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 ABSTRACT 

The study investigates AI-powered adaptive learning's effects on three important academic 

outcomes-student engagement, learning satisfaction, and academic performance-among 

management students. It further examines the mediating roles of engagement and satisfaction, 

grounded in Self-Determination Theory (SDT). Management students who have worked with 

AI-powered learning systems were the subjects of a cross-sectional quantitative study. A 

structured questionnaire with validated constructs was distributed to a purposive sample. By 

analyzing direct and indirect interactions, Structural Equation Modeling (SEM) was used to 

evaluate the suggested conceptual model. The results show that students' engagement, happiness 

with learning, and academic achievement are much improved by adaptive learning driven by AI. 

In line with the motivational assumptions of SDT, it was discovered that student engagement 

and learning satisfaction partly mediate the link between adaptive learning and academic results. 

In order to improve the management education experience, the results include practical advice 

for teachers, curriculum designers, and edtech developers. AI Personalization tools can bring 

about better student achievement scores and enhance the student satisfaction. This study 

contributes to the expanding body of empirical research on AI-driven adaptive learning by 

investigating how it affects important learning objectives in management education. It addresses 

a literature gap by combining robust statistical approach with SDT to explain a learning 

behaviour of a student in AI enhanced environment 

Keywords : AI-powered adaptive learning, student engagement, learning satisfaction, 

educational environment, academic performance, management education, Self-Determination 

Theory. 

 

1. INTRODUCTION: 

The conventional methods of teaching have seen a sea 

shift throughout the past few years as a result of the use of 

AI technology in classrooms. AI driven adaptive learning 

is one of the most promising innovation customized 

learning based on two or more factors like individual 

students’ needs, behaviors and learning patterns (1,2). AI 

driven personalization can specifically play a role in 

helping to address diverse student profiles in management 

education, where critical thinking, engagement and 

academic excellence are core (3,4). Although AI 

technologies are increasingly used in education, empirical 

research regarding the effects of AI-powered adaptive 

learning on important academic outcomes such as student 

engagement, satisfaction with learning, or performance in 

schools is quite limited (5,6). Moreover, it is necessary to 

understand these relationships to make optimum 

pedagogical strategies in management programs, and 

further enhance students’ future-readiness. According to 

Self-Determination Theory (SDT), when students' needs 

for autonomy, competence, and relatedness are met, they 

exhibit higher levels of engagement, satisfaction, and 

performance, which in turn promotes more independent 

and intrinsically motivated motivation (8). Additionally, 

research shows that learning environments that promote 

autonomy, whether they are created by teachers or 

incorporated into digital platforms, improve student 

performance (8). Hence, for the purpose of this study, 

Self-Determination Theory (SDT) (7,8) is employed as 

the theoretical framework to examine the influence of AI-

powered adaptive learning systems on students’ 

engagement, satisfaction, and academic performance. In 

order to close the gaps in the literature and give teachers, 

technologists, and legislators with the information they 

need to support management education in an academic 

environment driven by artificial intelligence, this study 
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employs the aforementioned structural equation modeling 

(SEM) and a survey-based approach 

2. THEORETICAL FRAMEWORK 

Adaptive learning- involves the use of technological tools 

to facilitate education that is tailored to each individual 

using AI powered learning content that automatically 

customizes as the learners move in understanding, need, 

preference, and performance is a technology driven 

approach (2,9,10) Data collected from these systems are 

analyzed and used to adapt instructional methods in real 

time to minimize the number of learners’ experiences 

compromised. Adaptive learning environments have been 

shown to increase critical thinking and use of knowledge 

in the area of management education where problem 

solving and decision making are important (11–14) 

Further, adaptive learning enables self-paced learning in a 

way that it is highly advantageous from a classroom that 

has diverse classes and have diverse backgrounds and 

capabilities. AI-enabled learning is becoming more and 

more relevant, especially in management education, 

according to recent studies. Gamification powered by AI 

dramatically raises achievement and engagement, 

demonstrating its usefulness in higher education settings 

(36). This shows that adaptive learning has a lot of 

potential in management programs with high levels of 

learner variability. 

Student engagement is widely recognized as a key 

determinant of academic success and professional skill 

development, particularly in disciplines such as 

management that emphasize participatory and applied 

learning. Engagement is conceptualized as a 

multidimensional construct comprising behavioral 

(participation in academic tasks), cognitive (investment in 

learning and the use of deep learning strategies), and 

emotional (affective responses to the learning 

environment) components (15). In management 

education, heightened engagement is linked not only to 

improved academic performance but also to the 

cultivation of essential competencies such as leadership, 

teamwork, and critical analysis (16). AI-enabled adaptive 

learning systems have been shown to enhance all three 

engagement dimensions by providing interactive, context-

aware, and learner-specific instructional content (17–19). 

In line with SDT, AI-enabled personalized learning 

improves management students' autonomy, competence, 

and relatedness (39). According to their research, adaptive 

systems greatly improve student performance and 

engagement in management courses. 

Learning satisfaction denotes students’ subjective 

evaluation of their educational experience, encompassing 

perceived usefulness, enjoyment, and overall contentment 

with the instructional design (20–22). It functions as both 

an outcome and a predictor of sustained academic 

engagement. The integration of AI in learning platforms 

enhances satisfaction by enabling immediacy in feedback, 

relevance in content delivery, and flexibility in pacing 

(9,22,23). In the context of management education-where 

learners often prioritize real-world applicability and 

flexibility-adaptive learning systems that simulate 

workplace environments have demonstrated considerable 

promise in heightening learner satisfaction. Despite 

ongoing worries about data ethics, students view AI-

supported learning as beneficial, inspiring, and adaptable. 

