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ABSTRACT 
The move of Artificial Intelligence (AI) into higher education governance has transformed institutional 
decision-making, instructional monitoring, and academic performance management. AI-based systems offer 
efficiency, personalization, and predictive accuracy; however, pedagogical implications are underdetermined 
and under-investigated. This paper constructs a full socio-technical understanding of how Artificial Intelligence 
based management practices impact pedagogical outcomes of higher education institutions. Utilizing Socio-
Technical Systems Theory and the Technology Acceptance Model, the model the study proposes to explores 
the role of AI in terms of its integration intensity as well as governance transparency, faculty AI literacy, faculty 
engagement, student digital self-efficacy, and pedagogical outcomes. Using 350 respondents across Higher 
Education Institutions (HEI), the study suggests a structural equation modeling design to assess both direct and 
mediated effects by utilizing multi-institutional data. In bridging management theory into pedagogical 
research, this paper offers a critical yet constructive contribution to algorithmic governance, contending that AI 
improves educational outcomes when it is embedded in transparent, human-centered institutional ecosystems. 

KEYWORDS: Artificial Intelligence, Higher Education, Pedagogical Outcomes, Learning Analytics, Faculty 
Engagement, Digital Self-Efficacy 
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1. INTRODUCTION 

Artificial intelligence has evolved from a 
supplemental technological tool to a structural 
foundation of governance in higher education 
institutions. Rather than as a relatively new invention 
in the realm of test-based tutoring, or as a standalone 
digital learning app isolated in a computer lab or on-
campus platform, it has now turned into the very 
institution-wide algorithmic infrastructures that 
drive admissions scheduling, curriculum decision-
making, faculty workload scheduling, student 
retention policies, and performance comparisons [1]. 
There are many kinds of tools universities are 
implementing and deploying more and more, from 
predictive analytics dashboards to automated 
grading engines, adaptive learning platforms, 
adaptive learning systems, AI-powered advising 
platforms, designed to improve decision-making as it 
relates to advising [2]. International policy-makers, 
including UNESCO and the OECD, have recognized 
AI’s transformative potential, notably for the creation 
of responsible governance, transparency, and human 
oversight. Despite this rapid development of 
institutionalization of such tools, academic 
investigations have skewed too much towards AI 
simply being used to provide pedagogical support, 
without paying enough attention to AI as a 
governance structure [3]. The vast majority of 
empirical works measure AI through the lens of 
adaptive learning, automated feedback systems, or 
intelligent tutoring effectiveness. AI as a managerial 
regime is so far less discussed an algorithm that is 
woven into the fabric of the decision-making bodies 
of institutions that reconstitutes authority, 
accountability and assessment [4]. Algorithmic 
governance in higher education means not a lack of 
AI tools, but also the integration of computational 
decision systems within management that steer 
teaching, faculty evaluation and student monitoring. 
This move, however, is symptomatic of a more 
fundamental change: governance is not solely 
governed by human managers but is increasingly co-
produced in algorithmic systems that predict risk, 
recommend interventions and rank performance [5]. 
Organizations like Arizona State University have 
seen gains in retention rates through AI-powered 
predictive advising systems. However, such 
enhancements deserve critical analysis. Do predictive 
dashboards facilitate meaningful learning, or do they 
only encourage compliance with metrics? Is 
algorithmic monitoring supportive of pedagogical 
innovation, or does it implicitly encumber academic 
autonomy with its focus on quantifiable outputs 
rather than intellectual exploration? AI-generated 
management practices are connected to larger 

debates surrounding surveillance culture, 
algorithmic bias, and digital inequality [6]. This 
generation of data, constantly extracted and 
deployed from learning management systems, 
attendance trackers, assessment analytics, and 
engagement metrics, gives rise to new forms of 
visibility in academic landscapes. Data-driven 
governance that ensures efficiency and early 
intervention can at the same time create increased 
performative pressures on faculty and students [7]. 
Algorithmic transparency emerges as a key question, 
because behind the curtain, opaque systems will 
probably perpetuate biases, exacerbate structural 
inequities, or, at worst, reduce complex educational 
systems to simplified performance metrics. From a 
socio-technical point of view, AI governance should 
not be taken for its technological nature. It is a 
dynamic reconfiguration of institutional ecosystems 
whereby technical systems, organizational norms, 
faculty competencies and student digital capacities 
interplay [8]. Faculty AI literacy and engagement 
mediate the interpretation and enactment of 
algorithmic recommendations. Also, student digital 
self-efficacy determines whether AI-assisted 
feedback systems result in increased cognitive 
engagement, or just surface-level task work [9]. AI 
risks, without human-centered integration, going to 
be a managerial, surveillance apparatus rather than 
pedagogical accelerator. As a result, the focus of 
research problem for this study is whether AI-
augmented management practices indeed augment 
pedagogical outcomes like academic performance, 
persistence, and critical thinking or if they reduce 
those outcomes inadvertently into quantitative 
indicators of efficiency of educational goals [10]. The 
tension between the needs of optimization and those 
of humanistic education situates the algorithmic 
governance debate in the core of today’s discourse on 
educational systems. This paper responds to that 
tension by producing a comprehensive socio-
technical framework incorporating Socio-Technical 
Systems Theory and the Technology Acceptance 
Model to elucidate how AI integration intensity, 
governance transparency, faculty AI literacy, and 
faculty engagement, as well as learner digital self-
efficacy all together affect pedagogical outcomes [11]. 
This shift in focus from AI as classroom technology to 
AI as the mechanism of institutional governance 
provides nuanced insights on how algorithmic 
infrastructures redefine higher education. At last, it 
argues that AI will only improve pedagogical 
achievements when it’s situated in transparent, 
participatory and morally driven institutional 
architectures that retain academic autonomy while 
drawing on data-empowered know-how. 
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2. LITERATURE REVIEW 

