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Abstract

The rapid integration of artificial intelligence (AI) into human resource (HR) systems is reshaping organizational practices, yet its effects
on culture, climate, and work attitudes remain underexplored in emerging economies. This study investigates how AI-driven HR prac-
tices influence the three dimensions of the Organizational Social Context (OSC) in Saudi Arabia’s higher education sector and whether
employee perceptions mediate these relationships. Using survey data from 869 university professionals and Partial Least Squares Struc-
tural Equation Modeling (PLS-SEM), the results indicate that AI-based HR practices significantly affect all three outcomes. Employee
perceptions mediate the effects on climate and work attitudes but not on culture. The findings suggest that transparent communication,
inclusive implementation, and trust-building are essential to maximize AI’s organizational benefits. For practitioners, employee accep-
tance and perceptions of AI are critical for enhancing climate and engagement. For scholars, the study identifies employee perception
as a key mediator linking AI to organizational outcomes, providing a foundation for future research on AI in HR across industries and
cultures.
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1. Introduction
Artificial Intelligence (AI) has emerged as a transfor-

mative force, significantly influencing modern industries
and organizational operations (Lim, 2025). As a technolog-
ical discipline that simulates human intelligence, AI encom-
passes systems capable of learning, problem-solving, and
decision-making (Bohr and Memarzadeh, 2020; Dhamija
and Bag, 2020). In the domain of Human Resource Man-
agement (HRM), AI is now integrated into various func-
tions, including recruitment, performance assessment, and
employee analytics (Murugesan et al., 2023). This integra-
tion has been shown to improve operational efficiency and
employee-related outcomes.

The current study aims to examine the influence of AI-
driven HR practices on three core elements of the Organiza-
tional Social Context (OSC): organizational culture, organi-
zational climate, and work attitudes. Organizational culture
refers to the shared norms and values that shape employee
behavior and drive internal cohesion, while organizational
climate reflects employees’ perceptions of their work en-
vironment, including aspects such as job satisfaction and

support systems (Schneider et al., 2013). Work attitudes
relate to individuals’ levels of job satisfaction and organi-
zational commitment, both of which are crucial indicators
of engagement and performance (Bajrami et al., 2021).

Although AI adoption in HRM is advancing, most ex-
isting research emphasizes functional improvements, with
less attention given to its broader social and psychological
implications, particularly in non-western contexts such as
Saudi Arabia (Alrashedi and Abbod, 2021). Furthermore,
limited empirical work has applied the OSC framework to
investigate howAI-drivenHumanResource (HR) strategies
influence organizational dynamics. AI has become an in-
creasingly prominent enabler of innovation in HRM, trans-
forming how organizations manage recruitment, onboard-
ing, performance evaluation, and employee engagement
(Bohr andMemarzadeh, 2020; Dhamija and Bag, 2020) un-
derscoring the need to address employee concerns during
AI implementation.
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Strategic Relevance of the Education Sector for AI-HR
Adoption

The education sector, especially universities and
higher education institutions, is a strategic and dynamic en-
vironment for studying AI-driven HR practices due to its
ongoing digital transformation, public policymandates, and
complex organizational structures. While OSC has been
widely applied in service and health care organizations, its
application to an AI-enabled HR environment, particularly
in higher education institutions, is novel. The education
sector in Saudi Arabia presents a strategically significant
context for this study for several reasons, such as its rapidly
digitalizing as a result of Vision 2030 (Abdullateef et al.,
2023) and the National Strategy for Data and AI (NSDAI),
both of which encourage automation and technology use in
universities (Memish et al., 2021).

While the Organization Social Context (OSC) frame-
work has been extensively validated in western service sec-
tor settings, particularly in the United States (Glisson et al.,
2008; Glisson et al., 2012), its application in non-western
and educational contexts remains limited. This presents an
opportunity to extend the framework to new cultural and
institutional environments such as Saudi Arabia’s higher
education sector, which is an area undergoing rapid digi-
tal transformation aligned with Vision 2030 (Wajid, 2025).
Given the unique organization dynamics shaped by hier-
archical structures, cultural values, and national labor re-
form, examining how OSC components—culture, climate,
and work attitudes—respond to AI-driven HR practices of-
fers valuable knowledge. As a result, the study contributes
by determining the relevance of the OSC framework in new
contexts, supporting its cross-cultural generalizability and
paving the way for future research adaptation. Examining
the connection between AI-driven HR practices and the ed-
ucational social context yields significant insights that have
broader implications for innovation in both public and pri-
vate sectors, employee engagement, and the long-term re-
form of HR practices.

2. Literature Review
2.1 AI in HRM

The integration of artificial intelligence into human
resource management has gained substantial momentum,
transforming traditional HR processes into data-driven, ag-
ile, and personalized functions. AI technology has been
applied across a range of HR domains, including talent
acquisition, employee engagement, onboarding, learning
and development, and performance management. In the
area of recruitment, AI-powered systems have automated
crucial tasks such as resume screening, candidate short-
listing, and preliminary assessments. These innovations
have significantly increased efficiency and objectivity in
hiring decisions (Dwivedi et al., 2019). However, they also
raise concern regarding algorithmic bias and fairness, with

studies warning that AI models may replicate or exacer-
bate existing social inequalities if not carefully monitored
(Hanna et al., 2025). For onboarding and employee engage-
ment, AI-enabled platforms provide personalized learning
paths, real-time performance feedback, and chatbot sup-
port, thereby enhancing the employee experience and en-
abling continuous engagement (Rathore et al., 2021). The
system fosters a more inclusive and responsive HR envi-
ronment where employees can access support and resources
tailored to their individual needs. In the area of performance
management, AI facilitates real-time analytics and individ-
ualized coaching, supporting dynamic goal-setting, skills
development, and performance evaluation (Bastida et al.,
2025). These tools contribute to improved employee devel-
opment while enabling managers to make informed, data-
driven decisions. Despite these advantages, the adoption
of AI in HRM is not without challenges. Ethical concerns
such as data privacy, algorithmic transparency, and the ex-
plainability of AI-based decisions require comprehensive
governance frameworks and regulatory oversight (Daven-
port et al., 2020; Zhu et al., 2021; Vinchon et al., 2023). In
the Saudi industrial sector, HR managers reported both op-
timism and apprehension regarding AI’s effect on recruit-
ment, evaluation, and employee relations (Alshahrani et al.,
2025). Moreover, there is a growing emphasis on ensuring
that AI implementations align with organizational values
and support human-centered HR practices (Reilly, 2018;
Samarasinghe and Medis, 2020).

