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Tém tit:

Trude ddy, gido duc truyén thong lay con nguoi lam trung tAm trong qua trinh tao

sinh tri thire. Nguoi hoc str dung kha ning tur duy ciia minh phat trién tri thirc méi. Tuy
nhién, v4i sy bung nd cua Tri tué Nhan tao Tao sinh (Generative Al), trat tu ngay nay da
c6 su thay ddi. Piéu nay dan dén mot cau hoi 16n trong gido duc dai hoc: Liéu tri tu¢ nhan
tao c6 thé thay thé tu duy clia con ngudi? Va lam thé nao dé nguoi hoc gin giir tinh chu
thé trong tri tué y? Di sau vao giai quyét cau hoi nay, nghién ctru phan tich tac dong ctia
niém tin nang luc ban than (self-efficacy) va siéu nhan thirc (metacognition) dén két qua
hoc tap cua sinh vién khi sir dung AI. Nghién ctru da thu thap dix liéu 302 sinh vién tai TP.
Ho6 Chi Minh va sir dung mé hinh ciu tric tuyén tinh timg phan (PLS-SEM). Két qua cho
théy niém tin nang lyc ban than, siu nhan thic va tuong tac voi Al déu c6 do tin cay va
do gia tri cao (CR dat 0.70 va AVE dat 0.50). BPang cht y, tuong quan cao (0.861) gitra
twong tac Al va két qua hoc tap phan dnh nguy co ngd nhan giita thanh thao cong cu voi
viéc lam chil kién thirc. Py 1a co s& dé cac nghién ctru trong twong lai tiép tuc kham pha
cac giai phap nham bao vé nudi dudng ning lyc tu duy ciia ngudi hoc trong thoi dai
GenAlL
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THE IMPACT OF SELF-EFFICACY AND METACOGNITION ON
LEARNING OUTCOMES: THE MEDIATING ROLE OF AI INTERACTION

Abstract:

Conventionally, the form of education has placed human intellectuals on the centre
stage of knowledge formation. It was accepted that only learners were able to use their
minds in order to create or advance knowledge. The reversal of that hierarchy occurred
with the introduction of Generative Artificial Intelligence (GenAl). So, the big question
is: is it possible to substitute human thinking with AI? And what about defending the
critical thinking ability of students when an Al continues to encroach on the role of the
intelligent person? These research questions guide our study of the influence of self-
efficacy and metacognition on the achievement of students in Al-intensive learning
environments. In this research, we gathered data from 302 undergrads in Ho Chi Minh
City, and performed PLS -SEM. The findings demonstrate that the constructs of self-
efficacy, metacognition, and Al interaction are strong in nature; CRs of 0.70 and AVEs
of 0.50 demonstrate that they are trustworthy and valid. It is important to note that Al
interaction has a strong relationship with the perceived learning (0.861), thus there is the
likelihood that students are baffled by the way Al tactics can be effectively applied. This
leaves us with good empirical ground to explore, in further research, how to safeguard and
nurture the cognitive capacity of the learners in the GenAl age.

Keywords: Generative Al, academic self-efficacy, higher education, metacognition,
perceived learning.

1. Introduction

Hence, greater education has been constructed on the notion that it is only humans who
construct knowledge (Bandura, 2001). Learning would imply there is indeed deep thought
involved, but with a generative Al, it is more than a tool. It is rather similar to a system that
attempts to imitate the way humans learn and develop knowledge. GenAl systems are capable
of creating knowledge like humans. That is what makes us ask: is the material Al generates
true knowledge or a smooth-caliber simulation? As a matter of fact, the greatest difficulty is
not merely connecting technology, but ensuring that we, as the learners, continue to hone our
brains. To achieve that, we require internal competencies such as academic self-efficacy and
metacognition to improve interrelating with GenAl.

To demonstrate that the hypothesis has a cause and a consequence, we should see that
these notions are in fact distinct. It is the reason why this paper is all about establishing a sound
measurement foundation. Based on the responses of 302 undergraduates in Ho Chi Minh City,
the researcher will: (i) demonstrate that the entire structural system is grounded on sound and
valid psychometric measures; (ii) demonstrate that meta-cognitive monitoring is distinct, not
identical to a metacognitive knowledge; and (iii) provide future research with an empirical
evidence to determine how to minimize that illusion of competence when incorporating Al.

