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Abstract: The transformation of students’ learning behaviors, instructors’ roles, and the overall learning 
process has been derived from the integration of Artificial Intelligence (AI), Generative AI in particular, into 
the higher education system. This study aims to analyze and identify key predictors of students’ intentional 
learning behaviors, focusing on three core behavioral aspects: (1) AI-assisted learning behavior, (2) classroom 
participation behavior, and (3) self-management in learning behavior. Three groups of predictor variables 
were examined—motivation, self-regulation, and classroom environment. A quantitative research design was 
employed using multi-stage quota random sampling. The sample comprised 874 undergraduate students. 
Research instruments included twelve questionnaire sets with acceptable reliability (Cronbach’s α = .71–.80). 
Data were analyzed using Pearson’s correlation coefficients and multiple regression analysis. The findings 
indicated that motivation, self-regulation, and classroom environment significantly predicted variance in all three 
learning behaviors. Specifically, the predictors accounted for 42.50% of the variance in AI-assisted learning 
behavior, 44.67% in classroom participation behavior, and 45.35% in self-management in learning behavior. 
The most influential predictors across all aspects included intrinsic motivation, future-oriented motivation, ethical 
AI use, and instructional environment. These results highlight that high-quality learning behaviors in the age 
of AI are derived from a balanced integration of psychological drive, self-regulatory capacity, and supportive 
learning environments. The findings correspond to three dominant theoretical foundations—Self-Determination 
Theory, Self-Regulation Theory, and Learning Environment Theory—indicating that sustainable learning and 
constructive engagement are shaped by the cooperation of intrinsic motivation, behavioral regulation, and 
learning environments that promote analytical thinking and ethical technology utilization.
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1. Introduction

In the age of extensive adoption of Generative Artificial Intelligence (Generative AI) 
in higher education, the role of AI has extended far beyond functioning as a tool for 
information retrieval or content generation. It has become a transformative force that 
redefines learning processes, instructional approaches, and—most critically—learning 
behaviors of twenty-first-century university students. Contemporary undergraduate 
students must confront the challenge of adapting to evolving learning environments in 
which AI can either serve as an intelligent assistant that enhances personalized learning 
or, if relied on uncritically without personal cognitive input, as a potential hindrance that 
weakens analytical reasoning and independent thought (Baidoo-Anu & Owusu Ansah, 
2023).

Understanding intentional learning behavior in the age of AI has therefore become 
essential. Current trends reveal that students encounter “AI disparity”—a divide characterized 
not merely by access to technology, but by unequal capacity to use AI effectively for learning 
(Gui et al., 2025; Nakayama et al., 2022). Traditional definitions of learning intention, such 
as attending class and maintaining attention, are evolving to emphasize skills related to 
self-directed learning and ongoing cognitive awareness. However, when students depend 
on AI shortcuts to avoid engaging analytical thinking and logical reasoning, their critical 
thinking skills weaken. Furthermore, many students rely on Generative AI for academic 
tasks in the absence of university policies or explicit monitoring mechanisms, potentially 
leading to superficial learning when proper guidance or instructional oversight is not 
provided (Chan & Hu, 2023). Understanding the predictors of learning behavior in this 
emerging context is therefore essential for developing teaching strategies that effectively 
cultivate and maintain students’ learning intention in AI-driven environments.

Recent evidence also highlights multidimensional impacts, indicating that AI, when 
positioned as a learning companion, supports students—particularly slow learners—by 
offering personalized explanations and immediate feedback, thereby enhancing learning 
engagement (Baidoo-Anu & Owusu Ansah, 2023). In contrast, excessive cognitive 
offloading has raised concerns with students relying on AI to generate exam answers 
or essays through AI without engaging in independent analytical processes. Beyond 
academic integrity concerns, such practices pose long-term risks to essential critical 
thinking skills (Cotton et al., 2024). These contrasting scenarios underscore the need for 
in-depth analyses to identify the factors that predict or distinguish students’ AI-related 
learning behaviors.

At the same time, the global landscape of higher education is increasingly aligned 
with the United Nations’ Sustainable Development Goals (SDGs) (Bernstein, 2017), 
particularly SDG 4.2, which highlights a commitment to inclusive and equitable 
education for all. While AI is widely viewed as a pivotal tool of broadening access to 
learning (SDG 4.3) and enhancing future employment-related competencies (SDG 4.4) 
(Morandín-Ahuerma, 2024), challenges arising from inappropriate use of Generative 
AI, such as superficial learning and cognitive offloading—may hinder the achievement 
of these goals. The failure to ensure that graduates fully develop critical thinking 
competencies undermines the broader goal of achieving sustainable, high-quality 
education. Identifying the predictors of intentional learning behavior in the age of AI 
extends beyond innovation and has become a critical imperative for assuring graduate 
quality and the sustainability of higher education (Allam et al., 2025).
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Within this context, identifying the predictors of undergraduate students’ intentional 
learning behavior in the age of AI is of considerable theoretical and practical significance. 
Motivation, self-regulation, and classroom learning environments constitute three critical 
dimensions that are crucial for fostering active and meaningful learning (El Deen et al., 
2026). However, existing research has not yet examined these three groups of predictors 
collectively within the AI-mediated context nor has it investigated their combined effects 
on holistic intentional learning behavior, thereby indicating a substantive gap in the 
existing body of research.

Accordingly, this study aims to examine intentional learning behavior in the age of 
AI by focusing on three key behavioral components: AI-assisted learning behavior, 
classroom participation behavior, and self-management in learning behavior. The 
study further seeks to analyze and validate three predominant groups of predictors: 
(1) motivational factors including intrinsic, extrinsic, and future-oriented motivation, (2) 
self-regulatory factors encompassing concentration in learning, distraction management, 
and ethical use of AI, and (3) classroom environment factors comprising physical, 
social, and instructional aspects. Additionally, the study includes comparative analyses 
intended to investigate group-based differences in these predictors across diverse 
student populations. A more comprehensive understanding of these predictors will 
enable higher education institutions to formulate evidence-informed policies and 
design learning environments that facilitate the effective use of AI while maintaining 
and enhancing the essential human elements of learning.