Overall, the growing role of AI in HRM reflects a
meaningful shift toward more efficient, responsive, and
people-centered practices. From hiring and onboarding to
performance management and even offboarding, AI is re-
shaping the entire employee journey, highlighting its in-
creasing value as a strategic partner in today’s evolving
workplace (George and Thomas, 2019).

2.2 Organizational Social Context (OSC) in Education

While the OSC framework has been widely validated
in Western service sectors such as healthcare and social
services (Glisson et al., 2008; Hemmelgarn and Glisson,
2018), its application to other industries remains limited.
Most studies emphasize the effects of climate and culture
on service effectiveness, employee well-being, and inno-
vation in these contexts. However, there is little empirical
evidence on how OSC operates in education, particularly
in non-Western countries undergoing rapid digital transfor-
mation. Saudi Arabia’s education sector, shaped by Vi-
sion 2030, is undergoing digital transformation, including
the implementation of AI-enabled HR systems for hiring,
training, and performance management. Studies (Hamad
et al., 2019) reveal that while AI fosters modernization, re-
sistance emerges due to hierarchical and conservative cul-
tures. Alamer and Alharbi (2022) further emphasize that
employees’ perceptions of fairness and support regarding
the use of technology strongly influence their work atti-
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tudes. In the context of universities and other educational
institutions, the OSCmodel is especially useful in revealing
how leadership styles, HR practices, and administrative de-
cisions influence the everyday experiences of faculty and
staff. When the organizational climate is supportive and
positive, it tends to increase job satisfaction and openness
for innovation. On the other hand, rigid cultures can create
resistance to change and limit progress (Zhang et al., 2023).

The previous research on education has often exam-
ined climate, culture, or work attitudes individually, but few
studies have applied the integrated OSC model to capture
their interdependence. Moreover, with the increasing adop-
tion of AI-based HR practices in universities, the education
sector provides a novel and strategically important context
for extending OSC. By situating OSC in Saudi higher ed-
ucation, this study addresses two critical gaps-first, it tests
OSC theory in a new cultural and institutional environment
beyond its traditional service-sector applications, and sec-
ond, it examines how technological shifts such as AI adop-
tion reshape the organizational social context.

2.3 Employees’ Perception Theory

The way employees think about AI is a key factor
in how AI-based HR practices affect the results of a firm.
As new technologies like Smart Technology, Artificial In-
telligence, Robotics, and Algorithms (STARA) grow more
common in the workplace, workers are more likely to ques-
tion their responsibilities, job security, and long-term career
possibilities. This cognitive and emotional evaluation has a
big impact on how people deal with and accept changes in
the workplace.

From a theoretical perspective, employee perceptions
of technology adoption are well-rooted in models like the
Technology Acceptance Model (TAM) (Davis, 1989) and
the Unified Theory of Acceptance and Use of Technology
(UTAUT) (Venkatesh et al., 2003). According to TAM, two
beliefs—perceived usefulness and perceived ease of use—
determine whether or not a person will adopt a technology.
UTAUT adds to this understanding by including things like
performance expectancy, effort expectancy, social influ-
ence, and facilitating conditions. These models reveal that
how employees perceive AI will change their jobs, work-
loads, and relationships affects how much they accept and
use AI-driven HR practices.

Empirically, Brougham and Haar (Brougham and
Haar, 2018) emphasize that increased awareness of STARA
is linked to decreased organizational commitment and ca-
reer satisfaction, suggesting that employeesmay experience
psychological strain as AI systems are adopted. This aligns
with UTAUT’s notion that lack of perceived control or so-
cial support can inhibit technology acceptance.

Conversely, Kumari (2021) presents a more positive
narrative, showing that employees recognize the potential
of AI to improve HR efficiency across functions like re-
cruitment, planning, and performance analysis. This re-

flects the TAM’s idea of perceived usefulness and shows
how positive expectations can foster openness to change.

According to Jain et al. (2022), automation may take
away some jobs, but it also creates new ones that require
different skill sets. Facilitating Conditions and Effort Ex-
pectancy, which come under the Unified Theory of Accep-
tance and Use of Technology (UTAUT), emphasize the sig-
nificance of organizational support and perceived ease of
use in technology adoption, which is related to employee
adaptability. According to Horodyski (2023), without hu-
man involvement, AI-driven recruitment undermines appli-
cant experiences and interpersonal bonds. This indicates a
gap where social influence and automated trust becomema-
jor acceptance criteria. Roohani (2023) address the role of
performance expectancy in employee perception and indi-
cate that AI with strategic alignment and ethical protections
can boost workplace productivity and employee satisfac-
tion.

As per Presbitero (2023), AI-driven job displacement
increases employment uncertainty and psychological dis-
comfort, which drives career exploration. How AI is
adopted and incorporated into organizational culture de-
pends on employee views of risk, autonomy, and rights.
These findings suggest that employees’ views on AI’s effi-
ciency and their concerns about job loss influence how AI-
based HR practices affect organizational culture, climate,
and work attitudes. This study uses employee perception of
AI as a mediator to explain the relation between AI-driven
HR practices and the three domains of the OSC framework.