The remainder of this paper is structured as follows: Section 2 establishes the theoretical
framework; Section 3 details the measurement validation approach; and Section 4 and 5 present
the empirical results and their implications for sustainable Al adoption.

2. Literature Review
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2.1. Key concepts and theoretical background
2.1.1. Self-efficacy

Self-efficacy reflects learners’ beliefs about their capability to perform academic tasks and
manage learning demands. Within self-regulated learning (thereafter called SRL), self-efficacy
is a key motivational belief that shapes goal commitment, effort, persistence (Pintrich, 1999;
Schunk & Zimmerman, 2008). Empirically, academic self-efficacy is associated with greater
use of metacognitive learning strategies and improved performance, including in online
settings (Hayat & Shateri, 2019; Yokoyama, 2024).

2.1.2. Metacognition

Metacognition is the awareness and regulation of one’s thinking through planning,
monitoring, and evaluation (Flavell, 1979; Brown, 1987). A central distinction separates
metacognitive knowledge from metacognitive monitoring (Flavell, 1987; Schraw & Moshman,
1995).

Metacognitive knowledge enables intentional strategy selection and justification (Schraw,
1998; Schraw et al., 2006). In Al contexts, metacognitive knowledge plausibly extends to
knowledge of Al affordances and limits and conditional knowledge about effective Al use
(Xiao et al., 2025; Zhai et al., 2025).

Metacognitive monitoring refers to ongoing assessment of comprehension, confidence,
and progress; it is expressed through metacognitive judgments like confidence and judgments
of learning (Flavell, 1979; Schraw, 2009). When monitoring weakens in Al-mediated learning,
learners are more vulnerable to overreliance and degraded learning processes (Buginca et al.,
2021; Klingbeil et al., 2024; Fan et al., 2024).

Taken together, metacognitive knowledge provides the repertoire and conditional rules for
choosing strategies, whereas metacognitive monitoring provides the moment-to-moment
calibration that determines whether strategies should be maintained, adapted, or abandoned.

Figure 1 synthesizes the literature review’s claim that metacognition (knowledge +
monitoring) enables calibrated GenAl wuse: learners plan prompts/strategies using
metacognitive knowledge and verify Al outputs through monitoring to adjust reliance toward
task goals (Flavell, 1987; Schraw & Moshman, 1995; Buginca et al., 2021).

Metacognitive knowledge Plan /select Metacqgnitive.mon'\toring
(when & how to learn) (conﬁdence,J.udgment,
checking)
Feedback:
update Monitor /
beliefs & control
strategies

Al interaction
———— (prompt —» interpret —»
Use / apply verify—» integrate)

Learning outcome
(performance & competence)
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Figure 1. Al-assisted metacognitive calibration cycle (conceptual synthesis).

Source: The Author (2026).

2.1.3. The impact of Al interaction quality on learning outcomes

In Al-assisted contexts, these components jointly shape when learners consult Al, how
they formulate prompts, and how rigorously they scrutinize and integrate Al responses.
Accordingly, Al interaction quality can be understood as a behavioral manifestation of
metacognitive regulation in a hybrid human-Al learning environment (Buginca et al., 2021;
Fan et al., 2024; Zhai et al., 2025).

This study quantifies Al interaction quality as how well learners prompt, interpret, and
verifies Al help. This definition emphasizes quality over mere frequency of use. Users may
“trust rather than think” when AI makes decisions feel easy (Buginca et al., 2021), and
overreliance can impose performance costs when Al is wrong (Klingbeil et al., 2024). In
education, generative Al may induce “metacognitive laziness” if essential thinking is
outsourced (Fan et al., 2024), whereas structured Al use that elicits reflection can support
learning (Zhai et al., 2025). With Al increasingly embedded in learning, outcomes depend on
whether Al usage sustains metacognitive engagement or replaces it via offloading (Buginca et
al., 2021; Fan et al., 2024; Zhai et al., 2025).

Figure 2 illustrates the monitoring-reliance boundary highlighted in the preceding
paragraphs: strong monitoring supports selective reliance via verification, whereas weak
monitoring paired with high reliance risks adopting fluent but incorrect Al outputs (Klingbeil
et al., 2024).