2. Literature Review

Understanding undergraduate students’ intentional learning behavior requires 
an integrated perspective drawing from insights across multiple domains, including 
educational psychology, educational technology, and the broader sociocultural context of 
contemporary learning (Holmes & Miao, 2023). This integration is essential for explaining 
the dynamic of complex learning behaviors that evolve rapidly in response to technological 
advancements and the expanding role of artificial intelligence (AI). Accordingly, this review 
synthesizes relevant theories, conceptual frameworks, and empirical studies to construct 
a comprehensive analytical framework for explaining the determinants and components 
of intentional learning behavior. Students are conceptualized as active learners who 
engage ethically with technology, exercise self-regulation, and participate meaningfully 
in the learning process (Wattanavit & Sakdapat, 2024). Accordingly, intentional learning 
behavior is conceptualized as comprising three interrelated components:
2.1. AI-assisted Learning Behavior

This component refers to intentional and ethical use of AI tools to support and 
enhance learning activities, including information retrieval, content summarization, skill 
practice, and new knowledge construction. Proper integration of AI promotes deep 
learning and reinforces learners’ capacity for autonomous knowledge development 
(Hu et al., 2024). Traditionally, learning intention was defined through noticeable 
physical behaviors. However, the emergence of generative AI has transformed this 
traditional conception, engendering a hybrid learning paradigm, indicated by a shift 
from teacher-centered learning toward human–machine collaboration (Dwivedi et al., 
2023; Ngamcharoen et al., 2024).
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2.2. Classroom Participation Behavior
Classroom participation involves students’ cognitive, social, and behavioral 

engagement, including asking and answering questions, expressing opinions, contributing 
to discussions, and collaborating in group work (Kamran et al., 2022). Active participation 
signals levels of intrinsic motivation, intellectual curiosity, and eagerness to engage 
with learning and has consistently contributes to deeper conceptual understanding 
and long-term retention (Cheatham et al., 2017).
2.3. Self-Management in Learning Behavior

Self-management represents students’ capacity to systematically plan, regulate, and 
evaluate their learning processes, including time management, goal setting, sustained 
concentration, and strategic adjustment when encountering learning challenges 
(Shapiro & Cole, 1994). Self-management reflects learners’ level of self-regulation, 
a core competency for 21st-century learning, particularly in technology-mediated 
learning environments (Boekaerts et al., 2000).

Together, these three components represent a holistic conceptualization of intentional 
learning behavior that compasses technological (AI utilization), social (classroom 
participation), and psychological (self-management) aspects. They align closely with 
major learning theories, including motivational theory and self-regulation theory, 
providing a theoretically grounded framework for understanding learning behavior in 
the age of AI (Lorig & Holman, 2003). The key theoretical variables underlying this 
framework are presented as follows:
2.4. Motivation

Motivation is a psychological mechanism that drives, directs, and sustains behavior 
toward goal attainment (Urhahne & Wijnia, 2023). It plays a vital role in shaping 
learning intention, effort, perseverance, and academic achievement (Deci & Ryan, 
2000). Motivation is conceptualized through subcomponents:
2.4.1. Intrinsic Motivation

Intrinsic motivation refers to inherent interest, enjoyment, and satisfaction derived 
from learning activities. It drives sustained learning intention and engagement without 
reliance on external incentives (Bandura, 1997; Rheinberg & Engeser, 2018). Key 
subdimensions include interest in learning content, satisfaction from learning, and a 
sense of pride in accomplishments (Tulis & Ainley, 2011).
2.4.2. Extrinsic Motivation

Extrinsic motivation refers to level of response to external impetus that enhances 
students’ learning intention, encouraging learners to engage in learning behaviors 
for the purpose of obtaining reward or avoiding negative consequences (Brophy, 
2004). Key subdimensions include motivation from rewards, motivation from social 
acceptance, and motivation driven by external expectations (Rogti, 2021).
2.4.3. Future-Oriented Motivation

Future-oriented motivation reflects students’ awareness of the long-term value of 
present learning in relation to future academic or career goals (Stănescu et al., 2024). 
Key subdimensions include perception of the value of learning for the future, long-term 
educational goal setting, and future-oriented learning planning.
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2.5. Self-Regulation Theory
Self-regulation theory is an educational psychological framework that explains the 

processes through which learners actively monitor, regulate, think analytically, plan, 
and assess their goal-oriented learning in pursuit of learning goals (Pintrich, 2000; 
Zimmerman, 1989). From this perspective, learners function as self-directed agents 
who consciously manage their thoughts, emotions, and behaviors to achieve effective 
and sustainable learning. Zimmerman (1989) emphasizes the dynamic process of self-
regulation, where learners actively initiate motivation, set learning goals, and monitor 
progress. Recent research suggests that the use of generative AI significantly reduces 
analytical thinking effort, underlining the significance of concentration and distraction 
management as protective factors for maintaining cognitive engagement (Maharani, 
2025; Zhang & Kim, 2024). Three sub-variables are examined within this framework.
2.5.1. Concentration in Learning

Concentration in Learning refers to learners’ ability to maintain focused attention 
on academic tasks without interference from irrelevant inducements. Concentration 
constitutes an element of self-regulation in learning (Eloran, 2024). It serves as the 
foundation of effective learning strategies implementation and information processing. 
Subdimensions include attention during learning, sustained concentration, and use 
of strategies to enhance concentration.
2.5.2. Distraction Management

Distraction Management involves ability to eliminate cognitive distractions through 
self-regulation, time management, and learning-friendly environmental management 
(Sinharay et al., 2025). Subdimensions include recognition of distractions, strategies 
for eliminating distractions, and adjustment of learning behaviors.
2.5.3. Ethical Use of AI