3. Materials and Methods
3.1 Research Design and Conceptual Framework

This study employed an explanatory research design
to investigate the influence of AI-driven human resource
(HR) practices on key components of the Organizational
Social Context (OSC)—namely, organizational culture, or-
ganizational climate, and work attitude—within the educa-
tion sector in Saudi Arabia. Furthermore, it examined the
mediating role of employee perception of AI, contributing
to an integrated understanding of how technological inter-
ventions influence workplace dynamics.

The proposed conceptual framework (see Fig. 1) de-
lineates the relationship between the independent variable
(AI-driven HR practices) and dependent variables (organi-
zational culture, organizational climate, and work attitude),
with employee perception of AI acting as a mediating con-
struct.

3.2 Research Objectives and Hypotheses
This framework aligns with the following research ob-

jectives:
1. To determine the impact of AI-driven HR practices

on organizational culture.
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2. To assess the effect of AI-HR practices on organi-
zational climate.

3. To examine the influence of AI-HR practices on
work attitudes.

4. To evaluate the mediating role of employee percep-
tions toward AI in the above relationships.

To operationalize these objectives, the following hy-
potheses were developed, each grounded in relevant theo-
retical frameworks:

H1: AI-based HR practices significantly influence
organizational culture.

Organizational structure and values impact organi-
zational culture, according to the OSC framework (Glis-
son et al., 2008). Based on sociotechnical systems theory
in organizational development, it is an approach to com-
plex organizational work design that recognizes the interac-
tion between people and technology in workplaces. Well-
integrated AI tools can reshape cultural norms toward in-
novation, transparency, and data-driven decision-making,
while poorly aligned implementations may disrupt existing
values and create resistance.

H2: AI-HR practices are significantly associated
with organizational climate.

The OSC framework explains climate as employees’
perceptions of their work environment. The Affective
Events Theory (Weiss and Cropanzano, 1996) suggests that
daily interactions with AI-enabled systems such as feed-
back algorithms or automated appraisals can evoke emo-
tional responses that shape perceptions of equality, work-
load, and collaboration. Thus, AI adoption is likely to in-
fluence employees’ psychological climate (Schneider et al.,
2013; Pan and Froese, 2022).

H3: AI-HR practices significantly impact work at-
titude.

Based on the Theory of Planned Behavior (TPB)
(Ajzen, 1991), work attitudes (engagement, job satisfac-
tion, and intention to stay) are influenced by employees’ be-
havioral beliefs about the work environment. AI-driven HR
practices that improve career advancement and reduce in-
consistency in appraisals can help develop productive work
attitudes (Alamer and Alharbi, 2022).

H4: Employee perception of AI mediates the re-
lationship between AI-HR practices and organizational
culture.

According to the Technology Acceptance Model
(TAM) (Davis, 1989) and Self-Determination Theory (Deci
and Ryan, 1985), employees’ perceptions of a system’s
fairness and convenience of use identify how they accept
change. Employee [A1] perspectives on AI thus serve as
a significant mediating role in exploring whether AI-HR
advancements become integrated in organizational culture
(Presbitero and Teng-Calleja, 2023). However, culture is
fundamentally more resistant to change than flexible fac-
tors such as organizational climate or work attitudes (Mar-
tin, 2001). This [A2] shows that, even if AI-based HR prac-

tices are well received, they may not be sufficient to influ-
ence deep-level cultural beliefs in the short run. The dis-
tinction between surface-level constructs (e.g., climate and
attitudes) and deep-level constructs (e.g., culture) is impor-
tant in defining the limits of perception mediation (Glisson
et al., 2008; Schneider et al., 2013).

H5: Employee perception of AI mediates the re-
lationship between AI-HR practices and organizational
climate.

Referring to Affective Events Theory and TAM again,
the emotional and cognitive responses to AI adoption, such
as trust, anxiety, or motivation, moderate how AI practices
translate into psychological experiences of support, collab-
oration, and role clarity. Furthermore, the effect of AI’s
involvement in HR operations was found to be more salient
in organizations with a collaborative climate.

H6: Employee perception of AI mediates the rela-
tionship between AI-HR practices and work attitude.

Employees who perceive AI as enabling competence
and autonomy are likely to be satisfied and engaged with
their jobs, according to Self-Determination Theory. If AI
is perceived as impersonal, it may reduce motivational ele-
ments, resulting in negative work attitudes (Jin et al., 2024).

3.3 Research Methodology
This research was carried out in Saudi Arabia, a na-

tion undergoing a transformative economic shift under its
Vision 2030 initiative (Moshashai et al., 2020). This vision
focuses on digital transformation, economic diversification,
and workforce modernization, particularly through the inte-
gration of AI technologies (Asem et al., 2024). In HRM, AI
is increasingly adopted for recruitment, performance eval-
uations, employee engagement, and strategic planning (El-
Ghoul et al., 2024).

Given this context, this study investigates how AI-
driven HR practices affect internal organizational dynamics
in the Saudi educational sector. It further explores whether
employees perceive AI as a growth enabler or a disruptive
force, thus contributing to the discourse on technological
adaptation in human capital management.

3.4 Population, Sample, and Data Collection
The target population comprised employees in Saudi

Arabia’s service sector, particularly those working in ed-
ucational institutions where AI-based HR adoption is ac-
tively emerging. This sector’s human-capital-intensive na-
ture makes it an ideal context for evaluating the impacts of
AI on organizational culture, climate, and work attitudes.

