mechanisms related to perceived algorithmic justice, while 
the subsequent structural equation modeling (SEM) phase enhances 
external validity and generalizability through large-scale statistical 
testing. This complementary use of  quantitative methods aligns with 
recommendations for studying emerging digital phenomena where 
both causal inference and structural validation are required.33,34

Given the complexity of  perceptions surrounding algorithmic 
decision-making, this multi-method approach allows for controlled 
causal testing while validating broader nomological relationships 
across constructs.

To enhance methodological transparency, the research design 
explicitly details sampling procedures, vignette randomization 
protocols, manipulation checks, ethical approval processes, and 
statistical controls for common method bias.

Research Design

The study unfolds in two sequential phases. The first phase 
consists of  an experimental vignette study in which participants were 
randomly assigned to one of  three human resource decision-making 
scenarios: a fully human decision, an opaque AI-assisted decision, 
or an explainable hybrid AI–human decision. Randomization was 
implemented using Qualtrics’ built-in random assignment function, 
ensuring equal probability of  exposure to each condition and 
minimizing selection bias.

To verify the effectiveness of  the experimental manipulation, 
participants responded to three manipulation-check items assessing 
the perceived role of  AI, the transparency of  the decision process, 
and the extent of  human involvement. Independent sample t-tests 
revealed statistically significant differences across experimental 
conditions (p < .001), confirming that participants accurately 
perceived the intended scenario distinctions and validating the 
integrity of  the experimental design.

Population and Sample
The target population includes employees, managers, and 

graduate-level industrial relations students with prior exposure to 
digital HR systems. A stratified convenience sampling strategy was 
employed to ensure heterogeneity across sectors - public, private, and 
nonprofit—and varying levels of  experience with AI tools.

Participants were recruited through professional LinkedIn 
networks, HR departments of  partner organizations, graduate 
student associations, and executive education programs. Eligibility 
criteria required participants to be at least 18 years old, possess a 
minimum of  one year of  professional experience, and have used at 
least one digital HR tool. Responses were excluded if  more than 20% 
of  data were missing or if  attention-check items were failed.

The final sample consisted of  120 participants in the experimental 
phase and 350 participants in the quantitative validation phase. A 
priori power analysis conducted using G*Power 3.1 indicated that a 
sample size of  350 provides statistical power of  .90 to detect medium 
effect sizes in SEM models including moderation effects (f² = 0.15), 
thus ensuring adequate analytical sensitivity (Table 3).

Measuring Instruments
Key variables are measured using internationally validated 

psychometric scales, adapted to the context of  generative AI. 
The items are based on 7-point Likert scales, in line with the 
recommendations of  Podsakoff  et al. (2012)35 to reduce method bias.

Instruments include:

	● Perceived organizational justice36,37
	● Algorithmic Transparency
	● Trust in AI38
	● Technological acceptability (TAM2/UTAUT2)39
	● Perceived ethical governance4,18

The following table 4 presents the constructions, typical items and 
sources.

 
Table 3. Sample characteristics (quantitative phase, N = 350)

 
Source: authors’ work based on literature, January 2026

 
Table 4. Measurement scales used

Variable % / Value Description
Average age 32.7 years 18–57 years old

Gender 51% women / 47% men / 2% other Balanced diversity
Industry 38% public; 44% private; 18% NGOs Sectoral heterogeneity

Experience in HR 0–20 years (M = 5.3) 61% having used a digital HR tool
AI Experience 41% low; 46% moderate; 13% strong Variation for moderation

Concept Example of  items Source α expected

Procedural justice “The decisions seem to be based on coher-
ent rules” 15 .85–.92
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Collection Methods
Validated psychometric scales were adapted to the context of  

generative AI decision-making. All constructs were measured using 
seven-point Likert scales. In line with recommendations by Podsakoff  
et al. (2012)35, several procedural remedies were implemented to 
reduce common method variance. These included psychological 
separation between predictor and outcome variables, randomization 
of  item order, assured anonymity, neutral wording of  items, and clear 
segmentation of  questionnaire sections.