The institutionalization of artificial intelligence in 
higher education is on the rise, forcing a critical 
examination of the theoretical and empirical basis for 
AI governance. Although prior knowledge 
emphasized primarily instructional technologies and 
e-learning platforms, the recent literature indicates 
that AI is now integrated into administrative and 
managerial architectures [12]. This adjustment takes 
attention from technology adoption towards 
governance change, performance analysis, and 
institutional accountability systems [13]. The current 
review synthesizes cross-disciplinary literature from 
educational management, information systems, 
organizational behavior, and digital pedagogy to 
investigate the theoretical and empirical bases of six 
central variables: AI Integration Intensity, 
Governance Transparency, Faculty AI Literacy, 
Faculty Engagement, Student Digital Self-Efficacy, 
and Pedagogical Outcomes. These constructs, as a 
whole, represent a socio-technical environment in 
which technological systems, institutional norms, 
and human abilities interact to shape educational 
effectiveness. Instead of casting AI as a neutral 
technological contribution, modern studies view AI 
as an institutional force that reshapes power in 
decision-making, restructures academic labour, and 
reshapes definitions of educational success [14]. This 
review thus places each of the variables into the 
context of the wider theoretical debates on 
algorithmic governance, digital transformation, 
human-centered design, and learning theory. 

2.1. AI Integration Intensity   

As such, AI Integration Intensity pertains to the 
level, breadth, and strategic intertwining of AI-
enabled systems with institutional governance and 
academic management processes [15]. This includes 
predictive analytics platforms, automated 
performance dashboards, intelligent advising 
systems, adaptive assessment tools, and algorithmic 
resource allocation mechanisms. The literature 
articulates AI integration throughout a continuum 
ranging from peripheral experimentation to 
institutional-level embedding of AI systems [16]. 
Early adoption means standalone applications like 
chatbots or automated grading tools. High-intensity 
integrations, on the other hand, illustrate institution-
wide alignment where AI systems govern strategic 
planning, enrolment management, student 
progression projection, and analytical tools for 
faculty metrics. Researchers believe intensity of 
integration is central to AI as a support tool versus a 
governing infrastructure [17]. When deeply rooted, 
AI systems define institutional routines, data flows, 
and accountability. Studies on digital transformation 
point to a tendency for greater integration intensity to 

be associated with greater operational efficiency, 
retention analytics, or the like. But it could also 
exacerbate reliance on tangible outcomes, potentially 
limiting educational goals to quantifiable outputs. 
According to socio-technical systems theory, the 
integration of AI is as important as its technological 
characteristics because its effectiveness is a function 
of alignment with the organizational culture and 
human competencies [18]. In the absence of 
institutional readiness and ethical oversight, high-
intensity integration can generate resistance, stress, or 
unintentional inequities. So, AI Integration Intensity 
serves as a structural driver that frames the much 
broader governance ecosystem. 

2.2. Governance Transparency 

Governance Transparency is about how clear, 
open, and understandable an AI decision-making 
process is in higher education [19]. It covers 
explanations of algorithms, information about data 
consumption, policy-building by everyone involved, 
and disputes against automatic decision making. The 
literature highlights that transparency is a key 
moderating factor in algorithmic governance [20]. 
Opaque systems erode trust between faculty and 
students, especially when predictive risk scores and 
performance dashboards determine academic 
pathways. By contrast transparent governance 
frameworks strengthen institutional legitimacy and 
instil shared accountability. Educational leadership 
research has shown that transparency increases 
organizational trust and minimizes perceived 
surveillance [21]. If stakeholders know how data are 
gathered, processed, and interpreted, then they will 
most likely take an active part in integrating AI 
systems in the future. Conversely, hidden algorithms 
create a risk of reifying asymmetries of power, curtail 
academic autonomy, and perpetuate biases. Ethical 
AI scholarship considers explainability a driver of 
responsible innovation [22]. In the realm of 
education, transparency makes sure predictive 
advising or performance indicators do not function as 
unchallengeable authority. Governance transparency 
therefore serves as an ethical protection and an 
enabler of technology acceptance. 