Ethical use of AI involves utilizing AI tools ethically, transparently, and accountably in 
generating, applying and referencing AI-generated outputs with attention to academic ethics 
and intellectual integrity. Subdimensions include ethical awareness, responsible practices, 
and attribution and disclosure of AI-generated outputs (Ashok et al., 2022; Stahl, 2021).
2.6. Learning Environment Theory

Learning environment theory explains how features of the learning environment 
influence learners’ behavior and motivation. Relevant aspects include the physical 
environment (media, technology, and conditions that support concentration), the 
social environment (interpersonal relationships), and the instructional environment 
(learning structure, assessment, and teaching methods) (Noori et al., 2021). Learning 
environments that promote cognitive engagement, emotional support, and constructive 
feedback foster intrinsic motivation and learning intention (Schumacher et al., 2013). 
These conditions are crucial for active learning and ethical AI use in the context of 
education in the digital age. The three sub-variables are as follows:
2.6.1. Physical Learning Environment

The physical learning environment encompasses physical aspects of learning spaces 
or learning contexts that are conducive to concentration, convenience, and efficiency 
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in learning (Fraser, 1998; Moos & Moos, 1978) including light, sound, temperature, 
ventilation, cleanliness, seating arrangements, usable areas, and availability of learning 
technologies. Such factors influence learners’ emotional states, satisfaction, and 
engagement. Subdimensions include convenience and availability of learning spaces, 
availability of equipment and technology, and classroom atmosphere that supports 
concentration and learning (Ghalia & Karra, 2023).
2.6.2. Social Learning Environment

The social learning environment refers to interpersonal relationship between learners 
and instructors, as well as peer interactions. Supportive social climates enhance learners’ 
motivation, sense of belonging, and learning behaviors (Won et al., 2018). A positive social 
environment fosters an atmosphere of trust, emotional support, and positive interaction 
encouraging learners to express themselves confidently, engage actively in the learning 
process, and develop greater motivation for learning (Brackett et al., 2011). Subdimensions 
include teacher–student relationships and emotional–psychological climate.
2.6.3. Instructional Environment

The instructional environment reflects learning management, teaching methods, 
and assessment methods as perceived by learners to be supportive of their own 
learning, including clarity of learning goals, appropriateness of learning activities, 
learners’ participation, use of technology to support learning, and constructive feedback 
(Sharratt, 2018). In the age of AI, the instructional environment also includes the 
appropriate integration of AI technology to promote active learning, critical thinking 
and the ethical use of AI (Almarode & Vandas, 2018). Subdimensions include clarity 
of learning structure and goals, teaching strategies and learning activities, integration 
of AI, constructive feedback and academic support.
2.6.4. Socio-demographic Background

Socio-demographic Background refers to learners’ individual characteristics that 
reflect biological, psychological, and social differences influencing learning behavior, 
motivation, and adaptability. Considering these background factors enables educators 
to understand learners holistically across dimensions of individual characteristics, 
personal life circumstance, surrounding social influences and that shape individual 
learners’ learning experiences.

3. Hypotheses

Based on the synthesis of relevant literature, it is concluded that students’ intentional 
learning behavior in the age of AI is influenced by the dynamic interaction between 
internal and external factors. Internal factors encompass motivation, self-efficacy, 
self-regulatory capabilities, all of which are psychological constructs that directly 
influence learning patterns. External factors encompass the learning environment, 
instructor roles, and the broader social context surrounding learners, all of which have 
undergone significant transformation in response to technological advancement and 
the increased adoption of digital learning tools.

Grounded in these theoretical foundations and synthesized insights, the following 
conceptual framework and research hypotheses were developed to examine the 
structural relationships among the variables:
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H1: The motivation variable group is significantly and positively correlated with 
intentional learning behavior.
H2: The self-regulation variable group is significantly and positively correlated with 
intentional learning behavior.
H3: The classroom environment variable group is significantly and positively correlated 
with intentional learning behavior.
H4: The motivation, self-regulation, and classroom environment variable groups 
significantly predict the variance in AI-assisted learning behavior.
H5: The motivation, self-regulation, and classroom environment variable groups 
significantly predict the variance in classroom participation behavior.
H6: The motivation, self-regulation, and classroom environment variable groups 
significantly predict the variance in students’ self-management in learning behavior.

Figure 1: Conceptual Framework.

4. Methodology

4.1. Research design and Ethical Considerations
This study utilized a quantitative research design aimed at investigating the 

relationships and predictive capabilities of psychological variable sets related to 
undergraduate students’ learning. These included motivation, self-regulation, and 
classroom environment variables. Based on a comprehensive review of literature, these 
factors significantly influence students’ intentional learning behavior, particularly within 
the context of the AI era, where educational environments and learner behaviors are 
rapidly evolving. The findings are expected to contribute to the academic understanding 
regarding factors influencing students’ learning intention and provide practical guidance 
for designing instructional activities and educational policies that align with the needs 
and characteristics of contemporary learners.

The research project was approved by the Institutional Review Board under project 
code UTCCEC/Expedited018/2024. All procedures strictly adhered to ethical principles 
in human research to ensure compliance with international standards of academic 
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responsibility and to comprehensively protect the participants’ rights, safety, and dignity.
Systematic and rigorous measures for participant care were established, prioritizing 

informed consent. This enabled participants to make truly voluntary decisions without 
coercion, influence, or inappropriate incentives. In addition, the principles of confidentiality 
and anonymity were strictly maintained, preventing unauthorized access to participants’ 
data unless explicit permission was granted by the participants. All collected data were 
used for academic and research purposes and were not disclosed or used in any 
manner that could cause harm or negative impacts on the participants, ensuring that 
all procedures adhered to principles of integrity, ethics, and professional responsibility.
4.2. Sample

The sample for this study comprised undergraduate students. The sample size 
was systematically determined in accordance with statistical principles to ensure the 
validity and academic significance of the results. G*Power software was utilized to 
calculate the appropriate minimum sample size, based on a 95% confidence level and 
a 5% margin of error, consistent with standard criteria for highly reliable quantitative 
research (Faul et al., 2009).