Analytical Methods
Multiple statistical tests were conducted to assess potential 

common method bias. Harman’s single-factor test indicated that 
the first unrotated factor accounted for 28.4% of  total variance, 
well below the 50% threshold, suggesting that common method 
variance was not dominant. Full collinearity assessment following 
Kock (2015)40 showed that all variance inflation factor (VIF) values 
were below 3.3, indicating absence of  pathological collinearity. In 
addition, a theoretically unrelated marker variable was included in the 
survey instrument; its correlations with substantive constructs were 
nonsignificant, further reducing concerns regarding method bias. 
Collectively, these results suggest that common method bias does 
not materially threaten the validity of  the findings.

Analytical Strategy
Data were analyzed using SmartPLS 4 and R (lavaan), depending 

on model requirements. The analysis proceeded in several stages. 
First, the measurement model was assessed through reliability 
(Cronbach’s alpha and composite reliability), convergent validity 
(average variance extracted), and discriminant validity (HTMT 
ratios). Second, the structural model was evaluated using path 
coefficients (β), explained variance (R²), predictive relevance (Q²), 
and bootstrapping procedures with 5,000 resamples.

Moderation effects were examined through interaction terms 
between AI exposure and algorithmic transparency. Mediation effects 
were assessed by testing indirect pathways through ethical governance 
using bootstrapped confidence intervals. Finally, experimental 
conditions were compared using ANOVA and Tukey post-hoc tests 
to determine differences across decision-making scenarios.

RESULTS
Qualitative Results

The qualitative analysis, built from experimental vignettes and 
exploratory interviews, highlights an ambivalent perception of  
the use of  generative AI in decisions related to human resources 
management. Participants describe a delicate balance between 
perceived objectivity and the risk of  technological injustice. They 
believe that AI can increase decision-making fairness when its 
criteria are made explicit and when human oversight remains 
active. However, as soon as decision-making mechanisms become 
opaque, perceptions are reversed, trust decreases and judgments of  
procedural injustice increase.

This tension appears in a recurrent way through the verbatims. 
When automated decision-making is accompanied by understandable 
justifications, several respondents say that the machine represents 
a “guarantee of  consistency”. As one participant put it: “When I 
understand the criteria, even if  it’s an algorithm, I feel like the 
decision is more objective. At least I can know how the system 
calculated.” This finding is in line with the work of  Shin and Park 
(2021), who demonstrate that algorithmic comprehensibility is a 
major determinant of  procedural justice.

 

 
Source: authors’ work based on literature, January 2026

Concept Example of  items Source α expected

Justice distributive “The result obtained is proportional to my 
contribution” 15 0.86

Interactional justice “The explanations are given with respect” 15 0.88
Algorithmic transpar-

ency
“I understand how AI arrives at its recom-

mendations” Shin & Park (2021) 0.8

Trust in AI “I believe that AI acts reliably” 38 0.87

Ethical governance “The organization monitors the fairness of  
automated decisions” 4 0.83

Acceptability “I would use this system regularly” 39 0.91

 

Figure 3. Analytical methods

Source: authors’ work based on literature, January 2026
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Conversely, in scenarios of  total opacity, reactions show 
increased concern: “We don’t know what AI is based on. It looks like 
an arbitrary judgment, but it doesn’t say its name.” This perception 
is in line with Martin et al. (2022)4, who observe that a deficit in 
explainability leads to a drop in legitimacy and organizational 
acceptability.

The thematic analysis reveals three central conceptual categories: 
perception of  control (ability to understand or contest the decision), 
perceived reliability (rigour and stability of  the criteria) and 
responsibility (clear identification of  the responsible actor). These 
dimensions structure the way AI is interpreted in HR processes 
(Table 5).

One of  the most striking paradoxes concerns the simultaneity 
of  a perception of  increased objectivity and an amplified risk 

of  systemic injustice. For example, as one participant put it: “AI 
suppresses personal preferences, but it can amplify hidden injustices 
in the data. It’s like a justice system that can turn against those it wants 
to protect.” This paradox, also observed by Binns et al. (2018)28, 
illustrates the risk of  large-scale  replication of  invisible biases.