In management programs, where students anticipate 

practical, real-world relevance, such perceptions have a 

direct impact on student satisfaction (40). 

Academic performance, commonly assessed through 

grades, knowledge retention, and the ability to apply 

concepts, is a core indicator of educational effectiveness. 

Traditional one-size-fits-all teaching approaches often 

neglect individual learning differences, leading to uneven 

performance across student populations. AI-powered 

adaptive learning systems address this challenge by 

continuously diagnosing learner needs and delivering 

tailored interventions to address knowledge gaps 

(12,13,24). In management education, where analytical 

reasoning and strategic decision-making are emphasized, 

such systems enhance students’ capacity to integrate 

theory with practice, thereby improving both formative 

and summative academic outcomes. 

Theoretical Underpinning: Self-Determination Theory 

(SDT) 

The present study is grounded in Self-Determination 

Theory (SDT), which emphasizes that optimal learning 

and motivation occur when the three fundamental 

psychological needs-autonomy, competence, and 

relatedness-are fulfilled (25). 

Autonomy is supported through personalized and self-

directed learning pathways that empower learners to 

control their educational journey.  

Competence is nurtured via adaptive feedback 

mechanisms and scaffolded instruction that align with the 

learner’s performance level. 

Relatedness may be facilitated through AI-enabled 

collaborative features, peer interaction modules, and 

social presence tools integrated into adaptive learning 

systems. 

AI-driven adaptive learning technologies play a vital role 

in personalizing education, enhancing accessibility, and 

advancing sustainable educational transformation (38). 

Their bibliometric analysis highlighted how the post-

pandemic digital surge has accelerated the global 

integration of adaptive learning tools into mainstream 

education. The alignment of AI-powered adaptive 

learning environments with the core principles of SDT 

provides a robust theoretical rationale for examining their 

effects on engagement, satisfaction, and academic 

performance. This framework enables a nuanced 

exploration of how personalized technologies not only 

improve learning outcomes but also foster intrinsic 

motivation and sustained learner development within 

management education contexts.  

3. RESEARCH GAP 

The advantages of AI-based learning systems have been 

investigated in the past, but much of that research has 

concentrated on STEM fields or general education (1,6). 

Despite its distinct focus on strategic thinking and 

decision-making, management education has seen little 

empirical research on AI and adaptive learning, despite 
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being extensively studied in STEM and general education 

(41; 42). 

Furthermore, there has been insufficient study on how 

pupils are affected by AI-powered adaptive learning ' 

engagement, happiness with learning, and academic 

achievement within a cohesive framework grounded in 

Self-Determination Theory (SDT). Previous research 

(e.g., 36, 39) looks at individual outcomes like 

performance or engagement, but it doesn't combine 

performance, satisfaction, and engagement into a single 

SDT-based model.   

The existing studies rarely combine these three key 

outcomes, nor do they use SEM to describe the intricate 

relations between them. The need for discipline-focused 

evidence is highlighted by the fact that, despite AI's 

acknowledged significance in business education, very 

few studies empirically validate adaptive learning effects 

specifically for management learners. This study 

addresses these gaps by: 

Focusing on management students. 

Investigating the combined effects of adaptive learning on 

engagement, satisfaction, and performance. 

Using SEM to empirically validate the proposed 

conceptual model. 

Grounding the study in SDT to provide a strong 

psychological rationale for observed relationships. 

 

Table1: Previous related studies 

Reference Focus Area Methods Key Findings 

(2) 

AI in 

education 

and 

personalized 

learning 

Literature 

Review 

Highlighted 

AI’s potential 

to personalize 

learning, 

improve 

engagement 

and 

performance, 

but noted 

challenges 

like privacy 

and bias. 

(3) 

AI skills for 

future 

careers in 

management 

Survey 

Analysis 

Identified 

need for 

competencies 

like data 

analytics and 

strategic 

decision-

making in AI-

driven job 

markets. 

(25) 

Role of AI in 

higher 

education 

Conceptual 

Analysis 

Found AI can 

improve 

academic 

performance 

but 

emphasized 

the 

irreplaceable 

role of human 

educators. 

(5) 

Generational 

attitudes 

toward AI in 

education 

Survey 

Study 

Generation Z 

students were 

more open to 

AI adoption 

compared to 

older faculty, 

highlighting a 

generational 

divide. 

(26) 

University 

students’ 

perceptions 

of AI 

Survey 

Students are 

enthusiastic 

but concerned 

about job 

threats from 

AI; suggested 

integrating AI 

courses in 

curriculum. 

(27) 

Generative 

AI in 

business 

management 

Case 

Analysis 

Identified 

practical 

applications 

of generative 

AI but 

highlighted 

risks like bias, 

data privacy, 

and 

employment 

impact. 

(28) 
AI adoption 

in business 

Literature 

Review 

Showed AI’s 

transformative 

role in 

business, 

suggesting the 

need to align 

management 

education 

with AI 

trends. 