The calculation from the G*Power program indicated that the minimum sample 
size required for statistically significant data analysis was at least 800 participants. 
However, to account for potential errors resulting from incomplete or unresponsive 
responses, a preventive plan was implemented by adding approximately 5% to the 
minimum, resulting in a total target sample size of approximately 840 students.

A multi-stage quota random sampling method was employed to select participants 
(Burger & Silima, 2006). This method was selected to ensure diverse representation 
across various geographical regions and institutional types, facilitating a comprehensive 
and balanced representation of the national target population.

Thailand was divided into six geographical regions: North, Northeast, West, Central, 
East, and South. A data collection quota was assigned for each region at approximately 
140 students per region to ensure balanced spatial distribution.

Table 1: Socio-demographic Background of the Sample.
Category Background of the sample

Sample group 874 undergraduate students

Questionnaire set Set A (429 respondents) (49.08%) 
Set B (445 respondents) (50.92%) 

Gender Male = 307 (35.13%) Female = 567 (64.87%)
Grade point average index (GPAX) 3.32 (S.D = 0.62)
Average age (years) 20 years 2 months 

Year level Year 1 = 221 
(25.29%)

Year 2 = 207 
(23.68%)

Year 3 = 217 
(24.83%)

Year 4 = 229 
(26.20%)

University Type Public 448 people (51.26%)
Private 426 people (48.74%)

Basic Sciences 148 (16.93%)
Health Sciences 144 (16.48%)
Engineering 146 (16.70%)
Social Sciences 143 (16.36%)
Humanities 145 (16.59%)
Education 148 (16.93%)
Note: Missing values are excluded.
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Within each region, two types of institutions, public and private universities, were 
randomly selected. Data collection within each institution was then distributed equally 
across six major academic disciplines: Basic Sciences, Health Sciences, Engineering, 
Social Sciences, Humanities, and Education. The implementation of these steps ensured 
the representation of disciplinary diversity and socio-demographic backgrounds of 
students from educational institutions nationwide (Table 1).
4.3. Data Analysis

This study employed quantitative data analysis centered on two main types of 
inferential statistics:
1. Pearson Product-Moment Correlation Analysis was utilized to explore the relationships 

between independent and dependent variables. This analysis determined direction 
and magnitude of the correlations between each pair of variables, offering 
understanding of statistical connections between psychological factors and students’ 
learning behaviors (Obilor & Amadi, 2018; Sedgwick, 2010).

2. Multiple Regression Analysis was conducted to determine the predictive capabilities 
of multiple independent variables on the dependent variable through two main 
approaches (Stolzenberg, 2004):

2.1 Enter Method: All independent variables were concurrently imported to the 
regression model to assess their collective influence on the dependent variable 
while controlling the effects of other variables in the model.

2.2 Stepwise Method: An automatic variable selection technique, in which independent 
variables were individually and sequentially imported into the model based on 
their statistical contribution to explaining the statistically significant increase in the 
variance of the dependent variable in each step.

4.4. Instruments
The research instrument consisted of 12 summated rating scale questionnaires, 

with questions presented in two versions (Set A and Set B) to mitigate potential order 
effects (Spector, 1992). The questionnaires were developed through a synthesis of 
relevant concepts, theories, and prior studies. Each item was rated on a six-point 
Likert scale, ranging from “Strongly Agree” to “Strongly Disagree.” The instruments 
underwent a systematic three-stage validation process (Table 2) as follows:
1. Content Validity: The alignment of each item with research objectives, conceptual 

variables, and theoretical frameworks were evaluated by five experts in education, 
curriculum and instruction, and behavioral sciences related to undergraduate 
students’ learning. The Index of Item-Objective Congruence (IOC) was calculated 
to assess quality of the items and yielded values between 0.80 to1.00, indicating 
high content validity (Kemper, 2020).

2. Item Analysis: After incorporating feedback from the experts, the revised instruments 
were piloted with 120 participants resembling the actual sample. Key indicators 
included Item Discrimination and Corrected Item-Total Correlation to ensure the 
ability of the items to differentiate respondent perspectives and their consistency 
with the overall questionnaire structure. Items with quality and appropriate correlation 
were selected for the final instrument.

3. Construct Validity and Reliability: Confirmatory Factor Analysis (CFA), following 
Harrington (2009), was conducted to verify that observed variables accurately 
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represented latent constructs. Model fit was confirmed using at least three of five 
goodness-of-fit indices: Chi-square, RMSEA, CFI, TLI, and SRMR (Taasoobshirazi 
& Wang, 2016). Once the structure was confirmed, Cronbach’s alpha was used to 
assess internal consistency, ensuring reliability for the subsequent data collection.

Table 2: Quality of Measurement Instruments.

