SCIENTIFIC CULTURE, Vol. 12, No. 4, (2026), pp. 5863-5878 |
Eﬁi#rulﬂg ’ gpen Access. lg:lline & Print m

www.sci-cult.com

DOI: 10.5281/zenodo.12426617

AN AI-ENABLED INTELLIGENT ASSESSMENT
FRAMEWORK INTEGRATED WITH THE GCC MODEL:
EMPIRICAL EVALUATION IN HEALTHCARE
EDUCATION

Fan Cheng!, Thosporn Sangsawang?*

1Vocational Education Division, Faculty of Technical Education, Rajamangala University of Technology
Thanyaburi, Pathum Thani, 12110, Thailand.
2Educational Technology and Communications Division, Faculty of Technical Education, Rajamangala
University of Technology Thanyaburi, Pathum Thani, 12110, Thailand.

Received: 28/12/2025 Corresponding author: Thosporn Sangsawang
Accepted: 25/03/2026 (sthosporn@rmutt.ac.th)
ABSTRACT

The growing use of artificial intelligence in educational assessment has intensified debate about its actual
contribution to student learning, particularly in practice-oriented fields such as healthcare education. While
intelligent assessment systems are often promoted for their potential to improve objectivity and scalability,
empirical evidence on how they influence learning outcomes (LO) and under what conditions they are most
effective remains limited. In particular, the role of learner preparedness for digital technologies has received
insufficient attention. This study examines the effect of Al-enabled intelligent assessment (AIDA) on student
LO and investigates whether digital readiness (DR) conditions this relationship. A quantitative research design
was employed, using a structured questionnaire administered to first-year university students enrolled in a
healthcare education program. Data were analysed using partial least squares structural equation modelling to
assess both direct and moderating effects. The findings indicate that AIDA is statistically significantly related
to LO (B = -0.18, p = 0.03). DR also shows a significant direct association with LO (f = -0.24, p < 0.01). In
addition, DR significantly moderates the relationship between intelligent assessment and LO (§ = -0.16, p =
0.05), suggesting that the effectiveness of AIDA varies according to students’ readiness to engage with digital
technologies. The proposed model explains 11 percent of the variance in LO. These results contribute to
educational informatics research by demonstrating that the impact of intelligent assessment systems on learning
is heterogeneous and depends on learner-related factors. From a practical perspective, the findings suggest that
institutions adopting AIDA should combine technological implementation with targeted efforts to strengthen
students’ DR to enhance LO in healthcare education.

KEYWORDS: Al-Enabled Intelligent Assessment, digital readiness, learning outcomes, healthcare education,
educational informatics, structural equation modelling

Copyright: © 2026. This is an open-access article distributed under the terms of the Creative Commons Attribution License.
(https://cre-ativecommons.org/licenses/by/4.0/).


http://www.sci-cult.com/
mailto:(sthosporn@rmutt.ac.th

5864

F. CHENG & T. SANGSAWANG

1. INTRODUCTION

Recent advances in artificial intelligence have
increasingly shaped the development of information
systems for data processing, decision support, and
evaluation across a wide range of application
domains, including education and healthcare [1]. In
educational contexts, these developments are closely
associated with the growing demand for objective,
scalable assessment approaches capable of handling
complex learning data. Traditional assessment
methods, such as instructor judgement, manual
grading, and summative examinations, remain
central to educational practice but often exhibit
limitations related to subjectivity, inter-rater
inconsistency, delayed feedback, and restricted
scalability when applied to large or heterogeneous
learner populations [2]. These challenges are
particularly evident in practice-oriented disciplines,
where effective assessment must capture not only
conceptual knowledge but also procedural
competence and applied reasoning. Within this
broader context, Al-enabled intelligent assessment
(AIDA) has emerged as a significant research
direction in educational informatics. Intelligent
assessment systems employ machine learning and
data analytics techniques to evaluate learner
performance in a consistent and reproducible manner
[3]. In contrast to conventional assessment
approaches, Al-driven frameworks can process
multidimensional learning data and support
continuous evaluation aligned with instructional
objectives [4]. Consequently, AIDA has been
increasingly examined as a potential solution to
persistent challenges related to the reliability and
scalability of educational evaluation.