(29) 

AI 

collaboration 

in education 

Expert 

Interviews 

Proposed AI 

should act as a 

collaborator in 

classrooms to 

enhance 

engagement, 

without 

replacing 

human 

teachers. 

(30) 

AI policy 

education in 

universities 

Conceptual 

Framework 

Developed a 

practical 

framework for 

preparing 

students 

ethically and 
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socially for 

AI-driven 

environments. 

(31) 

Students' 

experiences 

with 

generative 

AI 

Survey 

Students 

found benefits 

in using AI 

but raised 

concerns 

about ethical 

challenges 

and data 

privacy. 

4. RESEARCH HYPOTHESES 

Based on Self Determination Theory (SDT) and the 

literature reviewed, this study would like to hypothesize 

the following. 

H1: Student engagement is positively impacted by AI-

powered adaptive learning. 

H2: AI-powered adaptive learning has a positive effect on 

learning satisfaction. 

H3: AI-powered adaptive learning has a positive effect on 

academic performance. 

H4: Student engagement has a positive effect on academic 

performance. 

H5: Academic performance is positively affected by 

learning satisfaction. 

H6: Student Engagement mediates the relationship 

between AI-powered adaptive learning and Academic 

Performance. 

H7: Learning Satisfaction mediates the relationship 

between AI-powered adaptive learning and Academic 

Performance. 

5. CONCEPTUAL FRAMEWORK 

The study's conceptual structure is as follows, as 

mentioned in Figure 1, which is based on the literature and 

research hypotheses: The success of AI-powered adaptive 

learning is proposed to affect student engagement, 

learning satisfaction and academic performance directly. 

The hypothesis further states that the connection between 

AI-powered adaptive learning and academic performance 

is mediated by students' engagement with and happiness 

with the learning satisfaction. 

Table 2: Variables of the study 

Type of Variable Variable Name Description 

Independent Variable 
AI-Powered Adaptive 

Learning 

The main predictor represents the extent of adaptive 

learning facilitated by AI platforms. 

Mediating Variables Student Engagement 
The level of emotional, behavioral, and cognitive 

engagement that students exhibit in their learning. 

Mediating Variables Learning Satisfaction 
The perceived contentment and value students 

associate with their learning experience. 

Dependent Variable Academic Performance 
Students' academic outcomes, such as grades, 

knowledge acquisition, and application ability. 

 

 

Fig.1: Conceptual Framework 

6. RESEARCH METHODOLOGY 

Research Design 

This study is based on a survey designed to adopt a cross-

sectional and quantitative method to investigate the 

influence of AI-powered adaptive learning on academic 

performance, learner satisfaction, and student engagement 

performance among management students. Additionally, 

the study investigates the mediating roles of student 

engagement and learning satisfaction in the Self 

Determination Theory (SDT) framework (7,8). Structural 

Equation Modelling SEM, which is a robust method of 

assessing causal relationships between multiple latent 

constructs, is used to test the research model (45). 

Population and Sampling 

Two PhD scholars, 66 undergraduate students, and 59 

postgraduate students made up the 127 responders. About 

60% of the participants were from New Delhi's Jamia 

Hamdard University. The others were from Gurugram's 

SGT University. There were 64 female respondents and 

63 male respondents, indicating almost equal 

representation by gender. To guarantee that the 

respondents had knowledge and experience in their 

curriculum in relation to the AI-driven learning platforms, 

a non-probability purposive sampling technique was 

employed (Nguyen et al., 2021). 

Target sample size: 127 students 

Minimum required for SEM: 100-150, based on a 5:1 

item-to-respondent ratio (32). 

According to Bentler & Chou (1987), SEM models with 

strong factor loadings, few indicators per construct, and 

simple structure can be reliably estimated with smaller 

samples, sometimes as low as 5 cases per parameter. 

Given that our model has four well-defined constructs 

with high loadings (> .70) and no complex cross-loadings, 

the current sample size (N = 127) meets the criteria for 

stable parameter estimation and is therefore adequate for 

this model. While the sample size of 127 respondents is 

modest, it meets the recommended lower threshold for 
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Structural Equation Modeling (SEM), which ranges 

between 100–150 for moderately complex models (45). 

The model comprises four latent constructs with strong 

internal consistency and validity indicators (Composite 

Reliability > 0.87, AVE > 0.62). Additionally, the 

measurement and structural models demonstrated 

satisfactory fit indices (CFI = 0.918, TLI = 0.904, 

RMSEA = 0.09), supporting the adequacy of the sample 

for reliable estimation.  

Data Collection Instrument 

A structured questionnaire was developed where the 

content was generated using a 5-point Likert scale 

(1=Strongly Disagree to 5=Strongly Agree). In order to 

guarantee reliability and content validity, validated items 

from previous research were adapted in the questionnaire. 

In line with established scales in previous studies, 

academic performance was operationalized using self-

reported measures that reflected students' perceived gains 

in grades, knowledge application, and overall learning 

outcomes (Cruz-Jesus et al., 2020; Jiao et al., 2022).Three 

academic experts evaluated the face validity of the 

modified questionnaire to guarantee cultural relevance 

and contextual clarity for the Indian management 

education setting. In order to improve wording and 

guarantee item comprehension, a pre-test was also 

administered to a pilot group of ten students. Based on 

their input, a few small changes were made to improve 

interpretability without changing the fundamental 

meaning of the constructs. 