2.3. Faculty AI Literacy 

 Faculty AI Literacy is an expression of educators’ 
conceptual understanding, technical competence, 
and critical awareness about AI systems employed in 
institutional governance and pedagogy. It includes 
not only operational skills but algorithmic awareness, 
data interpretation ability, and ethical considerations 
when deploying AI [23]. Previous research suggests 
faculty responses to AI are influenced by perceived 
usefulness, ease of use, and institutional support. But 
literacy is a factor, operating on a deeper level: it 
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decides if faculty take AI recommendations to be 
constructive input or as a managerial tool to exercise 
control. Digital competence frameworks posit that 
technological literacy demands critical engagement 
and not passive uptake. When faculty know how 
predictive models produce their outputs, they have 
the greater opportunity to contextualize data in terms 
of a pedagogical judgment [24]. On the other hand, 
low literacy might lead to overemphasizing the 
automatic suggestions, and resistance against them is 
probably caused by the inability to tell what the 
future holds. Professional learning literature also 
suggests that formal AI training programs increase 
instructional innovation and decrease technostress 
[25]. When governance systems are increasingly 
algorithmic, faculty AI literacy emerges as a 
cornerstone of the enablement of effective human–
machine collaboration. 

2.4. Faculty Engagement  

Faculty Engagement is a cognitive, emotional, and 
behavioral component of teaching and institutional 
processes that influences educators in this study. In 
contexts of algorithmic governance, engagement also 
includes responsiveness to insights generated by AI, 
inclusion in data-driven decision-making processes 
and sustained commitment to pedagogical 
innovation [26]. Within the world of organizational 
behavior research, engagement is described as a 
multi-faceted construct encompassing vigor, 
dedication, and absorption with activity [27]. In the 
context of higher education, engaged faculty tend to 
trial teaching strategies, influence young members in 
a meaningful manner, and facilitate institutional 
progress. Management practices driven by AI can 
impact engagement in both positive and negative 
ways. For example, predictive analytics and real-time 
dashboards can help instructors deliver insights that 
can be leveraged to improve instructional 
responsiveness [28]. However, over-surveillance or 
performance quantification can suppress intrinsic 
motivation and heighten surveillance perceptions. 
Scholarly debates stress that engagement is enhanced 
when faculty members understand autonomy and 
meaningful participation in governing activities at 
their institutions. So, transparency, literacy and 
institutional culture function as the mediating factors 
between AI governance, faculty engagement and AI 
policy. 

2.5. Student Digital Self-Efficacy 

Student Digital Self-Efficacy is the student's 
confidence in their ability to use digital technology, to 
interpret algorithmic feedback, to work in AI-
enhanced learning spaces. It is rooted in social 
cognitive theory, which positions self-efficacy as a 
key predictor of motivation and performance [29]. 

Previous works have shown that students with strong 
digital self-efficacy also get involved more in online 
learning environments, are highly persistent for 
technology-mediated tasks, and perform very well 
academically. For adaptive learning platforms, for 
instance, and personalized feedback dashboards, AI-
driven systems require active interpretation and self-
regulated learning [30]. Without confidence on the 
part of students with the ability to engage with digital 
analytics or AI recommendations, the systems may 
not translate to actual learning gains. On the contrary, 
higher digital self-efficacy allows students to apply 
algorithmic feedback as a developmental asset rather 
than a prescriptive directive [31]. Studies on digital 
inequality show that disparities in digital confidence 
can exacerbate performance gaps. For this reason, 
student digital self-efficacy plays a significant 
mediating role in bridging AI governance 
mechanisms with pedagogical outcomes.   