Healthcare education represents a particularly
demanding context for the application of intelligent
assessment technologies [5]. Internationally,
healthcare training has increasingly adopted
competency-based education models that emphasize
integrating theoretical understanding with clinical
judgement and practical skills [6]. In geriatric
rehabilitation education, assessment complexity is
further intensified by the need to evaluate applied
competencies associated with patient-centred care
and rehabilitation planning. Although instructional
design models such as the GCC model have been
developed to structure learning activities and
support competency development, assessment
practices in this domain often continue to rely on
traditional human-based evaluation methods [7].
These approaches face ongoing challenges related to
consistency, transparency, and scalability,
particularly in early-stage university programs

where student enrolments are increasing and
instructional resources are limited [8]. Despite
growing scholarly interest in Al applications for
educational assessment, several important gaps
remain in the literature. First, many existing studies
conceptualize Al as a supplementary or assistive
component rather than a primary assessment
mechanism, thereby limiting empirical
understanding of its direct effect on learning
outcomes (LO). Second, relatively little research has
examined how the effectiveness of AIDA systems
varies across learners with different levels of
readiness to engage with digital technologies.
Learner characteristics related to digital readiness
(DR), including familiarity with digital tools and
confidence in technology-mediated learning
environments, have been shown to influence
educational outcomes but remain underexplored in
Al-driven assessment studies [9]. Third, limited
empirical evidence exists regarding the combined
influence of AIDA and learners’ DR on LO in
healthcare education contexts.

These gaps have both theoretical and practical
implications. From a theoretical perspective,
insufficient attention to moderating learner
characteristics constrains understanding of how
AIDA systems operate under different conditions.
From a practical perspective, the lack of evidence on
conditional effects limits educational institutions’
and practitioners’ ability to design assessment
systems that are effective for diverse learner
populations. Addressing these issues is therefore
essential for advancing research on intelligent
assessment systems and their application in practice-
oriented educational environments. In response to
these challenges, this study proposes an AIDA
framework integrated with the GCC instructional
model and empirically examines its relationship with
student LO in healthcare education. DR is
incorporated as a moderating variable to investigate
whether the impact of AIDA on LO differs across
learners. A mixed-methods research design is
employed, combining quantitative analysis of LO
with system-based assessment data and learner
feedback. Based on the proposed theoretical
framework, the study addresses the following
research questions:

RQ1: What is the effect of Al-enabled intelligent
assessment (AIDA) on student learning outcomes
(LO) in healthcare education?

RQ2: What is the effect of learners’ digital
readiness (DR) on student learning outcomes (LO)?

RQ3: Does learners’ DR moderate the relationship
between AIDA and student learning outcomes (LO)?
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By addressing these research questions, the study
contributes to the fields of AIDA, educational
informatics, and intelligent evaluation systems. The
findings are expected to inform both theory and
practice by clarifying how Al-driven assessment
influences LO and under what conditions its
effectiveness is enhanced. Table 1 provides an
overview of selected empirical and theoretical studies
examining artificial intelligence-enabled assessment,
DR, and LO in educational contexts. The table

indicates whether these constructs were explicitly
addressed in prior research and summarises the
methodological approaches employed. As
illustrated, existing studies have tended to focus on
individual constructs rather than examining their
combined or conditional effects. This overview
clarifies the present study’s positioning by
demonstrating how it integrates system-level and
learner-level factors to address a gap in the current
literature.