 

Table 3: Construct Validity 

Variable 
Sources to 

Cite 
Notes 

AI-Powered 

Adaptive 

Learning 

Adapted 

from (2), 

(33), and 

(17) 

These studies 

developed/adapted 

scales measuring AI 

in education, 

adaptive learning 

platforms, and 

technology-assisted 

learning 

personalization. 

Student 

Engagement 

Adapted 

from (15) & 

(7) 

Fredricks et al. 

provided the classic 

engagement scale; 

Chiu applied SDT 

to student 

engagement during 

online learning. 

Learning 

Satisfaction 

Adapted 

from (20); & 

(23) 

These works 

measured learning 

satisfaction in 

online and 

technology-driven 

environments. 

Academic 

Performance 

Adapted 

from (34); 

(35) 

These studies used 

self-reported and 

objective measures 

of academic 

performance 

improvement 

through AI-based 

learning tools. 

DATA ANALYSIS 

To validate the measurement model and improve its 

overall fit, an iterative refinement process was adopted. 

This approach aimed to ensure both statistical robustness 

and theoretical clarity across the four latent constructs 

examined in the study: AI-Powered Adaptive Learning, 

Student Engagement, Learning Satisfaction, and 

Academic Performance. Each construct initially included 

six items, but several were removed based on empirical 

indicators pointing to potential issues with model fit or 

construct validity. An iterative process of item evaluation 

was used to improve the measurement model and 

guarantee both theoretical coherence and statistical 

robustness. However, the choices to eliminate items were 

not made exclusively on the basis of empirical fit indices 

in order to reduce the possibility of overfitting and 

profiting from chance. Every removal was supported by 

evidence of ambiguity in construct interpretation, 

conceptual redundancy, or blatant theoretical 

misalignment with the intended construct. 

One item from the AI-Powered Adaptive Learning 

construct—"I feel that the AI platform understands my 

strengths and weaknesses"-was excluded after reviewing 

modification indices, which revealed high cross-loadings 

and shared error variance. Removing this item helped 

reduce model complexity and improved overall fit without 

compromising the conceptual integrity of the construct. 

Item 1 ("The AI-powered learning platform adjusts the 

content according to my learning needs") and item 4 ("I 

feel that the AI platform understands my strengths and 

weaknesses") were eliminated for the factor AI-powered 

Adaptive Learning because they place more emphasis on 

the technical prowess of the AI system than on the 

perceived adaptive experience of the learner. They 

conceptually misaligned with the construct and 

diminished its validity and clarity by emphasizing system 

intelligence over user perception. 

In the Student Engagement domain, the item "I invest 

significant time and energy into my studies" was also 

removed. This decision followed an analysis of 

standardized residual covariances, which showed 

residuals beyond the acceptable range (±0.40), indicating 

potential misfit and unexplained variance. Eliminating 

this item resulted in a cleaner factor structure. Since it 

reflects general academic effort rather than engagement 

itself, the item "I invest significant time and energy into 

my studies" was removed from the Student Engagement 

construct. It creates redundancy because it conceptually 

overlaps with "I make extra efforts to understand the 

subject matter thoroughly." Furthermore, it is more in line 

with performance goals or study habits than it is with the 

participatory and emotional components of engagement 
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(43). Its removal enhances the construct’s conceptual 

clarity and improves model parsimony. 

Another item from the AI Powered Adaptive Learning 

construct-"An AI-powered learning platform adjusts the 

content according to my learning needs"-was removed to 

minimize multicollinearity and avoid redundancy. Its 

exclusion ensured that each remaining item contributed 

uniquely to measuring the construct. 

From the Learning Satisfaction construct, the item "I am 

satisfied with the quality of instruction provided through 

AI tools" was dropped to strengthen construct validity. 

This adjustment improved both convergent and 

discriminant validity by narrowing the focus to items that 

better captured the intended dimension of satisfaction. 

Since it evaluated instructional quality rather than the 

learner's subjective satisfaction, the item "I am satisfied 

with the quality of instruction provided through AI tools" 

from the construct Learning Satisfaction was eliminated. 

Its removal enhanced discriminant validity and construct 

clarity because it conceptually overlapped with other 

items and was more in line with teaching effectiveness 

than student-centered satisfaction. 

After these refinements, the model exhibited stronger fit 

indices and more stable parameter estimates. Most 

retained items showed standardized factor loadings of 

0.70 or higher, and correlations among constructs were 

consistent with theoretical expectations and remained 

statistically significant. 

These changes are consistent with established practices in 

Structural Equation Modeling (SEM), where item 

selection is driven by both statistical diagnostics and 

conceptual justification. The refined model provides a 

more accurate and reliable measurement framework for 

assessing the constructs of interest. 

 

 

Fig 2: Validity Analysis using Confirmatory Factor 

Analysis: 

  

Table 4: Summary of Descriptive Statistics for all 

Measurement Items 

 

Source: Own Elaboration using IBM SPSS 26 

Table 5: Standardized Regression Weights for SEM 

Showing Loadings, Standard Errors, Critical Ratios, and 

Significance Levels for Each Indicator. 

Ite

ms 
  

Const

ruct 

Loadi

ngs 

Esti

mate 

S.

E. 