A total of 1000 online surveys were distributed via
Google Forms, and 897 responses were received. After
excluding incomplete responses, 869 valid questionnaires
were retained, yielding a response rate of 87%. Sampling
followed the guidelines of Krejcie and Morgan (1970), en-
suring statistical adequacy. A simple random sampling
technique was used to minimize bias. Respondents were
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informed of the voluntary nature of the study and assured
of anonymity.

3.5 Demographic Profile of Respondents
Among the respondents, 52.08% were male, and

47.92% were female. Of these, 61.22% held teaching posi-
tions, and 38.78% were administrative staff. Educational
qualifications included 67% PhD holders and 33% with
Master’s degrees. Age distribution indicated that 56%were
between 25–40 years, while 44% were above 40.

3.6 Research Sampling and Data Analysis
The study applied a non-probability convenience sam-

pling technique to collect data from academic and non-
academic professionals working in public and private ed-
ucational institutions across Saudi Arabia. The data was
gathered using an online self-administered questionnaire
distributed through university mailing lists, social me-
dia networks (LinkedIn and WhatsApp groups), and in-
stitutional portals over a three-month period (October–
December 2024). A total of 869 genuine responses were
received, including 532 academic staff and 337 administra-
tive professionals from 15 educational institutions. While
convenience sampling allowed for practical and timely data
collection, it introduces potential biases related to self-
selection and non-representativeness. As such, the results
may reflect the views of more digitally literate, accessible,
or AI-aware employees and can’t be generalized to the en-
tire population of the institution’s employees in Saudi Ara-
bia. To assess potential variation across subgroups, post-
hoc analyses were conducted based on respondent roles
(academic vs. administrative), age, gender, and academic
institute type (public vs. private). While the core model
relationships remained consistent, minor differences in em-
ployee perceptions of AI were observed between public and
private institutions, suggesting that organizational structure
and digital proficiency might affect attitudes toward AI-
driven HR practices. We discuss these variations in the re-
sults section to ensure a detailed understanding.

The questionnaire was divided into various sections,
including the OSC framework (organizational culture, cli-
mate, and work attitude), AI-based HR practices, and
employee perception of AI. Data analysis was executed
through Partial Least Squares and Structural EquationMod-
eling (PLS-SEM) to assess the hypothesized relationships,
as data normality evaluations showed multivariate normal-
ity violations (Mardia’s coefficient >3), indicating the ab-
normal [A3] distribution of variables. This situation fa-
vors PLS-SEM due to its non-normality resistance (Kock,
2016). Furthermore, the study features a moderate sam-
ple size (N = 869) and a complex model including medi-
ation paths and reflecting components and several indicator
variables, which PLS-SEM handles well even with lower
sample-to-parameter ratios (Hair and Alamer, 2022).

3.7 Measurement Instruments
This study used a structured questionnaire divided into

two main components: (A) Demographic Information and
(B) Latent Constructs related to Organizational Social Con-
text (OSC) framework, AI-based HR practices and Em-
ployee Perception of AI. All items were measured on a five-
point Likert scale ranging from 1 = Strongly Disagree to 5
= Strongly Agree (Refer Appendix Table 6).

3.7.1 Demographic Information
Respondents were requested to fill their demographic

characteristics, including Gender: (1) Male, (2) Female,
Age Group: (1) 25–40 years, (2) 40 and above, Educational
Qualification: (1) PhDDegree, (2)Master’s Degree, Profile
Category: (1) Administrative, (2) Academic.

These demographic components were explored for
differential impacts in the first study but were removed from
the final structural model due to a lack of statistical signif-
icance, retaining model fit.

3.7.2 Organizational Social Context (OSC) Constructs,
AI-Based HR Practices and Employee Perception of AI
Constructs (Refer Appendix Table 6)

The study adapted the Organizational Social Con-
text (OSC) measure developed by Glisson et al. (2008;
2012), originally comprising 105 items. From this, 21
observed items (OC1–OC7, OCl1–OCl7, WA1–WA6)
were derived from validated OSC subdimensions and
were carefully selected and tailored to the Saudi higher
education sector. This operationalization was based
on prior empirical research (e.g., Glisson et al., 2008)
and aligned with the Organizational Culture Survey
(https://www.cymha.ca/resource-hub-files/t_change_asse
ssment_survey_organizational_culture_survey.pdf). The
adaptation ensured conceptual fidelity while enhancing
contextual relevance: The OSC framework includes three
key subdimensions:

Organizational Culture (shared behavioral norms,
expectations)

1. OC1: The organizational culture is formal and
structured;

2. OC2: The organizational culture is flexible and
adaptable;

3. OC3: The organization is responsive to environ-
mental changes;

4. OC4: Shared values in the organization emphasize
the importance of skills and expertise;

5. OC5: Employees feel free to express their opinions
at work;

6. OC6: Employees demonstrate passion and enthusi-
asm for their work;

7. OC7: Overall, I am satisfiedwith the organizational
culture.

Organizational Climate (perceptions of support, role
clarity)
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1. OCL1: I experience low levels of stress in my daily
work;

2. OCL2: I rarely encounter role conflicts in my job
responsibilities;

3. OCL3: My role allows me to fully utilize my skills
and capabilities;

4. OCL4: My workload is not excessive;
5. OCL5: My workload is manageable;
6. OCL6: I clearly understand how my role con-

tributes to organizational success;
7. OCL7: Collaboration across different

teams/departments is encouraged and facilitated.
WorkAttitudes (job satisfaction, commitment, reten-

tion intentions)
1. WA1: I have opportunities for career growth and

advancement;
2. WA2: The organization actively supports my pro-

fessional development;
3. WA3: I am highly engaged in my current role;
4. WA4: I am highly engaged in the organization as a

whole;
5. WA5: I plan to stay with this organization for at

least another year;
6. WA6: I am generally satisfied with my current role;
7. WA7: I am satisfied with my experience working

in this organization.
Each subdimension was treated as a reflective latent

construct in the PLS-SEMmodel, with the respective items
as first-order observed indicators.