Variables No α
CFA

χ2 df P-value 
(p>0.05)

RMSEA 
(≤0.06)

CFI
(≥0.95)

TLI 
(≥0.95)

SRMR
(≤0.08)

1. AI-assisted Learning Behavior 14 0.76 81.06 73 0.18 0.04 0.97 0.96 0.06
2. Classroom Participation Behavior 14 0.80 76.94 72 0.13 0.04 0.97 0.96 0.07
3. Self-management in Learning Behavior 14 0.75 73.25 62 0.21 0.03 0.96 0.95 0.05
4. Intrinsic Motivation 12 0.73 75.43 71 0.22 0.04 0.97 0.96 0.05
5. Extrinsic Motivation 12 0.77 65.32 67 0.24 0.04 0.97 0.96 0.06
6. Future-oriented Motivation 12 0.72 68.65 62 0.15 0.03 0.96 0.95 0.06
7. Concentration in Learning 14 0.75 73.94 65 0.16 0.04 0.97 0.96 0.05
8. Distraction Management 14 0.76 71.26 70 0.12 0.05 0.96 0.95 0.07
9. Ethical Use of AI 14 0.72 65.42 64 0.18 0.04 0.96 0.95 0.07
10. Physical Learning Environment 12 0.71 62.53 52 0.17 0.03 0.96 0.96 0.06
11. Social Learning Environment 14 0.73 67.15 63 0.16 0.04 0.96 0.95 0.05
12. Instructional Environment 12 0.78 72.43 59 0.18 0.04 0.97 0.96 0.07
Note: This research emphasizes t-values more than r-values. The criteria for item selection are t ≥ 2.00 and 
r ≥ 0.20, CFA passes 3 out of 5 criteria, especially when the χ2 value is not statistically significant.

5. Results

The analysis of mean scores and standard deviations for the twelve research variables 
(N=874) is presented in Table 3. The mean scores ranged from 50.24 to 63.85, while 
standard deviation ranged from 8.23 to 12.72, indicating a moderate level and appropriate 
response dispersion across the questionnaire. The variable with the highest mean score 
was AI-assisted learning behavior (M = 63.85, SD = 12.72), followed by instructional 
environment (M = 62.29, SD = 8.37) and self-management in learning behavior (M = 
61.59, SD = 11.47). These findings indicate that students demonstrate high levels of 
learning behaviors in the age of AI, particularly in AI technology integration and self-
regulation. In contrast, concentration in learning obtained the lowest mean score (M = 
50.24, SD = 10.91), suggesting that digital distractions may hinder sustained focus for 
some students. The future-oriented motivation (M = 54.98, SD = 8.23) had the lowest 
standard deviation, revealing consistency in students’ perception of long-term learning 
goals. In contrast, higher standard deviations in AI-assisted learning and ethical use of 
AI highlight individual differences in technological proficiency and approach.

The Pearson correlation coefficients (r) indicated significant positive correlations 
among all variables, ranging from moderate to relatively high (r = .31 – .66, p < .01), with 
a few pairs gaining p < .05. This confirms directional relationships among motivation, 
self-regulation, and learning environment. In detail, it appears that AI-assisted learning 
behavior was strongly correlated with self-management in learning behavior (r = .66, 
p < .01) and classroom participation behavior (r = .61, p < .01), and moderately to 
highly correlated with future-oriented motivation (r = .57, p < .01) and social learning 
environment (r = .57, p < .01). These findings indicate that students with strong self-
management, active participation, and supportive learning environments are more 
likely to employ AI tools creatively and effectively.
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Table 3: Means, Standard Deviations, Correlation Coefficients of Various 
Variables in the Total Group (N=874).

Variable Mean SD 1 2 3 4 5 6 7 8 9 10 11 12
1. 63.85 12.72 1
2. 60.26 10.53 .61** 1
3. 61.59 11.47 .66** .62** 1
4. 54.87 8.93 .54** .56** .52** 1
5. 58.43 10.51 .48** .51** .53** .47** 1
6. 54.98 8.23 .57** .54** .64** .49** .56** 1
7. 50.24 10.91 .59** .52** .56** .42** .54** .58** 1
8. 61.53 11.98 .54** .49** .57** .45** .42** .45** .54** 1
9. 59.27 12.53 .58** .43** .53** .58** .53** .54** .56** .53** 1
10. 56.82 9.72 .46** .42** .48** .43** .48** .49** .47** .42** .45** 1
11. 59.35 10.94 .57** .58** .50** .56** .47* .50** .43** .31** .39** .38** 1
12. 62.29 8.37 .59** .58** .55** .49** .40** .41** .44** .36** .42** .40** .46** 1

Note: *p<.05, **p<.01
Variable: 1. AI-assisted Learning Behavior 2. Classroom Participation Behavior 3. Self-management 
in Learning Behavior 4. Intrinsic Motivation 5. Extrinsic Motivation 6. Future-oriented Motivation 7. 
Concentration in Learning 8. Distraction Management 9. Ethical Use of AI 10. Physical Learning 
Environment 11. Social Learning Environment 12. Instructional Environment

The motivation variables were positively correlated with all intentional learning 
behaviors, supporting Hypothesis 1. In particular, future-oriented motivation (Variable 
6) illustrated high correlations with self-management in learning behavior (r = .64, p 
< .01), concentration in learning (r = .58, p < .01), and AI-assisted learning behavior 
(r = .57, p < .01), highlighting that long-term goal-oriented motivation is a significant 
psychological factor fostering self-regulation, determination, and purposeful use of 
learning technologies. Intrinsic and extrinsic motivations showed moderate correlations 
with learning behaviors and environment variables (r = .40 – .56, p < .01), confirming 
that both personal interest and external incentives positively promote students’ learning 
behaviors.

As regards concentration in learning (Variable 7), correlations were moderately 
high with self-management in learning behavior (r = .56, p < .01) and future-oriented 
motivation (r = .58, p < .01), supporting Hypothesis 2. This suggests that students with 
better concentration are more inclined to plan, self-regulate, and use learning technologies 
effectively. Distraction management (Variable 8) displayed moderate correlations with 
most variables (r = .31–.57, p < .01), particularly self-management in learning behavior (r 
= .57, p < .01), revealing learners’ ability to maintain concentration despite distractions.

Ethical use of AI (Variable 9) was moderately to highly correlated with AI-assisted 
learning behavior (r = .58, p < .01), intrinsic motivation (r = .58, p < .01), future-oriented 
motivation (r = .54, p < .01), and self-management in learning behavior (r = .53, p < 
.01). This indicates that highly motivated and self-regulated students are prone to use 
AI responsibly and creatively, adhering to the concept of AI literacy, which integrates 
ethical competence with technology use.