C.R

. 
P 

AI6 
<--

- AI-

Powere

d 

Adapti

ve 

.786 
1.00

0 
   

AI5 
<--

- 
.733 .855 

.0

98 

8.6

84 

*

*

* 



How to cite: Sna Farooqi, Alka Sanjeev, Khushboo Bhasin, Ayisha Shaikh. Modeling the Impact of AI-Powered Adaptive Learning on 

Student Engagement, Satisfaction, and Academic Performance: A Structural Equation Approach   Advances in Consumer Research. 

2025;2(6): 1933-1947 

Advances in Consumer Research 1939 

 

 

Ite

ms 
  

Const

ruct 

Loadi

ngs 

Esti

mate 

S.

E. 

C.R

. 
P 

AI3 
<--

- 

learnin

g .814 .990 
.1

00 

9.8

87 

*

*

* 

AI2 
<--

- 
.830 

1.04

9 

.1

04 

10.

133 

*

*

* 

SE6 
<--

- 

Student 

Engage

ment 

.710 
1.00

0 
   

SE4 
<--

- 
.783 

1.04

8 

.0

98 

10.

641 

*

*

* 

SE3 
<--

- 
.788 

1.08

7 

.1

27 

8.5

59 

*

*

* 

SE2 
<--

- 
.822 

1.16

5 

.1

31 

8.9

18 

*

*

* 

SE1 
<--

- 
.651 .916 

.1

29 

7.0

77 

*

*

* 

LS6 
<--

- 

Learni

ng 

Satisfa

ction 

.864 
1.00

0 
   

LS5 
<--

- 
.827 .950 

.0

79 

12.

071 

*

*

* 

LS4 
<--

- 
.751 .823 

.0

64 

12.

837 

*

*

* 

LS3 
<--

- 
.819 .949 

.0

80 

11.

874 

*

*

* 

LS2 
<--

- 
.877 

1.02

7 

.0

76 

13.

464 

*

*

* 

AP6 
<--

- 

Acade

mic 

Perfor

mance 

.837 
1.00

0 
   

AP5 
<--

- 
.828 .967 

.0

84 

11.

546 

*

*

* 

AP4 
<--

- 
.814 .883 

.0

79 

11.

166 

*

*

* 

Ite

ms 
  

Const

ruct 

Loadi

ngs 

Esti

mate 

S.

E. 

C.R

. 
P 

AP3 
<--

- 
.838 .888 

.0

75 

11.

784 

*

*

* 

AP2 
<--

- 
.826 .873 

.0

76 

11.

498 

*

*

* 

AP1 
<--

- 
.780 .971 

.0

93 

10.

439 

*

*

* 

Source: Own Elaboration using IBM SPSS Amos 20 

 

Table 6: Summary of Convergent Validity Measures 

  CR AVE MSV 

Learning Satisfaction 0.916 0.687 0.687 

AI Powered Adaptive 

Learning 
0.87 0.627 0.627 

Student Engagement 0.867 0.568 0.568 

Academic Performance 0.925 0.674 0.674 

Source: Own Elaboration using IBM SPSS Amos 20 

 

Table 7: Multicollinearity Diagnostics Using Variance 

Inflation Factor (VIF) and Tolerance Values 

Predictor Tolerance VIF 

X 0.339 2.949 

M1 0.240 4.174 

M2 0.271 3.691 

Source: Own Elaboration using IBM SPSS 26 

 

Table 8: Statistical Model Fitness of the CFA Model 

S.No. Variable  Estimate 

1 CMIN/DF 2.025 

2 TLI 0.909 

3 CFI 0.923 

4 GFI 0.8 

5 RMSEA 0.09 

6 NFI 0.8 

Source: Own Elaboration using IBM SPSS Amos 20 
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All constructs have acceptable skewness and kurtosis 

values as depicted in table 4, according to the descriptive 

statistics, suggesting that the data is roughly normal. The 

Cronbach's alpha values (all >0.88) validate high internal 

consistency and reliability across constructs, the mean 

scores imply generally positive perceptions, and the 

standard deviations show moderate variability. 

The results of the CFA analysis of the measurement model 

developed in the study are shown in the table 5. The 

results of the measurement model reported the estimated 

measures of regression weight, standardized construct 

loadings, standard error (S.E.), critical ratio (CR) and 

probability value (p-value) of the critical ratio.  

In the Table 6, the result indicates that the estimated CR 

value of each construct in the model is found to be greater 

than 0.7, and the AVE estimated value of each construct 

is found to be greater than 0.5. Hence, it can be concluded 

from the study that the convergent validity of the factors 

is ensured. In order to observe the discriminant validity in 

the scale, the MSV estimated values between the different 

factors are compared with the AVE estimate of the 

construct. The result indicates that AVE is found to be 

greater than MSV, which ensures the presence of 

discriminant validity among the constructs. 

Variance Inflation Factor (VIF) and tolerance values were 

used to perform multicollinearity diagnostics as depicted 

in table 7. With VIF values between 2.95 and 4.17 and 

Tolerance values between 0.24 and 0.34, all predictors 

demonstrated acceptable levels and indicated no 

multicollinearity issues. These values were well within the 

suggested thresholds (VIF < 5, Tolerance > 0.20) (45). 

The model-fit indices  as depicted in table 8, indicate that 

the CFA model exhibits a good fit. The CMIN/DF (2.025) 

shows model adequacy, while TLI (0.909) and CFI 

(0.923) demonstrate strong incremental fit. The GFI 

(0.80), NFI (0.80), and RMSEA (0.09) further confirm the 

model’s overall suitability and validity. 