High monitoring
High reliance

High monitoring
Low reliance

Independent
» Self-driven solving
* Selective Al use

Calibrated augmentation
« Verify & select
s Use Al as scaffold

Low monitoring
High reliance
Overreliance
* Delusion of self-

Low monitoring
Low reliance
Underuse / missed support
* Slower progress
e Unused feedback

Metacognitive monitoring

competence
* Error propagation

Al reliance / offloading

Figure 2. When Al helps vs hurts: monitoring x reliance (conceptual synthesis).
Source: Authors’ synthesis based on Klingbeil et al. (2024).
2.2. Theoretical Framework
2.2.1. Social Cognitive Theory (SCT)

This study is theoretically grounded in Social Cognitive Theory (SCT) (Bandura, 1986,
1997), which conceptualizes learning as the result of reciprocal interactions among personal
factors, behaviors, and environmental conditions. Self-efficacy is a key belief shaping effort,
persistence, and strategy selection (Bandura, 1997). SCT posits that self-efficacy functions as
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a key personal antecedent that activates metacognitive processes, including knowledge of
learning strategies and ongoing monitoring of task performance (Schunk & DiBenedetto,
2020).

Personal
Factor

Knowledge
* Goal
* Self-Efficacy

Behavioral
Factor

Environmental
Factor

* Social Support * Outcome expectations
Figure 3. The social cognitive theory and the interaction factors.
Source: Schunk and DiBenedetto (2020).
2.2.2. Zimmerman’s Cyclical Model of SRL

This study adopts Zimmerman’s (2000) cyclical model of self-regulated learning to
explain the procedural mechanism underlying students’ interaction with Al. Academic self-
efficacy is positioned within the Forethought phase as a key motivational antecedent that
initiates regulatory processes (Zimmerman, 2002). In this paper, metacognitive awareness and
monitoring represent self-observation, while adaptive Al interaction is conceptualized as a
form of environmental self-control. The quality of these performance-phase processes
ultimately determines learning outcomes, which constitute the output of the SRL cycle.

Performance Phase

Self-Controf
Imagery
Self-instruction
Attention focusing
Task strategies

Self-Observation
Self-recording
Self-experimentation

o

Forethought Phase | Self-Reflection Phase |

Task Analysis
Goal setting
Strategic planning

Self-Judgment
Self-evaluation
Causal attribution

Self-Motivation Beliefs

Self-Reaction

Self-satisfaction/affect
Adaptive/defensive

Self-efficacy
QOutcome expectations
Intrinsic interest/value

Learning goal orientation

Figure 4. Zimmerman's cyclical phases of self-regulated learning.
Source: Zimmerman (2000).
2.2.3. The structure of Metacognition

Inspired by the influential contributions of Flavell (1979) and Schraw and Dennison
(1994), the current research presents the conceptualization of metacognition as a
multidimensional variable, that is, having two constituents: Knowledge of Cognition and
Regulation of Cognition. Metacognitive awareness, depicted as Knowledge of Cognition,
involves declarative and conditional knowledge of learners about strategies and task
requirements. Cognition Regulation, which is also referred to as Metacognitive Monitoring,
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refers to the dynamic executive processes that help to monitor and observe learning during

performance.

2.2.4. Hybrid Human-AI Regulation

In order to capture the complexity of the concept of Al-supported learning, this work uses
adaptive Al interactions as part of Hybrid Human-AI Regulation (HHAIR; Molenaar, 2022).
The Al provides adaptive scaffolding, such as feedback and reflection cues, and the learners

are able to self-regulate using metacognitive reasoning in this hybrid regulatory loop.
3. Research Methodology
3.1. Hypothesis Development and Proposed Research Model

Self-efficacy

Metacognitive
Monitoring

Metacognitive
Knowledge

Figure 5. Proposed research model
Sources: The Author (2026)
The proposed model frames learning in the GenAl era as a flow from internal motivation

Alinteraction

H5

L.{ Learning outcome

H6

to perceived outcomes. Central to this is Academic Self-Efficacy, the key antecedent driving

learner agency. Crucially, Al Interaction is treated not as a technical skill but as a behavioral

outcome of metacognition. We posit that adaptive GenAl interaction stems from strong

metacognitive monitoring and knowledge. Consequently, the framework proposes a dual

pathway to Learning Outcomes: a direct influence from metacognitive engagement and an

indirect one mediated by Al interaction. This structure captures the dynamics of hybrid human-

Al regulation, where internal regulation guides external algorithmic support.