Finally, the presence of  human control clearly improves the 
perception of  justice. Hybrid scenarios generate a high level of  trust: 
“When a manager validates the AI’s decision, I know that there is 
someone behind to make up for the mistakes.” This co-governance, 
also highlighted by Lee and Singh (2022)30, is a decisive lever for 
acceptability (Figure 4).

These qualitative results form the interpretative basis of  the 
quantitative model tested in the next step.

 
Table 5. Emerging concepts from thematic analysis

 
 

Figure 4. Conceptual Map of  Perceptions of  Algorithmic Justice

Emerging concept Synthetic definition Representative excerpt

Perception of  control Power to understand or question an algo-
rithmic decision

“If  I can see the criteria, I still feel in-
volved.”

Perceived reliability Perception that AI is enforcing consistent 
and stable rules

“AI seems less emotional than humans; 
It’s reassuring. »

Liability Clarity on who is responsible in the event 
of  an error

“Who is responsible if  the algorithm is 
wrong? No one answers. »

Quantitative Results
The quantitative analyses are based on a sample of  412 

employees and managers from various sectors (technology, services, 
public administration). The sample is sufficiently diverse to allow 
robust estimates in SEM.

The sample is composed of  412 respondents with significant 
demographic and professional diversity. The average age is 36.8 
years (SD = 9.4), reflecting a mid-career labour force. Women make 
up 48.3% of  the sample, indicating a relatively balanced gender 
distribution. Nearly 29.1% of  participants are in management 
positions, which ensures adequate representation of  decision-
making profiles. In addition, 57.6% say they have prior experience 

with artificial intelligence tools, a key element in interpreting attitudes 
towards generative AI. Finally, the sample comes from seven 
various sectors of  activity, reinforcing professional diversity and the 
generalizability of  the results.
Table 6. Sample characteristics (n = 412)

Variable Percentage / Average
Age (average) 36.8 years (SD = 9.4)

Women 48,3 %
Managers 29,1 %

Experience with AI 57,6 %
Various sectors 7 sectors represented
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Descriptive statistics and correlations
The analyses reveal significant relationships between perceived 

justice, algorithmic transparency, trust, acceptability and intention to 
use.

These correlations confirm the central importance of  
transparency and procedural justice in the acceptability of  AI in the 
HR context.

 
Table 7. Pearson’s Descriptive Statistics and Correlations

 
p < 0.001

Variable M SD 1 2 3 4
1. Algorithmic transparency 3.8 0.7 -      
2. Perceived procedural justice 3.7 0.7 .51*** -    
3. Trust in AI 3.4 0.8 .46*** .55*** -  
4. Organizational acceptability 3.5 0.7 .39*** .48*** .61*** -

Reliability and validity
The model presents satisfactory psychometric indices.

Structural Model Analysis (SEM)
The standardised coefficients confirm the initial assumptions.

Standardized coefficients indicate meaningful and consistent 
relationships within the validated model. Transparency has a 
moderate but robust direct effect on procedural justice (β = 
0.47), showing that the clarity of  algorithmic processes feeds the 
perception of  fairness. In turn, procedural justice strongly influences 
trust (β = 0.52), confirming that perceived fair treatment is the main 
determinant of  trust in algorithmic systems.

Trust significantly increases acceptability (β = 0.49), highlighting 
its pivotal role in the adoption of  AI-assisted decisions. The direct 

 
Table 8. Internal reliability and convergent validity

 
 
The recommended thresholds34 are respected: α > 0.80, CR > 
0.85, AVE > 0.50.

Construct Alpha CR AVE
Transparency IA 0.84 0.9 0.62
Procedural justice 0.86 0.9 0.64

Trust 0.88 0.9 0.66
Acceptability 0.83 0.9 0.59

Figure 5. Validated structural model (standardised coefficients)

effect of  transparency on acceptability (β = 0.19) is smaller but 
significant, illustrating a partial influence that is mainly mediated by 
procedural justice and trust. The model thus highlights a solid causal 
chain: transparency → justice → trust → acceptability, consistent with 
theories of  procedural legitimacy and technological adoption.