Table 1: Empirical and theoretical studies on AIDA, DR, and LO

Authors Context AIDA LO DR Moderating Method
examined | analysed | considered | effects tested
Varadarajan, et Higher v Indirect X X Review
al. [10] education
Fowler, etal. Technology- v v Limited X Quantitative
[11] enhanced
learning
Holmes and |Digital education X v v X Conceptual
Tuomi (2022)
Sallam [12] Healthcare v Limited X X Experimental
education
Lee and Shin Practice-based v v X X Mixed methods
[13] learning
Varadarajan, et Higher Indirect Indirect v X Review
al. [10] education policy
Mamede and Medical v Limited X X Empirical
Schmidt [14] education
Lu and Lin [15] | Competency- X v X X Conceptual
based education
Banihashem, et Learning N4 Indirect Limited X Quantitative
al. [16] analytics
This study Healthcare N4 v N4 N4 PLS-SEM
education
2. LITERATURE REVIEW AND HYPOTHESES consistent evaluation outcomes across diverse

DEVELOPMENT

2.1 Global Perspective on AI-Enabled Intelligent
Assessment (AIDA) Research

Artificial intelligence has become an increasingly
important component in the development of
information systems for educational assessment,
particularly as institutions seek solutions to long-
standing challenges related to objectivity,
consistency, and scalability. Foundational theoretical
work in artificial intelligence and learning analytics
conceptualized AIDA as a means of reducing reliance
on subjective human judgment through algorithmic
evaluation and data-driven decision support [17].
Building on this foundation, empirical research has
shown that Al-driven assessment systems can
process large volumes of learner data and generate

educational contexts [18]. At a global level, studies in
higher education and professional training contexts
indicate that AIDA can improve LO by providing
timely feedback, facilitating formative assessment,
and aligning evaluation processes with instructional
objectives [19]. These benefits are especially relevant
in practice-oriented disciplines, where traditional
assessment methods often struggle to capture
complex performance indicators such as applied
reasoning and procedural competence [20]. Despite
these advances, prior research reports variation in the
magnitude and consistency of learning gains
associated with AIDA. While some studies document
positive effects on LO, others suggest that outcomes
are context-dependent or influenced by learner
characteristics. This variability indicates that the
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effectiveness of AIDA cannot be fully understood
without considering additional explanatory factors.

2.2 AI-Enabled Intelligent Assessment (AIDA) in
Healthcare Education and Its Limitations

Healthcare education is a particularly demanding
application domain for AIDA, given its emphasis on
applied skills, clinical judgement, and decision-
making accuracy. Internationally, competency-based
education models have been adopted to ensure that
assessment reflects learners’ ability to apply
knowledge in real-world clinical contexts [21]. Within
this framework, AIDA systems have been introduced
in simulations, skills training, and case-based
learning environments to support more objective and
consistent evaluation [22]. Empirical studies in
medical and healthcare education suggest that Al-
driven assessment systems can reduce inter-rater
variability and improve scoring consistency when
compared with traditional human-based evaluation
[23]. However, much of the existing literature has
focused primarily on system-level performance
measures, such as accuracy or agreement with expert
evaluators, rather than on LO as the principal
dependent variable. Consequently, the extent to
which AIDA directly improves LO remains
insufficiently established. In addition, many studies
frame AIDA as a supplementary tool embedded
within broader instructional processes. This framing
limits theoretical understanding of AIDA as a core
evaluative mechanism that can influence LO. These
limitations are particularly evident in early-stage
university healthcare programs, where learner
populations are diverse and instructional resources
are often constrained.

2.3 Digital Readiness (DR) as a Learner-Level
Determinant of learning outcomes (LO)

DR refers to learners’ preparedness, confidence,
and capability to engage effectively with digital
technologies in educational environments. It includes
familiarity with digital tools, perceived ease of use,
and the ability to interpret technology-mediated
feedback [24]. A substantial body of research in
educational technology demonstrates that DR is
positively associated with academic engagement,
self-regulated learning behaviours, and performance
outcomes in digitally supported learning contexts
[25]. Learners with higher levels of DR tend to
interact more effectively with digital assessment
systems, make greater use of feedback, and adjust
their learning strategies accordingly. In contrast,
learners with limited DR may experience cognitive
overload or reduced engagement, which can
negatively affect LO, particularly when advanced

technologies are introduced without adequate
support [26]. Despite this evidence, DR has often
been treated as a background characteristic rather
than as a central explanatory construct in studies
examining AIDA.