AI-Based HR Practices and Employee Perception
of AI

To assess the technological dimension of the model,
two additional constructs were included:

AI-Based HR Practices (6 items)
1. AI1: AI is used in resume screening, candidate

sourcing, or interview scheduling;
2. AI2: AI is used in scheduling interviews or coordi-

nating candidate communication;
3. AI3: AI is used in succession planning, career path

mapping, or identifying high-potential employees;
4. AI4: AI is used in providing feedback, setting per-

formance goals, or managing evaluations;
5. AI5: AI is used to personalize learning paths, rec-

ommend training modules, or track employee progress;
6. AI6: AI analytics are used to monitor employee

engagement or predict retention risks.
These itemswere adapted from prior validated sources

(Dwivedi et al., 2019; Kumari and Hemalatha, 2021) and
reflect the extent to which AI is embedded in HR functions.

Employee Perception of AI (5 items)
1. EP1: I believe AI can enhance efficiency in HR

functions;
2. EP2: I am comfortable interacting with AI tools in

the workplace;

3. EP3: I trust AI systems to make fair HR-related
decisions;

4. EP4: I am concerned about job displacement due
to AI;

5. EP5: I perceive AI to have a positive impact on my
career growth.

These items, adapted fromAbhilasha Singh and Shau-
rya (2021), and Presbitero (2023), were used to capture em-
ployees’ reactions to AI-driven changes in HR practices.

Control variables such as age, gender, job type, and
institution type were considered during model planning but
were removed from the final structural model because they
caused PLS-SEM model fit concerns.

This decision followed recommendations from Hair
et al. (2019b) that advise model parsimony and align-
ment with theoretical focus when non-hypothesized vari-
ables undermine fit or inflate standard errors. This complete
measuring methodology rigorously tested the hypothesized
links betweenAI-basedHRpractices, employee perception,
and organizational social context in higher education, and
the Zhao et al. (2010) typology was used for mediation
analysis.

3.8 Proposed Conceptual Framework
As shown in Fig. 1, the proposed conceptual frame-

work positions employee perception of artificial intelli-
gence (EP of AI) as a key driver influencing organizational
culture (OC) and organizational climate (OCl), which sub-
sequently shape work attitudes (WA). This model integrates
organizational social context perspectives to capture the hu-
man technology interaction in the Saudi higher education
sector.

4. Results
4.1 Measurement Model Evaluation

As presented in Table 1, all constructs demonstrated
acceptable internal consistency, with composite reliability
values ranging from 0.833 to 0.947, exceeding the 0.70
threshold (Hair et al., 2019b). Convergent validity was
established as all AVE values surpassed 0.50. Two low-
loading items (<0.40) from Organizational Climate were
removed. The retained item loadings ranged from 0.472
to 0.920. There is no multicollinearity problem, since all
the variance inflation factor (VIF) values are less than the
threshold level of 5. Discriminant validity was confirmed
through both the Fornell–Larcker criterion (Table 2) and
Heterotrait–Monotrait Ratio (HTMT) analysis (Table 3),
with all HTMT values below 0.90, supporting construct dis-
tinctiveness (Henseler et al., 2015).

4.2 Structural Model Analysis: Results and Interpretation
Model Fit Summary

All latent constructs had Variance Inflation Factor
(VIF) values below 3.3 (Hair et al., 2019b), indicating no
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Fig. 1. A proposed conceptual framework. Note: EP of AI, Employee Perception of Artificial Intelligence; OC, Organizational
Culture; OCl, Organizational Climate; WA, Work Attitude.

Fig. 2. Structural model depicting the relationships between AI-drivenHR practices and organizational outcomes. Direct relation-
ships between AI-driven HR practices and organizational culture, organizational climate, and work attitude. Mediation pathways through
employee perception of AI (EP of AI). Note. AI, Artificial Intelligence; EP of AI, Employee Perception of Artificial Intelligence. The
model illustrates both the direct and indirect (mediated) effects of AI-driven HR practices on organizational outcomes, with employee
perception of AI acting as a key intermediary.
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Table 1. Measurement model evaluation: factor loadings, reliability, and convergent validity.
Construct Item Factor loading Cronbach’s α rhoA rhoC AVE VIF

AI-Driven HR practices

AI1 0.472 1.193
AI2 0.736 1.533
AI3 0.890 0.731 0.796 0.833 0.566 2.381
AI4 0.840 2.132

Employee perception of AI
EP1 0.697 1.255
EP2 0.776 0.721 0.797 0.843 0.645 1.855
EP3 0.920 2.160

Organizational culture

OC1 0.870 4.116
OC2 0.799 2.983
OC3 0.915 4.486
OC4 0.915 0.935 0.955 0.947 0.721 4.511
OC5 0.864 3.096
OC6 0.727 2.385
OC7 0.839 3.158

Organizational climate

OCl3 0.596 1.062
OCl4 0.489 1.444
OCl5 0.816 0.781 0.756 0.835 0.512 2.192
OCl6 0.755 2.238
OCl7 0.853 2.641

Work attitude

WA1 0.740 1.725
WA2 0.708 1.551
WA3 0.777 1.993
WA4 0.818 0.872 0.886 0.904 0.611 2.227
WA5 0.874 2.789
WA6 0.761 1.874

Note: The table reports standardized factor loadings, Cronbach’s alpha (α), composite reliability (CR), Variance
Inflation Factor (VIF), and average variance extracted (AVE) for each construct. While most factor loadings
exceeded 0.70, a few items with loadings above 0.40 were retained due to their theoretical relevance and ac-
ceptable construct reliability, as recommended in SEM literature (Hair et al., 2019a).