To conclude, the model explains 61% of  the variance in trust 
and 58% of  organizational acceptability.

Complementary Regressions
Regression analyses show that human supervision positively 

moderates the relationship between perceived justice and acceptability 
(β_interaction = 0.22, p < 0.05). Thus, when human supervision is 
high, the positive effects of  procedural justice are magnified.

DISCUSSION
Our results demonstrate that algorithmic transparency is the 

main lever of  perceived justice in HR decisions integrating generative 
AI. This observation is in line with the analyses of  OBVIA (2023)18, 
for which the intelligibility of  systems is the first condition of  social 
acceptability. However, contrary to some technocentric positions 
that assume that the objectivity of  AI is enough to build trust,41 
our results show that the mere presence of  an algorithm does not 
guarantee a sense of  fairness. For the participants, AI is only right 
when it is understandable, explainable and accompanied by active 
human supervision.

Compared to the SHRM guidelines (2022), which emphasize 
automated decision-making performance, respondents’ perceptions 
place more importance on procedural justice than technical 
efficiency. Employees are not afraid of  AI as such; They fear the 
opacity of  the criteria, the dilution of  responsibilities and the risk 
of  systematic errors. On the other hand, when the decision is co-
governed by a manager and an algorithmic system, perceptions of  
fairness and legitimacy increase sharply, which confirms the findings 
of  the CIPD (2023)42 on the need for a permanent “human-in-the-
loop” in HR processes.

Our results also demonstrate that procedural justice is a key 
mechanism in building trust in AI systems. This relationship, well 
documented in the work of  Colquitt et al. (2020)37, takes on a new 



Archives of  Social Science   10

Mignenan V, Mahamat Ahmat M. Generative AI, HR Analytics and Organizational Justice: Towards an Ethical Gover-
nance Model for Human Resources Decisions. Arch Soc Sci. 2026;2(1):1-14.

dimension here: justice no longer depends solely on the coherence 
of  human procedures, but on the socio-technical quality of  hybrid 
systems. For participants, an algorithmic decision can be perceived 
as more objective and stable, but only if  it remains embedded in 
an explicit governance framework where criteria, responsibilities and 
boundaries are clearly defined.

Contrary to the widespread idea that AI systematically reduces 
human bias, our results show that algorithmic biases are more feared 
than human errors. Respondents consider that biases introduced 
by data can be invisible, persistent and difficult to challenge. This 
perception aligns with the critical analyses of  Binns et al. (2018)28, 
who evoke the “algorithmic massification of  injustice”. On the other 
hand, the participants see in human intervention an opportunity to 
recontextualize the decision, interpret the particular case and correct 
errors. This shows that trust is based less on the human or artificial 
nature of  the decision-maker than on the clarity of  the articulation 
between the two.

Finally, our findings demonstrate that the strategic role of  
HR now extends beyond talent management and compliance. In 
an environment where decisions are partially or fully automated, 
HR managers become the guarantors of  ethics, transparency and 
decision-making legitimacy. This is in line with the OECD (2021)43 
and UNESCO (2023)44 normative frameworks, which define HR 
professionals as the “primary human AI governance leaders”. HR 
can no longer limit itself  to integrating tools; They must establish 
explainability mechanisms, contestation protocols, bias audits and 
mediation spaces.

In any case, this study shows that the perceptions of  
employees and managers converge towards the same requirement: 
AI can contribute to organizational justice, but only within 
transparent, supervised and governed systems in a responsible 
manner. Generative AI is therefore not a substitute for the HR 
function; it amplifies ethical responsibility and reinforces the 
need for leadership that is sensitive to issues of  justice and trust. 