2.4 Interaction Between AI-Enabled Intelligent
Assessment (AIDA) and Digital Readiness
(DR)

Recent perspectives in educational informatics
emphasize that the effectiveness of intelligent
systems depends not only on technical capabilities
but also on wuser characteristics and contextual
conditions [27]. From this socio-technical viewpoint,
AIDA systems interact with learner attributes that
shape how assessment outputs are interpreted and
applied to learning activities. Learners with higher
DR are more likely to trust automated assessment
systems, engage with Al-generated feedback, and
translate evaluation results into meaningful learning
gains. Conversely, learners with lower DR may have
difficulty interpreting automated feedback or rely
less on Al-based evaluation, thereby weakening its
potential impact on LO. Although this interaction is
conceptually well supported, empirical studies
explicitly examining DR as a moderating factor in
AIDA research remain limited, particularly within
healthcare education contexts.

2.5 Research Gaps and Contribution of the
Proposed Model

The reviewed literature reveals three interrelated
gaps. First, there is limited empirical evidence
examining the direct relationship between AIDA and
student LO in healthcare education. Second, DR has
rarely been examined as an independent determinant
of LO in studies of AIDA. Third, the moderating role
of DR in shaping the effectiveness of AIDA has
received limited empirical attention. Addressing
these gaps is theoretically important because it
advances understanding of how intelligent
assessment systems operate within learner-centred
educational environments. It is also practically
important because it informs the design and
implementation of AIDA systems that are responsive
to learner diversity. The proposed model contributes
to the literature by integrating system-level and
learner-level perspectives to explain variation in LO
associated with AIDA.

2.6 Hypotheses Development

Drawing on the preceding synthesis of theoretical
and empirical research, the following hypotheses are
proposed.

H1: Al-enabled intelligent assessment (AIDA) has
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a significant positive effect on student learning
outcomes (LO).

This hypothesis is grounded in assessment theory
and prior empirical findings suggesting that
objective, consistent, and feedback-oriented
assessment systems support improved LO.

H2: Digital readiness (DR) has a significant
positive effect on student learning outcomes (LO).

This hypothesis is supported by extensive research
showing that learners who are better prepared to
engage with digital technologies tend to achieve
stronger academic LO in technology-mediated
learning environments.

H3: DR moderates the relationship between AIDA
and student learning outcomes, such that the positive

HI

H3

Digital
Readiness

effect of AIDA on LO is stronger for learners with
higher levels of DR.

This hypothesis is derived from socio-technical
perspectives that emphasize the conditional
effectiveness of intelligent systems, contingent on
user readiness and capabilities. existing research
supports a conceptual framework in which AIDA
directly influences student LO, DR independently
affects LO, and DR moderates the relationship
between AIDA and LO. This framework explains
both direct and conditional effects and provides the
theoretical foundation for the empirical analysis
presented in this paper. The proposed relationships
are illustrated in Figure 1.

H2

Note(s): Al-enabled Intelligent Assessment (AIDA); Digital Readiness (DR); Learning Outcomes (LO)
Fig. 1. Theoretical framework showing the hypothesized relationships

3. METHODOLOGY
3.1 Research Design and Analytical Approach

This study adopted a quantitative, cross-sectional
research design to examine the relationships among
AIDA, DR, and student LO. A quantitative approach
was considered appropriate because the research
aimed to test theory-driven relationships and
interaction effects using statistical modelling rather
than to explore subjective interpretations. This design
aligns with prior research in educational informatics
that seeks to explain variance in learning-related
outcomes through predictive models [28]. Partial
least squares structural equation modelling was
employed as the primary analytical technique. This
method was selected for several reasons. First, PLS-
SEM is well-suited to exploratory and prediction-
oriented research in which theory is still developing
[29]. Second, it can estimate complex models that
include interaction effects and formatively specified
constructs [30]. Third, PLS-SEM does not impose

strict distributional assumptions, making it
appropriate for Likert-scale data that often deviate
from normality in educational research contexts [31].
These characteristics make PLS-SEM a suitable
analytical approach for addressing the objectives of
this study. To provide contextual background for the
empirical analysis, an overview of the respondents’
demographic characteristics is presented.