Figure 3: Structural Equation Model Illustrating the Direct 

and Mediated Effects of AI-Powered Adaptive Learning 

on Engagement, Satisfaction, and Academic Performance 

 

Source: Self-generated using IBM AMOS 20 

Table 9: Statistical Model Fitness of the Structural Model 

S.No. Variable  Estimate 

1 CMIN/DF 2.091 

2 TLI 0.904 

3 CFI 0.918 

4 GFI 0.8 

5 RMSEA 0.09 

6 NFI 0.8 

Source: Own Elaboration using IBM SPSS Amos 20 

 

Table 10: Results of Parallel Mediation Analysis using 

Andrew Hayes PROCESS Macro 4.2, Model 4, with 

5,000 bootstrap resamples and 95% confidence interval 

Effect 
Estimate 

(β) 
SE t p 95% CI 

a-paths      

X → 

M1 (a₁) 
0.8973 0.0616 14.57 <.001 

[0.7755, 

1.0192] 

X → 

M2 (a₂) 
0.7724 0.0587 13.16 <.001 

[0.6563, 

0.8886] 

b-paths      

M1 → 

Y (b₁) 
0.2298 0.0814 2.82 0.006 

[0.0685, 

0.3910] 

M2 → 

Y (b₂) 
0.5515 0.0855 6.45 <.001 

[0.3823, 

0.7206] 

Direct 

effect 

(c′) 

0.1096 0.0774 1.42 0.159 

[–

0.0436, 

0.2629] 

Indirect 

effects 
     

via M1 

(a₁·b₁) 
0.2062 0.0935 — — 

[0.0251, 

0.3900] 

via M2 

(a₂·b₂) 
0.426 0.095 — — 

[0.2260, 

0.6006] 

Total 

indirect 

effect 

0.6321 0.0911 — — 
[0.4446, 

0.8049] 

Total 

effect 

(c) 

0.7418 0.0616 12.05 <.001 
[0.6199, 

0.8637] 

Source: Own Extraction using PROCESS Macro 

 

The structural model exhibits a satisfactory degree of fit, 

according to the model-fit indices shown in Table 9. A 

good model parsimony is suggested by the CMIN/DF 
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value of 2.091, which falls within the suggested threshold 

(< 3). Both the Comparative Fit Index (CFI = 0.918) and 

the Tucker–Lewis Index (TLI = 0.904) are above 0.90, 

indicating a satisfactory incremental fit. The model fit 

could be enhanced, but it is still within an acceptable range 

for social science research, according to the Goodness-of-

Fit Index (GFI = 0.80) and Normed Fit Index (NFI = 0.80), 

which are both marginally acceptable. Within the 

acceptable upper limit (≤ 0.10), the Root Mean Square 

Error of Approximation (RMSEA = 0.09) indicates a 

reasonable error of approximation. All things considered, 

the indices lend credence to the suggested structural 

model's suitability and validity. 

In Table 10, a parallel mediation analysis (PROCESS 

Model 4; Hayes, 2022) examined the indirect effect of X 

on Y via M1 and M2. The total effect of X on Y was 

significant, β = 0.74, p < .001. After accounting for the 

mediators, the direct effect was nonsignificant, β = 0.11, 

p = .159, indicating full mediation. The indirect effect via 

M1 was β = 0.21, 95% CI [0.0251, 0.3900], and via M2 

was β = 0.43, 95% CI [0.2260, 0.6006]. The bootstrapped 

total indirect effect was β = 0.63, 95% CI [0.4446, 

0.8049]. 

a-paths: Effect of AI-Powered Adaptive Learning on the 

Mediators 

AI-Powered Adaptive Learning → Student Engagement 

(a₁): 

The effect was β = 0.8973, SE = 0.0616, t = 14.57, p < 

.001. 

This indicates that as the level of AI-Powered Adaptive 

Learning increases, student engagement also significantly 

increases. The strong, positive effect suggests that 

adaptive learning technologies are highly effective in 

stimulating behavioural, cognitive, and emotional 

involvement in learning. 

AI-Powered Adaptive Learning → Learning Satisfaction 

(a₂): 

The effect was β = 0.7724, SE = 0.0587, t = 13.16, p < 

.001. 

This shows that AI-driven adaptive learning significantly 

enhances how satisfied students feel about their learning 

experience, reinforcing the value of personalization and 

perceived support in digital education. 

b-paths: Effect of Mediators on Academic Performance 

Student Engagement → Academic Performance (b₁): 

The path coefficient was β = 0.2298, SE = 0.0814, t = 2.82, 

p = .006. 

Student engagement significantly predicts academic 

performance. This means more engaged students—those 

who are actively, emotionally, and cognitively involved—

tend to achieve better learning outcomes. 

Learning Satisfaction → Academic Performance (b₂): 

The effect was β = 0.5515, SE = 0.0855, t = 6.45, p < .001. 

Learning satisfaction has a stronger and more significant 

effect on academic performance than engagement, 

implying that when students are happy and content with 

their learning experience, their performance improves 

substantially. 

Direct and Indirect Effects 

Direct Effect of AI-Powered Adaptive Learning on 

Academic Performance (c′): 

β = 0.1096, SE = 0.0774, t = 1.42, p = .159. 