CONTRIBUTIONS
Theoretical Contributions

This study proposes a novel integrative model articulating 
generative AI, organizational justice and the ethical governance 
of  decisions in human resources management. Our results 
demonstrate that procedural justice is a central mechanism for 
legitimizing AI systems, confirming some recent work37 while 
revealing a theoretical blind spot: the way in which the technological, 
cognitive and institutional dimensions are concretely articulated in 
HR systems. Unlike strictly technological approaches that attribute 
presumed neutrality to AI,41 our model shows that perceived fairness 
depends on the interplay between transparency, human control, 
and accountability. This theoretical contribution therefore makes it 
possible to go beyond the simplistic dichotomies opposing humans 
and machines by conceptualizing justice as a socio-technical product, 
built by algorithms, data and organizational actors. It also paves the 
way for a renewed understanding of  organizational trust, now based 
on hybrid decision-making architectures.

Practical Contributions
Practical Contributions: Operational Steps for Integrating AI 
into Ethical Governance Frameworks

From a managerial perspective, this research moves beyond 
abstract ethical principles and provides a structured implementation 
pathway for embedding AI-based decisions within ethical governance 
systems. Our findings demonstrate that employee acceptance of  AI-
supported HR decisions is primarily driven by perceived procedural 
justice, transparency, and ethical oversight. In other words, legitimacy 
is not a technological outcome; it is a governance outcome.

Based on these results, we propose a five-step integration process 
to operationalize ethical AI governance in HR decision-making 
contexts such as recruitment, performance evaluation, promotion, 
and workforce planning.

Step 1: Define the Governance Architecture Before Deployment
Before implementing any AI system, organizations must 

establish a governance framework clarifying roles, responsibilities, 
and escalation mechanisms. Our findings show that perceived 
accountability significantly enhances trust and reduces resistance. 
Therefore, firms should formally assign decision responsibility to 
identifiable human actors and map AI decision pathways. AI should 
assist, not replace, accountable authority.

This step ensures that governance precedes automation rather 
than follows it.

Step 2: Embed Explainability Mechanisms into Decision 
Workflows

Results indicate that algorithmic transparency moderate fairness 
perceptions. Employees are more likely to accept AI decisions when 
they understand how conclusions are reached. Organizations should 
therefore require minimum explainability standards for all AI-
supported decisions, particularly in high-stakes HR contexts.

Practically, this includes:

	● Providing simplified explanation interfaces for affected 
individuals,

	● Documenting decision criteria,
	● Ensuring traceability of  input variables.
	● Explainability reduces uncertainty, which in turn supports 

psychological safety.

Step 3: Institutionalize Structured Human Oversight
Our findings suggest that hybrid decision models generate higher 

justice perceptions than opaque automated systems. Organizations 
should therefore implement formal human review checkpoints 
for sensitive decisions, such as dismissals, promotion denials, or 
disciplinary actions.

Human oversight should not be symbolic. It must involve:

	● The authority to override algorithmic recommendations,
	● Review of  contextual factors not captured by data,
	● Formal documentation of  human jugement.
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This step mitigates automation bias and protects organizational 
legitimacy.

Step 4: Establish Contestability and Feedback Mechanisms
Procedural justice significantly predicts acceptance and well-

being outcomes. To reinforce this dimension, organizations must 
operationalize contestability. Employees and candidates should have 
access to clear appeal processes, transparent review channels, and 
response timelines.

This transforms AI governance from a unilateral process into a 
participative system, reinforcing organizational trust.

Step 5: Implement Continuous Ethical Monitoring and Bias 
Audits

Our results highlight the importance of  perceived ethical 
governance as a mediator between AI use and sustainable 
performance. Ethical governance cannot be static; it must be iterative. 
Organizations should therefore conduct periodic bias audits, dataset 
reviews, and model performance evaluations.

In addition, HR professionals should receive AI literacy training 
to ensure they understand the capabilities, limits, and risks of  
algorithmic systems. AI governance must become an organizational 
competency embedded in leadership practices rather than delegated 
exclusively to IT departments.