To operationalize these structural relationships for empirical testing, specific paths were

identified based on prior literature. Table 1 synthesizes these study hypotheses and their

theoretical rationale, aligned with the proposed research model.

Table 1. Proposed hypotheses and structural paths
Sources: The Author (2026)

Hypothesis Structural path Key theoretical backing
Selfeff; cacy N Hayat & Shateri, 2019; Halmo et
H1 M . o al., 2024; Schunk & DiBenedetto,
etacognitive monitoring 2020
o Self—efficacy - Schraw et al., 2006; Rahimi &
Metacognitive knowledge Abedi, 2014
H3 Metacognitive monitoring Buginca et al., 2021;
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Hypothesis Structural path Key theoretical backing

— Al interaction Klingbeil et al., 2024

Metacognitive knowledge —

H4 ) ) Xiao et al., 2025
Al interaction

s Metacognitive  monitoring Thiede et al., 2003; Dignath et
— Learning outcome al., 2023; Fan et al., 2024

He Metacognitive knowledge — Coutinho & Neuman, 2008;
Learning outcome Teng & Yang, 2023

7 Al interaction — Learning Fernandes et al., 2026; Zhai et
outcomes al., 2025

3.2. Sampling and Data Collection

In order to experimentally examine the connections between self-efficacy, self-regulated
learning, Al interaction, and learning outcomes, this study used a quantitative research
approach.

The target population comprised undergraduate students currently enrolled in universities
across Ho Chi Minh City, Vietnam. To ensure the relevance of the study to the research context,
specific inclusion criteria were established: participants were required to be undergraduates
ranging from their first to fourth academic year and must actively utilize Generative Al
chatbots- specifically platforms such as ChatGPT, Gemini, or Grok - to support their academic
performance.

A minimum sample size of 302 respondents was targeted to ensure sufficient statistical
power for data analysis. The data collection process was administered electronically; a
structured questionnaire hosted on Google Forms was distributed to prospective participants
via institutional email channels, ensuring a streamlined and accessible approach to gathering
responses from the target demographic.

3.3. Measurement Scales

3.3.1. Self-Efficacy

To assess the antecedent variable of the research model, Academic Self-Efficacy was
measured using a scale adapted from established instruments in educational psychology
(Schwarzer, R., & Jerusalem, M., 1995). This concept is defined as students' confidence in their
capacity to organize and execute the tasks required to meet predetermined academic goals. The
scale consisted of 9 items designed to evaluate the respondents' confidence in mastering
complex course materials and their persistence when facing academic challenges.

Participants rated the items on a Likert scale of 5-point (from 1 = Strongly Disagree to 5
= Strongly Agree), where higher scores indicate a greater sense of academic agency.

3.3.2. Metacognition
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Metacognitive Knowledge and Metacognitive Monitoring were both measured on a 9-item
scale derived on the basis of the highly scaled Metacognitive Awareness Inventory (MAI) by
Schraw and Dennison (1994). This framework was chosen as it has strong abilities to measure
declarative, procedural, and conditional knowledge of learners in relation to their cognitive
processes. Also, it has been found to be reliable in eliciting the necessary regulatory processes,
such as planning, information management, and self-monitoring, in the process of learning
activities. By means of the use of this classic scale, the active control of cognitive processes by
the students can be determined accurately. Through the established theoretical basis, the study
will be able to conduct a rigorous assessment of the way students perceive their learning
strategies. Everything was determined by having responses on a 5-point Likert scale (from 1 =
Strongly Disagree to 5 = Strongly Agree).

3.3.3. Al Interaction

To assess the quality and depth of student engagement with Generative Al, this study
utilized a scale adapted from the HAII-capability assessment rubrics (Feiming Li et al, 2025).
The original performance-based descriptors were converted into a self-report instrument
measured on a 5-point Likert scale (from 1 = Strongly Disagree to 5 = Strongly Agree).

This adaptation rigorously preserved the rubric's core conceptual indicators, ensuring the
instrument accurately captures sophisticated prompting strategies, critical evaluation of Al
outputs, and the active integration of information, rather than simply measuring the frequency
of usage.