multicollinearity. Cohen’s f2 values were calculated to as-
sess the impact of exogenous variables on endogenous con-
structs. Effect Size (f2): Cohen’s f2 values were computed
to determine the magnitude of the effect of exogenous vari-
ables on endogenous constructs. The results indicated that
AI-based HR practices had a medium to large effect on the
organizational atmosphere (f2 = 0.37) and that employees’
perceptions had a medium to large effect on their work at-
titude (f2 = 0.29). This means that the effects were very
real. The SRMR (Standardized Root Mean Square Resid-
ual) is 0.062, which means the model fits perfectly (thresh-
old <0.08). The NFI (Normed Fit Index) is 0.911, which
means that the model fits well (the threshold is 0.90). The
R2 values for the most important dependent variables (like
organizational climate: 0.52 and work attitude: 0.48) were
relatively strong, which means that the model explains a
significant amount of variance. These signs show that the
model is reliable and can make accurate predictions.

Following the evaluation of the measurement model,
the next phase involved analyzing the structural model to
assess the hypothesized relationships between AI-driven
HR practices and the three core components of the Orga-

nizational Social Context (OSC): Organizational Culture,
Organizational Climate, and Work Attitude.

H1: AI-driven HR practices significantly and pos-
itively affect organizational culture.

The analysis reveals a significant and positive effect
of AI-driven HR practices on organizational culture (β =
0.222, t = 5.301, p< 0.001), as shown in Table 4 and Fig. 2.
The standardized beta coefficient of 0.222 suggests a mod-
erate effect size. This statistically significant result supports
H1 and indicates that the implementation of AI in HR func-
tions contributes to shaping cultural values, norms, and be-
havior patterns within organizations.

H2: AI-driven HR practices significantly and pos-
itively affect organizational climate.

The findings show a significant positive effect of AI-
driven HR practices on organizational climate (β = 0.214, t
= 4.950, p< 0.001), as shown in Table 4 and Fig. 2. A beta
of 0.214 indicates a moderate effect, confirming that AI im-
plementation influences employees’ perceptions of support,
role clarity, and fairness—key attributes of organizational
climate. Thus, H2 is supported.
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Table 2. Discriminant validity: fornell and larcker criterion.
AI-driven HR practices EP of AI OC OCl WA

AI-driven HR practices 0.752
EP of AI 0.628 0.803
OC 0.256 0.193 0.849
OCl 0.289 0.255 0.594 0.715
WA 0.460 0.450 0.302 0.418 0.782

Table 3. Discriminant validity: HTMT ratio.
AI-driven HR practices EP of AI OC OCl WA

AI-driven HR Practices
EP of AI 0.800
OC 0.293 0.209
OCl 0.305 0.280 0.568
WA 0.564 0.539 0.316 0.421
Table footnotes: All HTMT values were below 0.90, indicating good discriminant validity
(Henseler et al., 2015).

H3: AI-driven HR practices significantly and pos-
itively affect work attitude.

The path coefficient for the relationship between AI-
driven HR practices and work attitude is also significant
(β = 0.293, t = 7.658, p < 0.001), indicating a moderately
strong positive effect as shown in Table 4 and Fig. 2. This
supports H3, demonstrating that the integration of AI into
HRprocesses enhances employee satisfaction, engagement,
and commitment.

4.3 Mediation Analysis
To evaluate the indirect effects of AI-driven HR prac-

tices via the mediating role of Employee Perception of AI
(EP of AI), a bootstrapping procedure (5000 samples) was
applied. The results for each dependent variable are out-
lined below.

H4: EP of AI mediates the relationship between
AI-drivenHRpractices and organizational culture [A1].

The total effect of AI-driven HR practices on organi-
zational culture was significant (β = 0.256, t = 7.895, p <

0.001), as was the direct effect after including the media-
tor (β = 0.222, t = 5.301, p < 0.001), as shown in Table 5
and Fig. 2. However, the indirect effect through EP of AI
was not significant (β = 0.034, t = 1.218, p = 0.223), and
the 99% confidence interval includes zero (CI = [–0.021,
0.087]). The fact that there is no statistical significance
and the indirect effect is minimal suggests that EP of AI
does not mediate the relationship. This could be because
organizational culture is so firmly ingrained that it evolves
slowly and may not be as affected by individual perceptual
changes, especially when AI initially becomes integrated.

H5: EP of AI mediates the relationship between
AI-driven HR practices and organizational climate.

The results indicate both a significant direct effect (β =
0.214, t = 4.950, p < 0.001) and indirect effect (β = 0.076,
t = 2.731, p = 0.006), with the 99% bootstrap CI not in-

cluding zero (CI = [0.024, 0.131]) as shown in Table 5 and
Fig. 2. The evidence supports partial mediation, meaning
that EP of AI significantly shapes how AI practices affect
organizational climate. Employees’ trust, clarity, and emo-
tional responses to AI systems play a key role in shaping
the workplace atmosphere.

H6: EP of AI mediates the relationship between
AI-driven HR practices and work attitude.

A strong total effect (β = 0.460, t = 15.479, p< 0.001)
was observed, along with significant direct (β = 0.293, t =
7.658, p< 0.001) and indirect effects (β = 0.167, t = 6.234,
p < 0.001), as shown in Table 5 and Fig. 2. The bootstrap
CI [0.115, 0.220] confirms complementary mediation. The
evidence suggests that positive perceptions of AI amplify
the beneficial influence of AI-driven HR practices on job
satisfaction, engagement, and employee morale.

4.4 Mathematical Components

This is the example 1 of equation.

CR =
(
∑

λi)
2

(
∑

λi)
2
+

∑
θi

(1)

This is the example 2 of equation.