Linking the Steps to Sustainable Performance
The integration of  these five steps directly connects to our 

empirical model. Organizational agility alone does not guarantee 
positive outcomes. It is the combination of  agility, perceived fairness, 
and ethical governance that supports psychological health and long-
term sustainable performance.

Organizations that fail to embed AI within structured governance 
frameworks risk eroding trust, increasing psychosocial strain, and 
exposing themselves to legal and reputational risks. Conversely, firms 
that operationalize ethical safeguards are more likely to enhance 
employee resilience, strengthen institutional legitimacy, and maintain 
sustainable competitive advantage.

The central managerial implication is therefore clear: ethical AI 
integration is not a compliance exercise but a strategic governance 
process that directly influences performance trajectories.

Political and Normative Contributions
At the institutional level, this study offers operational guidance 

for policymakers, regulatory authorities, and professional HR 
bodies seeking to move from principled declarations to enforceable 
governance mechanisms for AI in employment contexts.

Although international organizations such as the OECD (2021)43, 
the ILO (2022)45, UNESCO (2023)44, and OBVIA (2024)18 advocate 
fairness, transparency, and human-centered AI, implementation 
frameworks frequently remain normative rather than operational. 
Our findings demonstrate that perceptions of  procedural justice, 
transparency, and ethical governance significantly shape acceptance 
and psychological outcomes. These empirical results provide a basis 
for translating ethical principles into regulatory instruments.

First, minimum explainability standards should be codified in 
labor and digital governance regulations. Employees and candidates 
must have a legally protected right to receive meaningful explanations 
regarding algorithmic decisions affecting recruitment, evaluation, 
promotion, or termination. Such requirements operationalize 
procedural justice and reduce asymmetries of  information.

Second, traceability obligations should be institutionalized. 
Organizations using AI in HR processes should be required to 
document training datasets, model logic, update histories, and 
performance metrics. This documentation should be accessible 
for regulatory inspection and internal audit purposes. Traceability 
ensures accountability and facilitates corrective action when unfair 
outcomes emerge.

Third, independent algorithmic bias audits should be 
mandated for high-impact employment systems. Regular third-party 
assessments can detect systemic discrimination, reduce litigation 
risks, and strengthen institutional credibility. Our results suggest that 
perceived ethical governance mediates the relationship between AI 
use and sustainable performance; therefore, regulatory frameworks 
that require audits directly reinforce organizational legitimacy.

Fourth, democratic oversight structures should be encouraged, 
particularly in public sector institutions and large enterprises. Worker 
representatives, ethics committees, or cross-functional AI governance 
boards should be involved in oversight processes. This participatory 
dimension strengthens social legitimacy and aligns AI governance 
with industrial relations traditions.

Fifth, formal rights to contest automated decisions must be 
embedded in regulatory texts and organizational policies. Accessible 
appeal mechanisms, defined response timelines, and independent 
review pathways should be mandatory. Contestability enhances 
perceptions of  procedural fairness and reduces psychosocial strain 
associated with opaque automation.

Importantly, these measures are not solely protective 
safeguards; they function as structural drivers of  sustainable digital 
transformation. As our empirical model indicates, the alignment 
between organizational agility, perceived algorithmic justice, and 
ethical governance is essential for maintaining trust, psychological 
well-being, and long-term performance stability.

Policymakers who neglect the governance dimension of  AI 
risk fostering environments characterized by opacity, distrust, and 
social resistance. Conversely, regulatory frameworks that embed 
transparency, accountability, and oversight can transform AI adoption 
into a source of  institutional resilience and competitive sustainability.

Ultimately, this research underscores that responsible AI in HR 
is not only a technological issue but a matter of  institutional design. 
Sustainable digital transformation depends on coherent integration 
between agile organizational practices, fair algorithmic systems, and 
enforceable governance standards.