The learning environment variables—physical learning environment (Variable10), 
social learning environment (Variable 11), and instructional environment (Variable12)—
were positively correlated with other variables at moderate to high levels (r = .36 
– .59, p < .01), supporting Hypothesis 3. In particular, the instructional environment 
(variable12) showed high correlations with AI-assisted learning behavior (r = .59, p 
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< .01), classroom participation behavior (r = .58, p < .01), and self-management in 
learning behavior (r = .55, p < .01), reflecting that participatory and technology-assisted 
instructional practices significantly enhance positive learning behaviors. The social 
learning environment (Variable11) was correlated with classroom participation behavior 
(r = .58, p < .01) and intrinsic motivation (r = .56, p < .01), indicating the role of in-class 
social interactions in reinforcing motivation and learning intention.

Overall, the significant positive correlations across all variables, particularly the 
motivation, self-regulation, and learning environment variable groups, underscoring 
their importance in fostering learning intention. Students possessing positive motivation, 
long-term learning goals, concentration in learning, and self-management in learning 
behavior within a technology-enabled learning environment are better positioned to 
utilize AI tool creatively and ethically. This represents a significant trend in the age 
of AI-driven education.

Table 4: The Multiple Regression Results for Predicting AI-assisted Learning 
Behavior using Motivation, Self-regulation, and Classroom Environment as 
Predictors.
Ordinal Group N 1st Predictive Set (1 - 9) AI-assisted Learning Behavior

% Predictor Significant Predictors Beta
1. Total 874 42.50 1, 3, 9, 6, 8 .35, .33, .34, 32, .28
2. Male 307 41.75 3, 1, 2, 9 .39, .31, .28, .26
3. Female 567 40.12 3, 1, 9, 6 .32, .29, .27, .24
4. Year 1 - 2 428 34.14 1, 3, 8, 9, 6 .34, .30, .28, .23, .21
5. Year 3 - 4 446 36.73 1, 3, 9, 8, 6, 5 .42, .41, .38, .32, .21, .20
6. Basic Sciences 148 41.25 3, 1, 6, 9, 8 .42, .39, .37, .29, .28
7. Health Sciences 144 45.37 1, 6, 3, 9, 8 .33, .29, .28, .26, .23
8. Engineering 146 42.13 3, 1, 6, 9, 8 .34, .32, .31, .28, .22
9. Social Sciences 143 37.58 3, 1, 5, 8, 6 .31, .27, .25, .17, .13
10. Humanities 145 36.54 3, 2, 8, 9, 6 .37, .35, .32, .29, .28
11. Education 148 34.12 3, 1, 8, 6, 9 .32, .28, .23, .20, .19

Note: All beta values were statistical significance at 0.05 and had a percentage difference of 5.0% or higher.
Predictors: 1. Intrinsic Motivation 2. Extrinsic Motivation 3. Future-oriented Motivation 4. Concentration 
in Learning 5. Distraction Management 6. Ethical Use of AI 7. Physical Learning Environment 8. Social 
Learning Environment 9. Instructional Environment

For the total sample, the predictor variables explained 42.50% of the variance in 
AI-assisted learning behavior, providing support for Hypothesis 4. The significant 
predictors, in order of influence, were intrinsic motivation (β = .35), instructional 
environment (β = .34), future-oriented motivation (β = .33), ethical use of AI (β = .32), 
and social learning environment (β = .28).

In the subgroup analysis, health science students exhibited the highest explained 
variance (45.37%), with crucial predictors ordered as intrinsic motivation (β = .33), 
ethical use of AI (β = .29), future-oriented motivation (β = .28), instructional environment 
(β = .26), and social environment (β = .23).

For the total sample, the predictor variables accounted for 44.67% of the variance 
in classroom participation behavior, supporting Hypothesis 5. The primary predictors, 
in order of influence, included extrinsic motivation (β = .39), future-oriented motivation 
(β = .36), social learning environment (β = .35), instructional environment (β = .31), 
intrinsic motivation (β = .29), and distraction management (β = .27)



115 Espacio, Tiempo y Educación, v. 13, n. 1, January-June / Enero-junio 2026, pp. 103-124
ISSN: 2340-7263

A Comparative Analysis of Predictors for Intentional Learning Behavior among Undergraduate Students in the Age of AI

Table 5: The Multiple Regression Results for Predicting Classroom Participation 
Behavior using Motivation, Self-regulation, and Classroom Environment as 
Predictors.
Ordinal Group N 2nd Predictive Set (1 - 9) Classroom Participation Behavior

% Predictor Significant Predictors Beta
1. Total 874 44.67 2, 3, 8, 9, 1, 5 .39, .36, .35, 31, .29, .27
2. Male 307 45.84 3, 8, 9, 2, 5 .43, .39, .29, .27, .24
3. Female 567 43.89 3, 9, 4, 8, 2 .41, .38, .31, .28, .26
4. Year 1 - 2 428 39.97 5, 3, 8, 9 .42, .40, .37, .34
5. Year 3 - 4 446 45.43 5, 3, 9, 8 .39, .35, .34, .28
6. Basic Sciences 148 36.84 3, 9, 5, 8, 6, 1 .37, .36, .34, .32, .31, .30
7. Health Sciences 144 37.39 5, 3, 9, 8, 1 .38, .37, .36, .32, .29
8. Engineering 146 36.58 3, 5, 8, 9, 2 .39, .37, .28, .27, .26
9. Social Sciences 143 49.35 3, 9, 5, 8 .36, .35, .33, .30
10. Humanities 145 48.59 3, 8, 5, 1, 9 .38, .34, .32, .27, .25
11. Education 148 47.46 3, 8, 2, 5, 9 .42, .41, .39, .37, .35

Note: All beta values were statistical significance at 0.05 and had a percentage difference of 5.0% or higher.
Predictors: 1. Intrinsic Motivation 2. Extrinsic Motivation 3. Future-oriented Motivation 4. Concentration 
in Learning 5. Distraction Management 6. Ethical Use of AI 7. Physical Learning Environment 8. Social 
Learning Environment 9. Instructional Environment

In the subgroup analysis, social sciences subgroup demonstrated the highest 
explained variance (49.35%), with major predictors ordered as future-oriented motivation 
(β = .36), instructional environment (β = .35), distraction management (β = .33), and 
social learning environment (β = .30).