3.3.4. Learning QOutcomes

In this study, learning outcomes are operationalized as Perceived Learning, defined as the
students' self-assessment of their cognitive and affective development. We adopted and
modified the Cognitive, Affective, and Psychomotor (thereafter called CAP) Perceived
Learning Scale developed by Roandi et al. (2009). The use of a self-report measure is justified
by Richmond et al. (1987) and Roandi et al. (2009)., suggesting that adult learners can
accurately estimate their learning progress, whereas traditional grades may lack consistency
across different instructors and fail to capture the multidimensional impact of technological
interaction.

While the original CAP scale comprises three domains: Cognitive, Affective, and
Psychomotor, this study focuses specifically on the Cognitive and Affective domains to align
with the context of Al-assisted learning (excluding the Psychomotor domain, which pertains to
physical skills).

The scale consists of 5 items. The wording of original items from Roandi et al. (2009) was
slightly modified to specifically refer to the "use of Al tools" during their academic
performance. All items are measured using a 5-point Likert scale.

3.4. Analytical Approach

The given research is an empirical test of the proposed research model and assumptions
carried out with the help of the Partial Least Squares Structural Equation Modeling (PLS-SEM)
based on SmartPLS 4 software. PLS-SEM is selected for its suitability in exploratory research,
its robustness in handling non-normal data distributions, and its superior capability in analyzing
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complex models involving mediating variables (Hair et al., 2018). The data analysis follows
the standard two-stage analytical procedure recommended by Hair et al. (2021).

The first step was focused on evaluating the measurement model in order to test the validity
and reliability of the latent constructs. This involved a measure of convergent validity (Average
Variance Extracted - AVE), internal consistency reliability, and indicator reliability (outer
loadings). Furthermore, discriminant validity was rigorously examined using the Heterotrait-
Monotrait (HTMT) ratio, which is considered a superior metric for detecting lack of
discriminant validity compared to traditional criteria. While the ultimate goal is to assess
structural paths, this working paper prioritizes the rigorous validation of the measurement
instruments as a prerequisite for future structural hypothesis testing.

4. Results & Discussion

4.1. Descriptive Statistics

The empirical test is made on 302 valid observations, which are gathered to test the
suggested relations between Self-Efficacy (SE), Metacognitive Knowledge (MK),
Metacognitive Monitoring (MM), Al Interaction (Al), and Learning Outcomes (LO). The
sample size is larger than recommended levels of PLS-SEM, especially when the model has
various constructs and indicators, thus making the successive analyses robust and reliable (Hair
etal., 2019). The measurement model consists of 45 reflective indicators, which offer sufficient
and broad coverage of every latent construct.

Table 2. Descriptive statistics of observed variables

Sources: The Author (2026)

Name Mean Median St.an.dard
deviation
SE1 3.877 4.000 0.485
SE2 3.609 4.000 0.944
SE3 3.642 4.000 0.807
SE4 3.695 4.000 0.945
SES 3.937 4.000 0.965
SE6 3.745 4.000 0.935
SE7 3.831 4.000 0.865
SE8 3.987 4.000 0.898
SE9 3.831 4.000 0.892
MK1 3.957 4.000 0.814
MK2 3.821 4.000 0.918
MK3 3.775 4.000 0.866
MK4 3.616 4.000 0.939
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Name Mean Median Si:aln.dard
deviation
MKS 3.993 4.000 0.936
MK6 3.917 4.000 0.996
MK?7 3.801 4.000 0.876
MKS8 3.781 4.000 0912
MK9 3.848 4.000 0.932
MM1 3.821 4.000 0.902
MM2 3.884 4.000 0.965
MM3 3.99 4.000 0.957
MM4 3.99 4.000 0.933
MMS5 4.01 4.000 0.893
MM6 3.858 4.000 0.915
MM?7 3.699 4.000 0.901
MMS8 3.891 4.000 0.968
MM9 3.808 4.000 1.038
All 4.162 4.000 0.934
Al2 3.96 4.000 0.936
Al3 3.993 4.000 0.824
Al4 4.189 4.000 0.905
AlS 4.142 4.000 0.903
Al6 3.944 4.000 0.834
Al7 4.205 4.000 0.832
AlS8 4.01 4.000 0.892
Al9 4.093 4.000 0.804
AIl10 3.964 4.000 0.844
Alll 3.93 4.000 0.845
LO1 4.02 4.000 0.874
LO2 3.626 4.000 0.853
LO3 4.026 4.000 0.876
LO4 4.046 4.000 1.018
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t
Name Mean Median S .an.dard
deviation
LOS 3.887 4.000 0.789

The descriptive findings present high levels of agreement with all constructs, and the mean
scores are primarily above 3.6, and the median value is always 4. This trend indicates positive
perceptions of respondents towards the constructs of Self-Efficacy (SE), Metacognitive
Knowledge (MK), Metacognitive Monitoring (MM), Al Interaction (Al), as well as Learning
Outcomes (LO). Moderate standard deviations and balanced mean-median distances imply
relatively symmetric distributions and adequate variability, further supporting the quality of
data used in reflective modeling (Hair et al., 2019).