AV E =

∑
λ2
i∑

λ2
i +

∑
θi

(2)

These equations were used to compute composite re-
liability and average variance extracted, respectively (Hair
et al., 2019a).
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Table 4. Direct relation and hypothesis testing.
Hypothesis Path Beta coefficient Standard deviation T value p value Decision

H1

AI-driven HR 0.222 0.042 5.301 0.000 Supported
Practices →
Organizational

Culture

H2

AI-driven HR 0.214 0.043 4.950 0.000 Supported
Practices →
Organizational

Climate

H3
AI-driven HR 0.293 0.038 7.658 0.000 Supported
Practices →
Work Attitude

Table 5. Mediation analysis (bootstrapped confidence intervals, 5000 samples).
Hypothesis Path Total effect Direct effect Indirect effect t (indirect) p 99% CI (lower–upper) Mediation type

H4 AI HR→ EP→
Org. Culture

0.256*** 0.222*** 0.034 1.218 0.223 [–0.021, 0.087] Not Supported

H5 AI HR→ EP→
Org. Climate

0.289*** 0.214*** 0.076** 2.731 0.006 [0.024, 0.131] Partial
Mediation

H6 AI HR→ EP→
Work Attitude

0.460*** 0.293*** 0.167*** 6.234 0.000 [0.115, 0.220] Complementary
Mediation

Note: ***p < 0.001, **p < 0.01. Indirect effects are based on 5000 bootstrap samples with 99% percentile CI.

5. Discussion
Findings reveal that AI-driven HR practices signifi-

cantly shape organizational culture, climate, and work atti-
tudes, but the strength of influence varies. While AI directly
affected culture, employee perception did not mediate this
relationship, suggesting that cultural change is rooted in
long-standing norms and requires sustained, leadership-
driven initiatives (Trist and Emery, 1973; Younis et al.,
2024) (Refer to Tables 4,5 and Fig. 2 for the structural
model analysis results). The robustness of the model was
supported by consistent relationships across multiple sub-
groups, reinforcing the stability of our findings despite the
non-probability sampling approach.

In contrast, organizational climate proved more re-
sponsive: employee perception significantly mediated the
link between AI practices and climate. As climate reflects
employees’ immediate experiences (Schneider et al., 2013),
positive perceptions of AI tools—such as fairness, collabo-
ration, and clarity—can quickly enhance trust and engage-
ment (Mikalef and Gupta, 2021).

Work attitudes, including job satisfaction, engage-
ment, and retention intentions, were also positively influ-
enced byAI practices, with employee perception as a signif-
icant mediator. Aligned with the Theory of Planned Behav-
ior (Ajzen, 1991) and Self-Determination Theory (Deci and
Ryan, 1985), positive AI perceptions enhanced motivation,
while negative views—linked to job loss fears—dampened
outcomes (Bhargava et al., 2021).

Overall, the study extends the OSC framework by in-
tegrating AI-HR practices and employee perceptions as key
antecedents. While AI adoption can quickly improve cli-
mate and work attitudes, its effect on deep cultural values
is slower and requires broader, multi-level change efforts.

This study extends the OSC framework (Glisson et al.,
2008; Glisson et al., 2012) by incorporating AI-HR prac-
tices and employee perceptions as critical antecedents of
social context dimensions. While AI may influence behav-
ioral practices or routines, such technological shifts may
not be sufficient to alter the core beliefs and shared as-
sumptions that define culture, at least in the short term.
Therefore, the non-significance of the mediation effect sug-
gests that employee perceptions of AI, though critical for
engagement and climate, may lack the depth to reshape
foundational cultural values without sustained, multi-level
organizational change (Glisson et al., 2008). Drawing on
Schein’s model of culture and the OSC framework, cul-
ture comprises deeply held values and assumptions thatmay
evolvemore slowly andmay require broader systemic inter-
ventions beyond perceptual or technological change alone.
This suggests that AI adoption can directly shape visible
practices and routines, but its influence on core cultural val-
ues may be more indirect or lagged. This pattern is con-
sistent with findings in other regional and global studies
emphasizing the influence of national culture on AI adop-
tion and employee adaptation (Tuffaha and Perello-Marin,
2023).

The Saudi Arabian cultural context offers key insights
for understanding AI adoption in HR. Hierarchical organi-
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zational structures concentrate decision-making with senior
leaders, making their endorsement crucial for employee ac-
ceptance. Collectivist workplace values can foster group
support for AI if it benefits the organization but may also
generate resistance if perceived as threatening social cohe-
sion or job security (Chung et al., 2025). The challenges
identified in this study resonate with broader findings from
emerging regions, where infrastructural and cultural com-
plexities influence AI’s integration into HR systems (Lutfi,
2025). Although Saudi Vision 2030 has significantly in-
creased women’s participation in the workforce, cultural
norms continue to influence how men and women perceive
and engage with AI, particularly in sensitive areas such as
recruitment, performance monitoring, and career advance-
ment (Saleh andMalibari, 2021). These differences may af-
fect both adoption rates and the effectiveness of AI-driven
HR interventions across gendered employee groups.

Practical Implications for Educators and HR
Administrators

The findings offer concrete implications for university
administrators and HR professionals navigating AI adop-
tion in higher education settings:

• Since employee perception of AI significantly medi-
ates the effect of AI-driven HR practices on work climate
and attitude, HR managers must actively manage change
communication, involve employees in AI implementation
processes, and provide reassurance on job security to re-
duce resistance.

• Training initiatives and digital literacy workshops
should be implemented to ensure smooth integration of AI
systems, particularly in performance appraisal, recruitment,
and training.

• AI systems must be introduced within a supportive
and transparent climate. HR leaders should deploy climate
assessment tools regularly to track how AI is shaping em-
ployee experiences, ensuring alignment with institutional
values.