This is not statistically significant, suggesting that once 

engagement and satisfaction are taken into account, AI-

Powered Adaptive Learning no longer has a direct effect 

on academic performance. 

Indirect Effects (Mediation Paths): 

Via Student Engagement: β = 0.2062, 95% CI [0.0251, 

0.3900] → Significant: The pathway from adaptive 

learning → engagement → performance is meaningful. 

Via Learning Satisfaction: β = 0.4260, 95% CI [0.2260, 

0.6006] → Significant and stronger: Satisfaction is a more 

potent mediator. 

Total Indirect Effect: β = 0.6321, 95% CI [0.4446, 0.8049] 

→ A large portion of the total effect is explained via the 

mediators. 

Total Effect (c): β = 0.7418, SE = 0.0616, t = 12.05, p < 

.001→ The overall association between adaptive learning 

and academic performance is strong and significant before 

mediators are considered. 

The entire relationship between AI-powered learning and 

academic outcomes is mediated by student experiences, 

specifically their engagement and satisfaction. Learning 

Satisfaction plays a more substantial mediating role than 

Student Engagement. The nonsignificant direct effect 

suggests a full mediation model, supporting the idea that 

AI platforms work indirectly by improving how students 

feel and act within the learning environment. 

7. RESULTS AND DISCUSSION 

The study successfully validated the hypothesized 

conceptual model using Structural Equation Modelling 

(SEM) and Parallel Mediation Analysis grounded in Self-

Determination Theory (SDT). The findings are 

summarized below: 

 

Table 11: Summary of SEM and Mediation Analysis 

Results 

Hypothesis/Co

nstruct 

Relationship 

Path 

Coeffic

ient (β) 

p-

val

ue 

Result Interpret

ation 

H1: AI-

Powered 

Adaptive 

Learning → 

Engagement 

0.8973 

< 

.00

1 

Suppor

ted 

Strong 

positive 

effect; 

confirms 

adaptive 

systems 

enhance 

student 

involve

ment 

(Autono
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my, 

Compete

nce – 

SDT). 

H2: AI-

Powered 

Adaptive 

Learning → 

Learning 

Satisfaction 

0.7724 

< 

.00

1 

Suppor

ted 

Significa

nt 

positive 

effect; 

students 

perceive 

higher 

value in 

personali

zed 

learning 

(SDT 

alignmen

t). 

H4: 

Engagement 

→ Academic 

Performance 

0.2298 
<.0

06 

Suppor

ted 

Engage

ment 

positivel

y 

predicts 

performa

nce, 

though 

less 

strongly 

than 

satisfacti

on. 

H5: Learning 

Satisfaction → 

Academic 

Performance 

0.5515 

< 

.00

1 

Suppor

ted 

Strong 

positive 

predictor 

of 

academi

c 

success; 

emotiona

l-

cognitive 

connecti

on is 

vital. 

H6: AI → 

Academic 

Performance 

(Direct Effect) 

0.1096 
<.1

59 

Not 

Suppor

ted 

Direct 

path is 

insignifi

cant, 

suggesti

ng no 

standalo

ne effect 

of AI on 

performa

nce. 

H7: AI → 

Academic 

Performance 

(Total Indirect 

via 

Engagement & 

Satisfaction) 

0.6321 

< 

.00

1 

Suppor

ted 

(Full 

Mediat

ion) 

Full 

mediatio

n 

confirme

d; AI's 

effects 

on 

performa

nce are 

mediated 

through 

engagem

ent and 

satisfacti

on. 

 

Table 12: Model Validity and Fit Indices 

Fit/Validity 

Indicator 
Result Interpretation 

Composite 

Reliability 

(CR) 

> 0.87 for all 

constructs 

High internal 

consistency 

reliability. 

Average 

Variance 

Extracted 

(AVE) 

> 0.84 for all 

constructs 

Strong convergent 

validity. 

AVE > MSV Established 
Confirms 

discriminant validity. 

Standardized 

Loadings 
Mostly > 0.70 

Indicators are reliable 

and contribute 

strongly to latent 

variables. 

 

Theoretical Alignment with Self-Determination Theory 

(SDT) 

SDT 

Construct 
Support from Findings 

Autonomy 

Enabled by personalized and self-

paced AI-driven learning 

environments. 

Competence 
Strengthened via adaptive feedback 

and aligned learning pathways. 

Relatedness 

Potentially supported through AI-

enabled collaborative features 

(though not central here). 
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Practical Implications for Stakeholders in Management 

Education Based on Study Findings: 

Stakeholder 
Recommended 

Action 

Purpose / 

Expected 

Outcome 

Educators & 

Curriculum 

Designers 

Integrate AI-

powered platforms 

offering real-time 

adaptation, 

personalized 

learning paths, and 

formative 

feedback.  

Prioritize features 

enhancing 

emotional and 

cognitive 

engagement with 

content. Make use 

of AI tools that 

boost engagement 

in real time, such 

as scenario-based 

activities, 

interactive tests, 

and real-time 

feedback. 
 

Improve learner 

personalization, 

engagement, 

and motivation 

in academic 

contexts. 

EdTech 

Developers 

Develop systems 

focusing on 

student 

satisfaction and 

engagement rather 

than just content 

accuracy.  

Implement 

features like 

gamification, real-

time support, and 

interactive 

dashboards. Since 

satisfaction → 

performance is the 

strongest pathway, 

incorporate 

elements that 

increase user 

satisfaction (e.g., 

easy navigation, 

reduced cognitive 

load, and an 

enjoyable user 

interface). 