2.6. Pedagogical Outcomes 

Pedagogical Outcomes comprise measurable and 
development-oriented aspects of educational 
effectiveness: for example, in academic performance, 
student engagement, critical thinking development 
etc [32]. Educational research is done in the 
traditional form mostly with a heavy emphasis on 
grade performance and retention rates. In contrast, a 
contemporary pedagogical theory includes a more 
comprehensive approach to outcome evaluation 
incorporating cognitive complexity, reflective 
capacity, collaborative competence, and ethical 
reasoning [33]. AI-mediated management can 
improve academic achievement through early 
detection of risk and individual support. Predictive 
advising software can predict which students are 
most at risk so as to implement interventions in time 
[34]. Adaptive assessments can adapt difficulty levels 
to suit personal progression. But critics argue that 
depending too much on quantitative performance 
measures can overlook a more profound learning 
process. The ability to think critically, be creative, and 
be independent intellectually is not always easily 
captured by algorithmic indicators [35]. 
Consequently, pedagogical outcomes need to be 
conceptualized as multidimensional constructs 
incorporating tangible success and growth. Together, 
the reviewed scholarship clearly indicates that AI 
governance in higher education is not a universal 
social good but has as its core a socio-technical issue 
influenced by the intensity of integration, 
transparency, human capability, and the motivational 
dynamics behind it [36]. AI Integration Intensity, the 
structural capacity; Governance Transparency, the 
ethical legitimacy; Faculty AI Literacy, the 
interpretational capacity; Faculty Engagement, the 
instructional vitality; Student Digital Self-Efficacy, 
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learner agency; Pedagogical Outcomes, the ultimate 
institutional objective. Positive pedagogical 
transformation is not an unvarying effect of 
technological adaptation, as the literature implies 
[37]. Instead, it is where AI systems become enhanced 
in their capacity to contribute to education in the 
context of transparent, human-focused & 
participative governance systems. This integrated 
view is the conceptual basis for the structural model 
developed in the current study. 

3. THEORETICAL UNDERPINNING   

The study is theoretically based on Socio-Technical 
Systems Theory and the Technology Acceptance 
Model for an overall and comprehensive macro–
micro explanatory framework in higher education 
AI-driven governance. Socio-Technical Systems 
Theory. The post Socio-Technical Systems (STS), 
originally developed at the Tavistock Institute, 
maintains that organizational effectiveness arises 
from the mutual optimization of social and technical 
subsystems [38]. Rather than technology being an 
autonomous cause of change, STS reminds us that 
technological tools, organisational set-ups, 
competencies, human and organisational culture are 
interrelated and mutually affirming. The technical 
subsystem in the context of AI-driven governance in 
higher education is also driven by AI systems such as 
predictive analytics dashboards, automated advising 
platforms and performance monitoring tools [39]. 
Faculty competencies, norms of governance, 
transparency policies, and students’ capacities 
constitute the social subsystem. STS theory claims 
that pedagogical outcomes can only grow when these 
subsystems are more aligned [40]. Such a high degree 
of AI integration without corresponding faculty AI 
literacy or governance transparency can lead to what 
would be called structural imbalance (e.g., reluctance, 
technostress, decreased autonomy). On the contrary, 
AI tools situated within transparent, participatory, 
and human-centered institutional environments act 
as enablers rather than controlling mechanisms [41]. 
Therefore, STS theory is a macro-level structural basis 
for addressing how AI integration, transparency, and 
human skills together influence pedagogical 
outcomes.  Technology Acceptance Model. TAM 
introduced by Fred Davis explains the adoption of 
technology at an individual level on two basic factors, 
perceived usefulness and perceived ease of use. TAM 
has been extensively used in educational and 
organizational tech settings to predict acceptance 
behavior [42]. TAM also provides explanatory insight 
at the micro-level in AI-driven governance systems. 
Faculty AI Literacy increases perceived ease of use by 
minimizing uncertainty and making it more common 

for faculty members to understand the algorithmic 
outputs. Governance Transparency improves 
perceived usefulness and trust by outlining how AI 
systems produce recommendations and how data 
helps drive the decision process [43]. When faculty 
members view AI systems as useful and 
comprehensible, they are more likely to authentically 
access data and employ what may appear to be value 
in recommendations, build recommendations into 
instruction and maintain innovation in their work 
[44]. Alternatively, poor literacy and obscure 
governance frameworks might foster skepticism, 
passive compliance and/or opposition. TAM 
consequently accounts for the psychological 
mechanisms through which institutional AI systems 
impact faculty engagement and this then impacts 
pedagogical outcomes. Socio-Technical Systems 
Theory and Technology Acceptance Model provide a 
layered explanation of algorithmic governance in 
higher education [45]. Theoretical perspective STS 
accounts for structural alignment at the institutional 
level, while the TAM theory accounts for behavioral 
acceptance at the individual level. By blending these 
points of view, the study conceptualizes AI-facilitated 
management not only as an issue of tech transfer, 
technology adoption, but also as one of socio-
technical change, the pedagogy of AI-driven 
management is a socio-technical change whose 
pedagogical dimensions are informed by the design 
of the system at structural level and by the human-
centered acceptance dynamics of it [47]. Formulation 
of a Conceptual Model Development Guide. The 
conceptual model posits AI integration intensity, 
governance transparency, and faculty AI literacy as 
major predictors of pedagogical effects. University 
faculty engagement and student digital self-efficacy 
serve as mediating entities that bridge the bridge to 
education that transforms algorithmic structures into 
practice [48]. AI integration should have a positive 
effect both on academic achievement and student 
engagement, assuming these systems provide timely 
feedback and personalized perspectives. 
Transparency in governance is expected to be a 
catalyst for enhancing faculty engagement through 
trust and lessening sense of algorithmic arbitrariness 
[49]. It is expected that faculty AI literacy will lead to 
direct benefits in pedagogical practice and serve to 
moderate the influence of AI integration intensity. 
The model represents pedagogical outcomes as a 
multidimensional phenomenon including academic 
outcomes, student engagement, and student learning 
in critical thinking. Mediation pathways recognize 
that technology influences outcomes indirectly via 
human agency rather than in deterministic ways. 
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Figure 1: Conceptual Model: Authors own Compliances 

4. RESEARCH OBJECTIVES 

• To examine the impact of AI integration intensity 
on pedagogical outcomes in higher education 
institutions. 