Based on data given in Table 2, Al Interaction has the highest mean scores (around 3.96 -
4.21) with slightly lower standard deviationsTable 2, Al Interaction has the highest mean scores
(around 3.96 - 4.21) with slightly lower standard deviations. This shows high central tendency
as well as consistent response patterns. This result indicates that experience with Al systems is
not only perceived well, but also constant among the respondents, which qualifies it as an
important substance in the Model under discussion.

After the descriptive analysis, the measurement model is evaluated on the PLS-SEM
framework to determine the reliability of the indicators as well as construct validity, and then
test the structural relations.

4.2. Measurement Model Assessment
4.2.1. Indicator Reliability
Table 3. Outer loadings of measurement items
Sources: The Author (2026)

Al LO MK MM SE

LO1 0.763

LO2 0.730

LO3 0.786

LO4 0.755

LOS 0.770

MK1 0.662

MK2 0.736

MK3 0.723

MK4 0.688

MKS 0.657

MK6 0.747

MK?7 0.746

MKS 0.718

MK9 0.738

MM1 0.669
MM2 0.664
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Al LO MK MM SE

MM3 0.733

MM4 0.708

MMS5 0.709

MMé6 0.766

MM7 0.725

MMS8 0.649

MM9 0.762

SE1 0.640

SE2 0.703

SE3 0.762

SE4 0.766

SES 0.634

SE6 0.684

SE7 0.709

SE8 0.713

SE9 0.755

All 0.717

All0 0.741

Alll 0.686

Al2 0.673

Al3 0.664

Al4 0.776

AlIS 0.730

Al6 0.706

Al7 0.669

AlI8 0.748

Al9 0.748

The reliability of the indicators was determined by means of standardized outer loading to
establish the degree to which each indicator is related to the constructs. Most of the indicators,
as indicated in Table 3, showed an outer loading greater than the recommended value of 0.70.
This establishes the fact that the latent constructs account for more than half of the variation in
their indicators. Even though a few items exhibiting loading that were a bit below this value
were retained, they were of great theoretical significance to the constructs of self-efficacy and
metacognitive knowledge, and they did not affect the overall construct reliability.

4.2.2. Internal Consistency, Reliability, and Convergent Validity

Internal consistency reliability was assessed using Consistent Reliability, while Average

Variance Extracted (AVE) was used to evaluate convergent validity.
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Consistency reliability (rho_a)

0.92 0.905

0.9
088 0.881 0.876
0.86
0.84

0.819

0.82

0.8
0.78
0.76

Figure 6. Consistent reliability values of the measurement model

Source: The Author (2026)

The results in Figure 6 indicate that all constructs demonstrate satisfactory internal
consistency reliability (rho_a) since it is often recommended in PLS-SEM as it provides a more
precise reliability estimate compared to Cronbach's alpha and traditional Composite Reliability
(Hair et al., 2019). To be more detailed, Dijkstra-Henseler’s consistency reliability (tho a)
values range from 0.819 to 0.905, exceeding the recommended threshold of 0.70. These
findings suggest that the indicators consistently measure their respective latent constructs.

Average variance extracted (AVE)

0.6

0.579
0.58

0.56
0.54

0.52 0.511 0.509 0.505 0.503

05
0.48 I
0.46
Figure 7. Average variance extracted (AVE) values of the measurement model
Source: The Author (2026)
The results of convergent validity are also supported by the results of the Average Variance
Extracted (AVE), where all constructs can be seen to report AVEs that are well above the
minimum criterion of 0.50, as shown in Figure 7. It means that both constructs can account for

the greater part of the variance of indicators, and there is sufficient convergence. The AVE of
Learning Outcomes (LO) is relatively high (0.579), which is why this construct is specifically
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well represented by the indicators, and the other constructs also have a high level of

methodological consistency (Fornell and Larcker, 1981; Hair et al., 2021).
4.2.3. Discriminant Validity

Discriminant validity was examined using the Heterotrait—Monotrait ratio (HTMT), which
has been recommended as a more rigorous criterion than traditional methods such as the Fornell

Larcker criterion (Henseler et al., 2015).