• Universities should develop internal guidelines to
regulate ethical AI use in HR, addressing fairness, privacy,
and transparency. This ensures AI aligns with institutional
missions and social values as well.

6. Conclusions
The study unveils practical evidence that AI-driven

HR practices significantly impact the organizational so-
cial context, particularly organizational climate and em-
ployee work attitudes. These relationships are mediated
by employee perceptions of AI, emphasizing the psycho-
logical and affective dimensions of technology adoption.
However, organizational culture appears less susceptible to
this mediation effect, suggesting that deeply embedded cul-
tural values and norms are more resistant to change through
technology alone. By employing the OSC framework, the
study captures the deeper interplay between technology,

employee cognition, and organizational dynamics within
Saudi Arabia’s higher education sector. The findings un-
derscore the strategic imperative for educational institutions
to manage not only the functional deployment of AI but
also the perceptual and emotional responses of their em-
ployees. To maximize the significance of AI integration,
HR leadersmust address employee concerns, develop trans-
parency, and ensure the AI practices enhance rather than
replace human decisions. Practically, it offers guidance for
institutions to align AI-based HR initiatives with employee-
centered strategies that support organizational well-being
and adaptability.

6.1 Future Research and Limitation
Future research should explore these dynamics across

various sectors and geographies, adopt longitudinal designs
to diagnose changes in perception over time, and engage
interdisciplinary perspectives to deepen understanding of
AI’s transformative role in human resource management.

While the study determines the influence of AI-driven
HR practices on the organizational social context, it does
not fully account for potential reciprocal effects, such as
how existing cultural orientation may shape technological
adoption. Future research should investigate whether orga-
nizations with more innovative cultures are inherently more
likely to adopt AI, thereby reinforcing ormoderating the ob-
served effects. Policymakers can leverage these insights to
create sector-specific guidelines that balance technology in-
novation with employee engagement and well-being so that
AI integration strengthens rather than compromises organi-
zational culture.

Although this study offers valuable insights, the anal-
ysis combined responses across public and private institu-
tions as well as academic and administrative staff. These
subgroups may differ in their perceptions and adoption
of AI-based HR practices due to variations in governance
structures, resource availability, and job functions. While
subgroup analysis was beyond the scope of this study, fu-
ture research could employ multi-group structural equation
modeling to examine whether the observed relationships
hold consistently across institutional types and staff cate-
gories.

6.2 Limitation
• Cross-sectional survey data was used which restricts

the inference making about the causality among AI-based
HR practices, organizational culture, and employee atti-
tudes. Causal claims could be made more robust with a
longitudinal or experimental design.

• The data were obtained by self-report questionnaires,
which could be confounded with social desirability bias and
common method variance, even though, as mentioned, they
were controlled for by the statistical analysis.

• The research is carried out in higher education in
Saudi Arabia. Industry-specific variations in organizational
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Table 6. Demographic profile and questionnaire structure.
Section A- Demographic

Gender 1. Male 2. Female
Age 1. 25–40 years 2. 40 and above
Educational Level 1. PhD Degree 2. Master’s Degree
Category of Profile 1. Administrative 2. Academic

1 2 3 4 5

Section B-OSC Measure Strongly Agree Agree Neutral al Disagree Strongly Disagree
Statement

Culture: The word “culture” refers to the general values, attitudes, and behaviors you can observe in our organization.

� The organizational culture is formal and structured.
� The organizational culture is flexible and adaptable.
� The organization is responsive to environmental changes.
� Shared values in the organization emphasize the importance of skills and expertise.
� Employees feel free to express their opinions at work.
� Employees demonstrate passion and enthusiasm for their work.
� Overall, I am satisfied with the organizational culture.

Climate: These questions look to explore your feelings about how you see yourself in your role and the organization.

� I experience low levels of stress in my daily work.
� I rarely encounter role conflicts in my job responsibilities.
� My role allows me to fully utilize my skills and capabilities.
� My workload is not excessive.
� My workload is manageable.
� I clearly understand how my role contributes to organizational success.
� Collaboration across different teams/departments is encouraged and facilitated.

Work Attitude: These questions look to explore your feelings about your satisfaction with your current role.

� I have opportunities for career growth and advancement.
� The organization actively supports my professional development.
� I am highly engaged in my current role.
� I am highly engaged in the organization as a whole.
� I plan to stay with this organization for at least another year.
� I am generally satisfied with my current role.
� I am satisfied with my experience working in this organization.
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Table 6. Continued.
Section A- Demographic

Gender 1. Male 2. Female
Age 1. 25–40 years 2. 40 and above
Educational Level 1. PhD Degree 2. Master’s Degree
Category of Profile 1. Administrative 2. Academic

1 2 3 4 5

Section B-OSC Measure Strongly Agree Agree Neutral al Disagree Strongly Disagree
Statement

Section C-AI based HR practices in the organization: These questions look to explore the selective HR practices in the organization.

AI-driven HR solutions are used to find suitable applicants with the necessary skills and expertise for a position. (Recruitment)
AI-based software is implemented to find the best talent for the job. (Talent Management)
AI driven monitoring of goals and feedback is practiced for Performance evaluation. (Performance Management)
AI-based application is used for the employee’s development and growth. (Training and Development)

Section D-AI practice in the organization: These questions look to explore the perception of employees towards AI practices

AI-based software is the future of educational industry (Employees Perspective of AI)
Employees are interested in using AI-based software (Employees Perspective of AI)
AI is easing the company’s operations (Employees Perspective of AI)
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dynamics (e.g., health care, manufacturing, government)
may restrict generalization to other sectors.

• Factors internal (such as leadership style, size and
digital literacy of employees) and external (among labor
laws, policy environment) to the firm might influence the
relationship tested but they have not been included in this
research.
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