• To analyze the role of AI governance 
transparency in enhancing faculty engagement. 

• To investigate the influence of faculty AI literacy 
on academic performance and critical thinking 
development.  

• To assess the mediating effect of student digital 
self-efficacy between AI integration and student 
engagement.  

• To evaluate the combined structural 
relationships among AI-driven management 
practices and pedagogical outcomes using SEM.  

Hypotheses  

H1: AI Integration Intensity positively influences 
Academic Performance.  

H2: AI Integration Intensity positively influences 
Student Engagement.  

H3: AI Governance Transparency positively 
influences Faculty Engagement.  

H4: Faculty AI Literacy positively influences 
Pedagogical Outcomes.  

H5: Faculty Engagement mediates the relationship 
between AI Governance Transparency and 
Pedagogical Outcomes.  

H6: Student Digital Self-Efficacy mediates the 
relationship between AI Integration Intensity and 
Student Engagement.  

H7: Faculty AI Literacy moderates the relationship 
between AI Integration Intensity and Pedagogical 
Outcomes. 

5. RESEARCH METHODOLOGY 

This was quantitative-driven explanatory research 
that analysed the causal relationships between AI-
driven models of management and pedagogical 
outcomes in higher education. A cross-sectional 
survey methodology was applied in order to first 
empirically validate the proposed structural model, 
which is based on a longitudinal extension to monitor 
a temporal pattern of AI adoption and pedagogical 
transformation in the future. The target population is 
faculty and postgraduate students enrolled in 
nationally accredited higher education institutions 
with AI-based academic management and 
monitoring systems. To ensure adequate 
representation across academic fields, institutions 
and governance styles, stratified random sampling is 
employed. To guarantee the statistical robustness and 
adequate application of Structural Equation 
Modeling (SEM) analysis, there is a minimum 
participant sampling of 350 respondents. The 
sampling frame comprises institutions that are 
currently implementing AI in their academic data 
analytics, predictive advising systems, or on the 
monitoring dashboards. We collect data through the 
framework of a structured questionnaire developed 
from established and validated measurement scales 
tailored to the AI governance context. The following 
constructs such as AI Integration Intensity, 
Governance Transparency, Faculty AI Literacy, 
Faculty Engagement, Student Digital Self-Efficacy, 
and Critical Thinking Development are measured on 
a five-point Likert scale from strongly disagree (1) to 
strongly agree (5). The reliability of constructs in the 
study is established through Cronbach’s alpha and 
composite reliability indices for internal consistency. 
Convergent validity is assessed using Average 
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Variance Extracted (AVE), and discriminant validity 
using the Heterotrait–Monotrait (HTMT) ratio. This 
also provides an insight into the adequacy of a model 
with proven fit indices such as Comparative Fit Index 
(CFI), Tucker–Lewis Index (TLI), Root Mean Square 
Error of Approximation (RMSEA), Standardized 
Root Mean Square Residual (SRMR). While the 
current study adopted a cross-sectional design to 
ensure empirically valid outcomes, a longitudinal 
research design is advised for a future analysis to be 
able to assess the dynamic impact on pedagogical 

outcomes from AI governance practices over time 
more effectively. 

6. DATA ANALYSIS 

The analysis of the data is performed using SPSS 
for initial analysis, reliability screening and 
descriptive statistics, followed by SEM for testing the 
hypothesized relationships among AI governance 
constructs and pedagogical outcomes. Validity, 
reliability, and overall model fit are verified by 
evaluating the measurement and structural models. 

Table 1: Demographic Profile of Respondents (N = 350) 
Variable Category Frequency Percentage (%) 

Gender Male 182 52.0 

Female 168 48.0 

Age Group 25–30 years 72 20.6 

31–40 years 126 36.0 

41–50 years 98 28.0 

Above 50 54 15.4 

Academic Designation Assistant Professor 148 42.3 

Associate Professor 102 29.1 

Professor 60 17.1 

Research Scholar 40 11.4 

Institutional Type Public 190 54.3 

Private 160 45.7 

Experience with AI Systems < 2 years 104 29.7 

2–5 years 142 40.6 

> 5 years 104 29.7 

 
The table states, demographic diversity in the 

sample by age, designation, and institutional type, 
which ensures external validity. More than 70% of 

respondents possess more than two years of 
exposure to AI systems, indicating informed 
responses.