Table 4. Heterotrait-Monotrait Ratio of Correlations

Source: The Author (2026)

Al LO MK MM SE
Al
LO 0.864
MK 0.679 0.825
MM 0.700 0.733 0.819
SE 0.560 0.691 0.740 0.671

Table 4 shows the Heterotrait-Monotrait ratio of the correlations between all the construct
pairs, and this is the last and the most stringent criterion to evaluate the discriminant validity.
The findings are meaningful: the ratios are mostly below the conservative figure of 0.85. To be
more specific, although the HTMT value for Al Interaction (0.864) marginally exceeds the
conservative 0.85 benchmark, it remains well within the acceptable upper limit of 0.90
(Henseler et al., 2015), thereby preserving discriminant validity. These findings suggest that
Self-Efficacy (SE), Metacognition Knowledge (MK), Metacognition Monitoring (MM), and
Al Interaction (Al) are unique entities. It establishes the fact that the respondents are able to
distinguish between their personal abilities and their engagement with the use of Al tools,
which proves the structural soundness of the given model.

4.3. Summary of Measurement Model Findings

In summary, the measurement model was found to possess strong psychometric
characteristics. The constructs all meet the suggested levels of internal consistency reliability,
which are represented by Dijkstra-Henseler’s rho values of more than 0.70. Convergent validity
is observed by having the Average Variance Extracted (AVE) values being above the minimum
value of 0.50, which is the acceptable minimum aspect in ensuring that the indicators
effectively measure their respective underlying latent constructs.

Besides, the Heterotrait-Monotrait Ratio (HTMT) results also argue in favor of
discriminant validity, and the almost inter-construct correlations are less than the conservative
value of 0.85. It was important to note that Al Interaction proves to be a valid, empirically
discrete construct, characterized by high internal consistency and distinct discriminant validity
with respect to cognitive, metacognitive, and outcome-related constructs. All these results hold
to prove that the measurement tool is methodologically sound and can be used to study the
contributions of both self-efficacy and Al interaction into the learning scenarios of higher
education settings.

4.4. Positioning of the Results within the Research Scope
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It is worth pointing out that, since this working paper is rather exploratory, the analysis is
confined solely on measurement validation. This meant that at this point, the structural
relationships, which are the direct and mediating effects between the latent constructs, were
not statistically tested. The main input of this section is that a good and sound measurement
model is developed. This is one of the mandatory conditions, which will guarantee that the
structural models analysis in the future will be conducted on the grounds of the correct and
consistent depiction of the latent constructs.

5. Conclusion

Several limitations should temper interpretation. First, although the study targeted 400
responses for power, the final analytic sample was 302; this may be adequate for exploratory
PLS-SEM measurement validation, but stronger structural inference - especially sequential
mediation - would benefit from larger samples and robustness checks. Second, generalizability
is limited to undergraduates in Ho Chi Minh City who actively use GenAl chatbots for
academic purposes; replication across regions, disciplines, and assessment cultures is needed,
given differences in Al-use norms and academic integrity policies. Third, self-report outcomes
may overstate learning because fluency and convenience can inflate perceived gains; future
work should triangulate with objective performance and behavioral traces, including
calibration measures linking confidence to correctness (Schraw, 2009). Finally, replicability
would improve by clarifying instrument documentation, including item selection, adaptation,
and any shortening procedures.

Yet a provocative question remains: could strategically omitting GenAl interaction - at
least at key moments of planning, self-testing, and verification - yield deeper metacognitive
engagement and more accurate calibration? This working paper motivates the next phase of
research. Building on this validated instrument set, the forthcoming full scientific study will
test the structural pathways with bootstrapped indirect effects, incorporate objective
performance and calibration measures, and compare learning conditions with and without Al
assistance to identify when AI support strengthens learning versus when it attenuates
metacognitive agency (Buginca et al., 2021; Fan et al., 2024; Klingbeil et al., 2024). Ultimately,
this agenda shifts the field from optimizing Al-assisted outputs to safeguarding human
intellectual agency in an era where GenAl prevails.
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