 
 

Enhance user 

experience, 

retention, and 

satisfaction with 

AI-based 

educational 

tools. 

Institutions 

& Policy 

Makers 

Invest in faculty 

training to improve 

effective AI 

integration in 

pedagogy.  

Facilitate 

sustainable and 

measurable AI 

adoption in 

Use student 

engagement and 

satisfaction as key 

performance 

indicators (KPIs) 

when evaluating 

EdTech initiatives. 

Provide training 

materials to assist 

teachers in 

utilizing AI 

analytics to 

develop lesson 

plans that are 

focused on student 

engagement. 
 

educational 

environments. 

Management 

Program 

Designers 

Incorporate 

satisfaction-

focused feedback 

loops and learning 

value perception 

into course design.  

Integrate AI 

literacy into core 

curricula as a 

foundational skill. 

Create industry-

aligned, relevance-

focused adaptive 

simulations to 

boost autonomy 

and satisfaction. 
 

Improve 

academic 

performance 

through 

satisfaction 

pathways and 

prepare students 

for AI-driven 

business 

contexts. 

 

AI-Powered Adaptive Learning had a significant, 

practical impact on student engagement (β = 0.90) and 

learning satisfaction (β = 0.77). The overall indirect effect 

on academic performance (β = 0.63) accounted for almost 

85% of the total relationship. Learning satisfaction (β = 

0.55) was found to be a more significant mediator than 

engagement (β = 0.23), indicating that learning 

experiences that are emotionally satisfying and supportive 

of competence lead to significant gains in performance. 

Self-Determination Theory's premise that motivation and 

satisfaction are important channels through which 

technology improves learning outcomes is reinforced by 

these the effect sizes, which demonstrate that adaptive AI 

tools are not only statistically sound but also educationally 

transformative. 

The effectiveness of AI-driven systems in improving 

educational outcomes has been demonstrated by earlier 

research. Adaptive AI-based learning environments 

strongly enhance student engagement and academic 

performance while fostering equity and personalization 

(44). In a similar vein, incorporating ChatGPT, an AI-

powered tool, into mobile learning environments 

improved students' academic achievement, motivation, 

and perception of learning, highlighting the revolutionary 

potential of AI in individualized instruction (36). 

CONCLUSION 
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The present study underscores the critical mediating roles 

of Student Engagement and Learning Satisfaction in the 

relationship between AI-Powered Adaptive Learning and 

Academic Performance. 

The findings revealed that while adaptive learning 

technologies have a significant total effect on academic 

outcomes, this effect is fully mediated by students' 

engagement and satisfaction levels. 

Specifically, the integration of AI-driven adaptive 

learning platforms appears to enhance students' academic 

achievement not through a direct influence, but by 

increasing their emotional, behavioral, and cognitive 

engagement, and by elevating their perceived value and 

satisfaction with the learning process. 

Among the two mediators, Learning Satisfaction emerged 

as the more influential pathway, suggesting that when 

students feel content and find meaning in their learning 

experience, they are more likely to perform better 

academically. 

These results highlight the importance of designing AI-

based educational interventions that do not merely adapt 

content, but also foster satisfaction and engagement, 

thereby driving sustainable learning outcomes. In 

practical terms, educational institutions aiming to 

leverage adaptive learning technologies should ensure 

these platforms are pedagogically engaging and 

emotionally resonant to realize their full impact on student 

success. 

LIMITATIONS & DIRECTION FOR FUTURE 

RESEARCH 

Despite the strong methodological rigor and solid 

theoretical foundation, the study is subject to several 

limitations that warrant attention. First, the sample is 

restricted to management students from Indian 

universities, which may constrain the generalizability of 

the findings across different academic disciplines or 

global educational contexts. Future research should 

consider more diverse and cross-cultural samples to 

enhance external validity. Second, the cross-sectional 

research design hinders the ability to draw causal 

inferences or track behavioral and attitudinal changes over 

time; therefore, longitudinal studies could provide deeper 

insights into the sustained effects of AI-powered adaptive 

learning. Third, the reliance on self-reported data for key 

constructs such as engagement, satisfaction, and 

performance introduces the potential for social 

desirability bias and subjectivity. Future studies could 

incorporate objective metrics or third-party assessments to 

improve data accuracy. Fourth, the variability in exposure 

to AI-powered adaptive platforms-arising from 

differences in design and implementation-may affect the 

consistency of outcomes, suggesting a need for 

comparative studies across standardized platforms. 

Finally, while the study draws on Self-Determination 

Theory (SDT), it does not empirically address the 

relatedness component, limiting the full application of the 

theoretical model. Future research should explicitly 

incorporate and measure all three SDT components-

autonomy, competence, and relatedness-to provide a more 

holistic understanding of motivational dynamics in AI-

assisted learning environments. Also, Self-reported 

assessments of learning improvement were used to gauge 

academic performance; this was a validated but subjective 

method that could be strengthened in subsequent research 

by utilizing objective measures like grade point average 

or instructor evaluations. Data were gathered from two 

universities using validated scales with a variety of item 

formats in order to reduce the possibility of common 

method bias. Future research may use statistical tests to 

evaluate CMB even though these measures help lessen 

single-source bias. 
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