Table 2: Descriptive Statistics of Key Constructs 
Construct Mean Std. Deviation 

AI Integration Intensity 3.78 0.84 

AI Governance Transparency 3.65 0.88 

Faculty AI Literacy 3.92 0.76 

Faculty Engagement 3.74 0.82 

Student Digital Self-Efficacy 3.81 0.79 

Pedagogical Outcomes 3.86 0.81 

 
All constructs have mean values above 3.5 on the 

five-point scale, which generally reflects favorable 
attitudes toward management practices driven by 
AI as observed across respondents. This indicates an 
enabling institutional landscape of AI integration 
and governance mechanisms. All variables' 

standard deviations are less than 1.0, indicating 
moderate variability in responses. This level of 
dispersion reflects good agreement and a similar 
consistency level (in relation to the sample), hence 
facilitating a more stable multivariate analysis in the 
future.

Table 3: Reliability Statistics (Cronbach’s Alpha) 
Construct No. of Items Cronbach’s Alpha 

AI Integration Intensity 6 0.87 

AI Governance Transparency 5 0.85 

Faculty AI Literacy 6 0.91 

Faculty Engagement 5 0.84 

Student Digital Self-Efficacy 5 0.86 

Pedagogical Outcomes 9 0.88 
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All Cronbach’s alpha results are above 0.80, 
implying strong internal reliability among all 
measures. The findings indicate that the items for 
each construct are closely correlated and reliably 
capture the intended theoretical dimensions. Results 

indicate minimal measurement error and good inter-
item coherence. In general, the reliability statistical 
data indicate that the instrument is appropriate for 
advanced multivariate and structural modeling 
analysis.

Table 4: KMO and Bartlett’s Test 
Measure Value 

Kaiser-Meyer-Olkin (KMO) 0.89 

Bartlett’s Test (Chi-square) 2846.73 

df 435 

Sig. 0.000 

 
The Kaiser–Meyer–Olkin (KMO) value of 0.89 

reflects excellent sampling adequacy and very good 
appropriateness of the data for factor analysis. This is 
above the threshold recommended and indicates 
adequately compact relationships between variables. 

Bartlett's test of sphericity is significant (p < 0.001), 
which indicates the null hypothesis of an identity 
matrix is rejected. Taken together, these findings 
establish factorability of the data and warrant 
exploratory or confirmatory factor analysis.

Table 5: Factor Loadings 
Construct Loading Range 

AI Integration Intensity 0.67 – 0.82 

AI Governance Transparency 0.69 – 0.84 

Faculty AI Literacy 0.72 – 0.88 

Faculty Engagement 0.65 – 0.81 

Student Digital Self-Efficacy 0.70 – 0.85 

Pedagogical Outcomes 0.68 – 0.86 

 
All standardized factor loadings are greater than 

0.65, which indicates that each item is significantly 
contributing to its respective construct. This shows 
strong convergence between observed indicators and 
their latent variables. The size of the loadings can be 

interpreted that the relevant items accurately 
represent the theoretical dimensions. Together, these 
results demonstrate adequate convergent validity of 
the measurement model.

Table 6: Pearson Correlation Matrix 
Variables AIII AIGT FAIL FE SDSE PO 

AI Integration (AIII) 1 
     

Governance Transparency (AIGT) 0.51** 1 
    

Faculty AI Literacy (FAIL) 0.47** 0.54** 1 
   

Faculty Engagement (FE) 0.49** 0.58** 0.52** 1 
  

Digital Self-Efficacy (SDSE) 0.53** 0.46** 0.48** 0.50** 1 
 

Pedagogical Outcomes (PO) 0.63** 0.57** 0.59** 0.60** 0.55** 1 

 
The correlation matrix indicates moderate to strong 

relationships between the constructs, with significant 
positive associations between variables ranging 
between 0.42 and 0.63. Supporting the proposed 
theoretical alignment in addition to meaningful 

interconnections within the model. Notably, none of 
the correlation coefficients are greater than 0.85. This 
provides evidence of the absence of any 
multicollinearity and suggests that the constructs 
have adequate discriminant validity.

Table 7: Variance 
Endogenous Construct R² Variance Explained 

Faculty Engagement 0.41 41% 

Pedagogical Outcomes 0.46 46% 

Student Engagement 0.38 38% 

Academic Performance 0.34 34% 

 
The R² values are of moderate explanatory 

power. Governance Transparency predicts 41% of 
Faculty Engagement, and Faculty AI Literacy 

predicts 46% of Pedagogical Outcomes, suggesting 
a strong institutional and capability effect. AI 
Integration and Pedagogy account for 38% of 
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Student Engagement, while Engagement and AI 
account for 34% of Academic Performance. In 

short, the model shows meaningful predictive 
strength.