Table 6: The Multiple Regression Results for Predicting Self-management in 
Learning Behavior using Motivation, Self-regulation, and Classroom Environment 
as Predictors.
Ordinal Group N 3rd Predictive Set (1 - 9) Self-management in Learning Behavior

% Predictor Significant Predictors Beta
1. Total 874 45.35 1, 3, 4, 5, 9 .34, .33, .30, 27, .26
2. Male 307 36.49 1, 5, 4, 3, 8 .33, .32, .29, .27, .25
3. Female 567 42.53 5, 1, 3, 8, 4 .35, .34, .33, .31, .30
4. Year 1 - 2 428 40.98 5, 3, 1, 8 .37, .36, .35, .33
5. Year 3 - 4 446 45.76 1, 3, 5, 8 .38, .35, .32, .29
6. Basic Sciences 148 42.83 3, 1, 5, 4, 9 .38, .36, .35, .34, .33
7. Health Sciences 144 43.44 3, 5, 1, 8, 4 .37, .36, .29, .28, .27
8. Engineering 146 41.69 1, 5, 3, 8, 4 .35, .34, .32, .27, .25
9. Social Sciences 143 39.74 5, 3, 1, 8 .33, .32, .31, .29
10. Humanities 145 37.63 5, 1, 3, 8 .38, .37, .28, .27
11. Education 148 32.85 1, 5, 8, 3 .36, .35, .32, .31

Note: All beta values were statistical significance at 0.05 and had a percentage difference of 5.0% or higher.
Predictors: 1. Intrinsic Motivation 2. Extrinsic Motivation 3. Future-oriented Motivation 4. Concentration 
in Learning 5. Distraction Management 6. Ethical Use of AI 7. Physical Learning Environment 8. Social 
Learning Environment 9. Instructional Environment

For the total sample, the predictor variables predicted 45.35% of the variance in 
self-management in learning behavior, substantiating Hypothesis 6. The key predictors, 
in order of influence, comprised intrinsic motivation (β = .34), future-oriented motivation 
(β = .33), concentration in learning (β = .30), distraction management (β = .27), and 
instructional environment (β = .26).
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In the subgroup analysis, Year 3–4 students revealed the highest explained 
variance (45.76%), with main predictors ordered as intrinsic motivation (β = .38), 
future-oriented motivation (β = .35), distraction management (β = .32), and social 
learning environment (β = .29).

6. Conclusion and Discussion

The findings of this study indicate that motivation, self-regulation, and the classroom 
environment are significant determinants of undergraduate students’ intentional learning 
behavior, encompassing three dimensions: AI-assisted learning behavior, classroom 
participation behavior, and self-management in learning behavior. Results from multiple 
regression analyses revealed that these three groups of variables collectively explained 
a significant portion of variance in learning behavior, particularly in self-management 
in learning behavior, which accounted for the highest explained variance at 45.35%. 
This highlights the dynamic of learning in the age of AI, where learners require intrinsic 
drive, self-regulatory capacity, and a supportive learning environment that supports 
technology-enabled learning (Kamberovic, 2025).

The analysis showed that motivation, self-regulation, and classroom environment 
variables explained 42.50% of variance in AI-assisted learning behavior. This finding 
is consistent with Self-Determination Theory (Deci & Ryan, 2000), which suggests 
that intrinsic motivation and future-oriented goal-directed motivation drive learners to 
engage in meaningful and sustainable learning. Learners driven by intrinsic motivations, 
such as interest in content or awareness of its future relevance of their studies—are 
more likely to utilize AI technologies ethically and creatively. In addition, the results 
align with the AI Literacy Framework (Morandín-Ahuerma, 2024), indicating that ethical 
awareness alongside responsible technology use is an integral part of 21st-century 
learning, particularly among students in health sciences who systematically utilize 
technology in their studies.

The study found that motivation, self-regulation, and classroom environment variables 
accounted for 44.67% of the variance in classroom participation behavior. This indicates 
that participant is fueled both by external incentives, such as peer acceptance and 
positive peer pressure, and by future-oriented motivation, which encourages students 
to perceive the connection between current studies and long-term life goals. Moreover, 
participation is strongly influenced by the social learning environment, aligning with 
Fraser (1998) and Moos and Moos (1978), who underlined that the classroom social 
atmosphere encourages motivation and academic assertiveness. Students who feel 
accepted and maintain positive relationships with peers and instructors are inclined 
to engage more actively in class.

The distraction management ability appeared as a significant predictor, emphasizing 
the role of self-regulation in maintaining concentration. This finding supports Self-
Regulation Theory (Zimmerman, 1989), which assumes that learners who can manage 
distractions and regulate their own behavior signify higher participant and academic 
achievement. Notably, students in the social sciences exhibited the highest explained 
variance (49.35%), likely reflecting the interactive and discussion-oriented nature of their 
discipline, where social factors and extrinsic motivation exercise a stronger influence.

Regression analyses further revealed that motivation, self-regulation, and classroom 
environment variables explained 45.35% of the variance in self-management in learning 
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behavior. This reflects the importance of intrinsic and future-oriented motivation in 
fostering self-regulatory behavior. Learners driven by clear future goals and personal 
interest-driven motivation can effectively manage time, maintain concentration, and 
employ learning strategies efficiently. These findings are aligned with Pintrich (2000) 
and Tohidi and Jabbari (2012), who highlighted that motivation is the essence of 
learning self-regulation. The concentration in learning and distraction management 
were also significant predictors, reflecting behavioral self-control skills that enable 
sustained learning in environments with technological distractions. For third- and 
fourth-year students, who demonstrated the highest explained variance (45.76%), 
this reveals the matured self-regulation resulted from diverse learning experiences 
and future career preparation.