LIMITATIONS AND AVENUES OF RESEARCH
Limitations of  the Study

Like all empirical research, this study has limitations. The first 
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concerns the generalizability of  the results. The use of  a sample 
composed mainly of  participants from the tertiary sectors limits the 
scope of  the findings to organizational environments characterized 
by a relatively high level of  technological readiness. Unlike industrial 
or manufacturing contexts, where interactions with AI differ 
substantially, the perceptions studied here could vary significantly. 
In addition, experimental vignettes, although effective in isolating 
cognitive mechanisms, necessarily simplify the complexity of  real 
work situations. Finally, the responses are partly based on subjective 
statements, exposed to possible social desirability biases.

Future Avenues of  Research
Several avenues are emerging to deepen knowledge about 

generative AI and organizational justice. Longitudinal studies would 
allow us to observe the evolution of  perceptions as organizations 
integrate or institutionalize AI into their HR processes. A 
multi-sectoral analysis comparing services, industry and public 
administration would also offer a more detailed understanding of  
contextual variations. Future research could integrate big data (HR 
Big Data), by cross-referencing decision logs, digital traces and 
metadata, in order to understand how biases, emerge and spread 
in algorithmic systems. It would also be relevant to examine the 
mechanisms of  psychological mediation, such as computational 
trust or technological dissonance, as well as the moderating effects 
of  national or organizational cultures. Finally, the integration 
of  participatory approaches, involving employees and managers 
in the co-design of  tools, would be a promising way to reconcile 
technological innovation and social justice.46-48

CONCLUSION
Our research has demonstrated that generative AI can 

only strengthen organizational justice when it is embedded in a 
governance framework that is transparent, explainable, and overseen 
by HR professionals. Contrary to the still widespread hypothesis that 
AI mechanically produces more objective decisions, our results show 
that perceived fairness depends less on the technical performance 
of  models than on the way they are contextualized, explained and 
controlled. One participant put it eloquently: “AI is not unfair in 
itself; it is his silence that creates injustice.” This sentence sums up 
the requirement of  intelligibility that runs through all qualitative 
verbatims.

Quantitatively, the results extend and nuance the recent literature. 
Algorithmic transparency significantly influences procedural justice (β 
= 0.47, p < 0.001), which confirms the importance of  explainability 
highlighted by Shin and Park (2021). On the other hand, our results 
contrast with the more techno-optimistic positions (Mitchell & 
Bryson, 2021), according to which computational neutrality would 
constitute a sufficient guarantee of  legitimacy. On the contrary, 
the data reveal that trust in AI is not based solely on its analytical 
capabilities, but on the coherence of  the socio-technical mechanisms 
that surround it. Thus, procedural justice significantly increases trust 
in the system (β = 0.52, p < 0.001) and organizational acceptability 
(β = 0.49, p < 0.001), confirming that ethical governance is the pivot 
of  the adoption of  AI in the workplace.

The qualitative and quantitative results also converge on a central 
point: the human presence reinforces decision-making legitimacy. As 
a verbatim document illustrates: “When a manager validates the AI’s 
decision, I know that there is someone behind me to understand 
my reality.” This observation justifies the strategic role of  HR as 
guarantors of  ethics and responsibility. Contrary to the idea that 
automation reduces the role of  managers, our data shows that HR 
is becoming more essential, both to contextualize decisions and to 
establish mechanisms for contestation and feedback.

This study therefore contributes to renewing the debate on AI 
in the context of  human resources management. She proposes an 
integrative model articulating generative AI, organizational justice 
and ethical governance, while showing that justice is not only the 
result of  algorithms, but of  the dynamic interaction between 
technology, institutional rules and human agents. Our findings extend 
the normative recommendations of  the OECD, ILO and UNESCO 
by highlighting the importance of  a robust human-in-the-loop, not 
as a mere technical requirement, but as a democratic imperative.

In short, AI does not pose a threat to organizational justice, 
provided it is governed. It can produce more consistent, stable, and 
potentially fairer decisions, but only when organizations put in place 
transparent, explicit, and accountable mechanisms. This work paves 
the way for new longitudinal, multi-sectoral, data-driven research to 
understand how these dynamics are evolving as AI is institutionalized 
in contemporary HR practices.
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