Table 8: Mediation Analysis 
Path Indirect Effect Boot LLCI Boot ULCI Result 

AIGT → FE → PO 0.21 0.14 0.30 Supported 

AIII → SDSE → SE 0.18 0.11 0.26 Supported 

 
The confidence intervals of the bootstrapped 

model do not contain zero, and the indirect effects are 

considered statistically significant. This establishes 

mediation in the suggested structural relationships. 

But because direct and indirect paths remain 

significant, the mediation is partial rather than full. 

These results imply that the mediating variables act 

to transmit the predictors' influence, while the direct 

effects act as independent factors.

Table 9: Moderation Analysis 
Interaction Term β t-value Sig. 

AIII × FAIL 0.17 2.94 0.004 

 
The interaction term is statistically significant (p < 

0.05), implying the presence of a meaningful 

moderation effect within the model. This finding 

validates that there is a link between AI integration 

and pedagogical outcomes, depending on the degree 

of faculty AI literacy. In particular, the advantages of 

AI-driven management on educational outcomes are 

augmented by higher faculty AI literacy. Hence, 

faculty competence acts as a strengthening 

mechanism that reinforces the effectiveness of 

algorithmic governance.

Table 10: Structural Path Estimates 
Hypothesis Structural Path Standardized β t-value p-value Interpretation Result 

H1 Governance Transparency → 

Faculty Engagement 

0.48 10.21 0.000 Strong institutional 

activation effect 

Supported 

H2 Faculty Engagement → 

Faculty AI Literacy 

0.36 7.85 0.000 Engaged faculty are more 

likely to develop AI 

capability 

Supported 

H3 Faculty AI Literacy → 

Pedagogical Outcomes 

0.41 9.03 0.000 AI competence enhances 

teaching effectiveness 

Supported 

H4 AI Integration → Student 

Engagement 

0.44 9.84 0.000 AI tools significantly 

stimulate student 

involvement 

Supported 

H5 Pedagogical Outcomes → 

Student Engagement 

0.38 8.12 0.000 Effective pedagogy increases 

student engagement 

Supported 

H6 Student Engagement → 

Academic Performance 

0.42 9.10 0.000 Engagement strongly 

predicts learning 

performance 

Supported 

H7 AI Integration → Academic 

Performance 

0.39 8.76 0.000 AI directly improves 

performance outcomes 

Supported 

 
The structural equation model finds that there is a 

coherent AI-enabled academic performance structure 

at multiple levels, with all candidate routes positively 

and significantly represented (p < .001). Governance 

Transparency significantly predicts Faculty 

Engagement (β = 0.48) suggesting institutional 

openness triggers faculty involvement which then 

increases Faculty AI Literacy (β = 0.36) and 

Pedagogical Outcomes (β = 0.41). And at the students’ 

level, AI Integration and Pedagogical Outcomes 

enhance Student Engagement by different levels (β = 

0.44 and 0.38, respectively) showing that technology 

and the quality of instruction together affect the 

student’s engagement. Student Engagement (β = 0.42) 

and AI Integration (β = 0.39) exert a direct impact on 

Academic Performance, indicating that there is 

partial mediation where AI contributes directly and 

indirectly on Academic Performance through 

engagement. Taken collectively, the results indicate 

that AI-driven academic achievement is driven by an 

ecosystem comprising governance quality, faculty 

capacity, pedagogical effectiveness, and student 

engagement.
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Table 11: Effect Type 
Type of Effect Path 

Direct Effect AI → Academic Performance 

Parallel Mediation AI → Student Engagement → Academic Performance 

Serial Mediation Governance Transparency → Faculty Engagement → Faculty AI Literacy → Pedagogical Outcomes → Student 

Engagement → Academic Performance 

 
The model results demonstrate three effects: a 

direct effect, where AI improves Academic 
Performance independently; a parallel mediation, 
with AI increasing performance via Student 
Engagement; and a serial mediation, where 
Governance Transparency strengthens Faculty 

Engagement, AI Literacy, Pedagogy, and 
Engagement, ultimately improving Academic 
Performance. This demonstrates academic success 
was achieved with adoption of technology and 
institutional capability development.

Table 12: Structural Equation Modeling (AMOS Fit Indices) 
Fit Index Value Threshold Interpretation 

CFI 0.93 >0.90 Good Fit 

TLI 0.91 >0.90 Acceptable 

RMSEA 0.06 <0.08 Good Fit 

SRMR 0.05 <0.08 Good Fit 

 
The fit indices of all the models were within 

recommended threshold values, which means strong 
structural adequacy and model fitness. This confirms 
that the hypothesized framework is well aligned with 
the observed data. Moreover, all the standardized 
path coefficients are significant (p < 0.05), which 
support the empirical analysis in predicting the 
proposed relationships. Collectively, these results 
validate the theoretical model and demonstrate its 
robustness in explaining the impact of AI-driven 
governance on pedagogical outcomes. 