Overall, future-oriented motivation consistently turned up as a prime predictor 
across all three learning behaviors, aligning with Future Time Perspective Theory 
(Husman & Lens, 1999), which asserts that learners who perceive a connection 
between current learning and future outcomes show greater determination and effort. 
Concurrently, self-regulation in concentration, distraction management, and ethical 
use of technology support sustainable learning behaviors. In the age of AI dominance, 
ethical technology use is not merely a moral issue but also a vital competency for lifelong 
learners. In addition, a supportive classroom environment, particularly instructional and 
social learning environments, acts as a systematic enabler, maximizing the impacts 
of motivation and self-regulation, consistent with Learning Ecology Theory, which 
conceptualizes learning as a product derived from interactions among individuals, 
technology, and social context.

These findings have significant implications for learning development in the age 
of AI, confirming that “technology alone is not sufficient to enhance learning without 
learners’ motivation and self-regulation.” Promoting learning intention requires both 
the psychological dimension (mindset) and the social dimension (learning climate). 
Higher education institutions are required to foster a learning culture that emphasizes 
ethical responsibility in AI use alongside long-term motivational strategies, enabling 
learners to transcend mere knowledge acquisition, transforming it into the capabilities 
to utilize technology for sustained personal and societal development.

7. Recommendations

This study highlights the significant role of motivation, self-regulation, and learning 
environment in undergraduate students’ intentional learning behaviors in the age of 
AI, particularly in AI-assisted learning behavior, classroom participation behavior, and 
self-management in learning behavior —vital 21st-century skills (Sakdapat et al., 2025). 
Based on the findings, policy and practice recommendations are proposed as follows:

1) Institutional Policy Recommendations
1.1. Formulate an ethical Generative AI policy: The study identified ethical AI use 

as a main predictor of intentional learning behavior. Clear guidelines regarding 
permissible AI use, referencing methods, transparency in reporting AI-assisted 
work, and the role of AI in academic tasks should be established. Such policies 
should be widely disseminated and integrated into learning evaluation to raise 
awareness of academic responsibility and prevent overreliance on AI.
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1.2 Develop AI literacy programs: Given the prominence of AI-assisted learning, AI 
literacy courses or modules covering foundational AI knowledge, effective educational 
applications, analytical evaluation of AI outputs, and ethical competencies—to 
cultivate knowledgeable and critical AI users should be offered.

1.3. Design hybrid learning environments: The study highlighted the importance of 
instructional and social learning environments in promoting classroom participation. 
Hybrid learning spaces—combining on-campus and online learning, such as active 
learning classroom, digital classroom, online learning platforms—to enhance 
collaborative group activities, analytical thinking, social connections, and sense 
of classroom belonging should be created.

2) Instructor-focused recommendations
2.1. Adopt active learning to mitigate cognitive offloading: Since some students exhibited 

low concentration caused by overreliance on AI, instructors should employ strategies 
to stimulate analytical thinking, such as case studies, open-ended questioning, in-
depth discussions, and requiring students to explain reasoning or thinking process 
before using AI. These strategies prevent students from cognitive offloading and 
maintain learning concentration.

2.2. Deliver timely and high-quality feedback: Due to variability in self-management 
and AI-assisted leaning behaviors, instructors should provide quality guidance that 
guides self-regulation, such as providing detailed feedbacks, highlighting areas for 
improvement, and recommending appropriate AI use. Consistent feedback refines 
students’ learning behaviors and enhances academic accountability.

2.3. Integrate future-oriented motivational activities: Since future-oriented motivation 
was the strongest predictor across behaviors, instructors should connect class 
content to real-world career pathways through expert talks, career skill-linked 
assignments, and student-created career roadmaps. These integrations raise 
students’ awareness of future-relevant learning.

3) Learner-focused recommendations
3.1. Develop self-regulation and focus skills: Given the low concentration mean score, 

students should adopt strategies, such as Pomodoro Technique, distraction-free 
spaces, weekly goal-setting, and learning journals to enhance concentration and 
reduce dependency on AI.

3.2. Use AI as a supportive tool, not a shortcut: Students should treat AI as a co-
thinking partner rather than a task completer, employing it to generate questions, 
analyze options, and provide additional perspectives, fostering deeper learning 
and critical thinking.

4) Recommendations for future research and educational systems
4.1. Develop AI usage tracking systems: Systems should be developed to monitor 

students’ AI use each semester, allowing institutions to identify AI use patterns 
and provide guidance for those at risk of AI overreliance.

4.2. Design discipline-specific learning support activities: Since different disciplines 
exhibited varied predictor patterns, interventions should be tailored to specific 
disciplines, for example, emphasizing AI ethics and analytical thinking in health 
sciences, discussion and social engagement and social learning environment in 
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social sciences, and systematic problem-solving with AI in engineering—to enhance 
the effectiveness of learning support programs.

8. Limitations

This study has several limitations that should be considered when interpreting and 
applying the results in other contexts as follows:
1.	 Linear analysis constraints: Although standard statistical techniques, including 

multiple regression, were employed, linear analysis may not completely capture 
the complex non-linear interactions among variables, such as interactions between 
intrinsic motivation and social learning environment or indirect effects of AI use on 
cognition. Mixed-methods research is recommended for a more comprehensive 
understanding.

2.	 Scope of variables: This study focused on three predictor groups—motivation, self-
regulation, and learning environment—which are critical for academic engagement. 
However, other additional factors, such as digital literacy, technology experience, 
and peer and family influences, including attitudes toward AI, were not included 
but may also impact learning behaviors in the age of AI.
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