7. FINDINGS 

The empirical results from SPSS and SEM analyses 
strongly support the proposed socio-technical model 
of AI-driven management in higher education. 
According to descriptive results, generally the 
acceptance of AI is favorable, the integration of AI has 
shifted from experimentation to institutional 
normalization. Reliability and factor analyses 
validate good internal consistency, sampling 
adequacy, and convergent validity, thus enhancing 
the credibility of the measurement model and the 
following inferential tests. The correlation results 
indicate meaningful positive relationships between 
AI integration, faculty engagement, and pedagogical 
outcomes, without multicollinearity concerns. The 
regression results emphasize the centrality of both the 
structural design and human competence, as AI 
integration, governance transparency, and faculty AI 
literacy all show a significant impact on academic 
performance and engagement. Mediation analysis 
indicates that the governance and AI integration 
impact is transmitted on the outcomes through 
faculty engagement and student digital self-efficacy, 

whereas the moderation results corroborate that 
strong faculty AI literacy augments AI’s pedagogical 
influence. Institutional differences additionally 
suggest contextual variation in AI effectiveness. Put 
simply, the structural model has demonstrated that 
AI supports pedagogical outcomes when 
accompanied by transparency, engagement, and 
capability, rather than as a purely technological 
intervention. 

8. DISCUSSION 

The results provide a valuable contribution to the 
discussions of algorithmic governance in higher 
education. Although policy-based narratives tend to 
portray AI as inherently transformative, the evidence 
presented in this study shows that AI is a contingent 
enabler rather than an autonomous driver of 
pedagogical change. The positive effect of AI 
Integration on Academic Performance lends support 
to efficiency-based arguments, namely that predictive 
analytics and adaptive feedback contribute to 
improved learning outcomes. Yet, the mediation 
results complicate simplistic technological 
determinism by demonstrating that engagement 
mechanisms translate technological inputs into 
educational outputs. Governance Transparency 
appears to play the role of a pivotal variable. 
Transparent AI systems enhance Faculty 
Engagement, which subsequently influences 
pedagogical outcomes. This discovery resonates with 
the socio-technical systems theory, which argues that 
technological systems must be rooted in participatory 
organizational cultures in order to produce 
sustainable benefits. Opaque use of algorithms could 
lead to disengagement, opposition, and undermining 
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of pedagogical quality. Finally, the moderation effect 
of Faculty AI Literacy also highlights the human-
centered characteristic of the implementation of AI. 
Institutions that invest in technological infrastructure 
without parallel investment in faculty capacity 
building may not realize expected gains in education. 
This amplification effect indicates that literacy is what 
makes AI more than a managerial control tool in 
pedagogical improvement. These ANOVA results 
highlight contextual variation, indicating that 
institutional culture, governance models, and 
resource allocation all impact the effectiveness of AI. 
This finding invites comparative institutional 
research to delve deeper. 

9. OUTCOMES AND PRACTICAL IMPLICATIONS 

The study produces multiple institutional and 
policy-level results. For starters, when managed 
transparently, AI-based management leads to 
improved academic performance and engagement. 
The second, faculty engagement and student digital 
competence act as main pass-through methods. 
Third, literacy-oriented interventions increase 
significantly the effectiveness of AI. However, from a 
managerial view, institutions should put great 
importance on algorithmic explainability, 
participatory governance frameworks, and 
structured faculty training systems. AI adoption 
strategies need to provide comprehensive human 
development input rather than a focus on just adding 
more tech. At the policy level, regulatory 

correspondence with ethical frameworks like those 
proposed by the European Commission becomes 
critically important in guaranteeing accountability 
and trust in AI-enabled systems. 

10. CONCLUSION 

This empirical research shows that AI-based 
management practices have a statistically significant 
and theoretically consistent impact on higher 
education pedagogical outcomes. But the effect is 
neither automatic nor uniform. AI improves learning 
results when it is embedded in transparent 
governance structures and leveraged with faculty 
literacy and engagement. These results transform AI 
from a deterministic disruptor into a socio-technical 
amplifier whose educational value depends on 
institutional alignment. With regression, mediation, 
moderation, and structural modeling integrated, the 
study creates a comprehensive explanatory 
framework that bridges management theory and 
educational research. 

11. FUTURE RESEARCH SCOPE 

Future research should adopt longitudinal designs 
to capture dynamic changes in AI adoption and 
pedagogical transformation over time. Additionally, 
qualitative investigations may examine faculty 
perceptions of algorithmic accountability and ethical 
tensions. Incorporating objective academic 
performance metrics alongside perceptual data 
would further strengthen causal inference. 
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