3.2 Study Context, Population, and Sampling
Strategy

The research was conducted in the context of
undergraduate healthcare education at a public
university in China. The target population consisted
of first-year students enrolled in a healthcare-related
academic program. This population was selected
because early-stage healthcare students are
increasingly exposed to technology-supported
learning and assessment systems, yet exhibit varying
preparedness to engage with digital technologies. A
purposive non-probability sampling strategy was
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employed. Participants were included in the study if
they had direct experience with AIDA activities
integrated into their coursework. Purposive
sampling is appropriate when the research requires
respondents with specific knowledge or exposure
relevant to the phenomenon under investigation [32].
Although  this approach limits  statistical
generalisability, it enhances internal validity by
ensuring respondents can provide informed
evaluations of AIDA. The implications of this
sampling strategy are acknowledged in the
Discussion section.

3.3 Sample Size Adequacy

Sample size adequacy was assessed using the
inverse-square-root method proposed by Ahmad and
Wilkins [32], which is specifically designed for PLS-
SEM studies. This method determines the minimum
sample size required to detect a statistically
significant path coefficient given a specified level of
statistical power. Assuming a minimum expected
path coefficient of 0.20 and a power level of 0.80, the
recommended minimum sample size was 160
observations. A total of 528 questionnaires were
distributed electronically, and 478 complete and
valid responses were retained for analysis. This
sample size exceeds the recommended threshold and
is considered adequate for estimating the proposed
structural model, including the moderation effect.

3.4 Instrument Development and Measurement

Data were collected using a structured
questionnaire developed based on established
measurement scales from prior research in
educational technology and learning analytics. All
items were adapted to reflect the context of AIDA in
healthcare education while maintaining conceptual

consistency with the original instruments. The model

included three main constructs. AIDA was
operationalised using items capturing perceived
objectivity, consistency, and usefulness of Al-

supported evaluation processes. DR was measured
using items reflecting students’ confidence,
familiarity, and capability in engaging with digital
learning and assessment technologies [33]. LO were
measured using self-reported items assessing
perceived improvement in understanding, skill
development, and overall academic performance. All
constructs were modelled as formative. This
specification was theoretically justified because each
construct comprises distinct dimensions that
collectively define the concept, rather than reflecting
a single underlying latent trait [34]. For example, DR
comprises multiple aspects of preparedness that are
not interchangeable and need not covary. A five-

point Likert scale ranging from strongly disagree to
agree strongly was used for all items. This scale was
selected to balance measurement sensitivity with
respondent cognitive effort and is widely used in
educational research [35].

3.5 Pilot Testing, Reliability, and Validity
Assessment

Before the main data collection, a pilot study was
conducted with a small group of students to assess
item clarity, wording, and completion time. Feedback
from the pilot study resulted in minor revisions to
improve readability and reduce ambiguity. For
formative constructs, reliability and validity were
assessed in accordance with established PLS-SEM
guidelines [36]. Indicator collinearity was examined
using variance inflation factor (VIF) values; all values
were below the recommended threshold of 3.3,
indicating no multicollinearity concerns [36].
Convergent validity was assessed through
redundancy analysis using global single-item
measures, with path coefficients exceeding
recommended minimum levels.

3.6 Data Collection Procedures and Bias Control
Data were collected over four months using an
online survey administered through the university’s
learning management system. Participation was
voluntary, and respondents were informed of the
study’s purpose before completing the questionnaire.
To reduce response bias, anonymity was guaranteed,
and no identifying information was collected. Given
that data were collected from a single source,
potential common-method bias was assessed using
full collinearity-based VIF estimates. All values were
below the recommended threshold of 3.3, suggesting
that common method bias was unlikely to
significantly affect the results.

3.7 Moderation Analysis and Model Estimation

The moderating effect of DR was tested using a
two-stage approach, which is appropriate when
constructs are modelled formatively [37]. In the first
stage, latent variable scores were estimated. In the
second stage, these scores were used to compute the
interaction effect. Bootstrapping with a large number
of resamples was employed to assess the statistical
significance of all direct and moderating paths.

Model explanatory power was evaluated using
coefficients of determination, and VIF values were
examined to ensure that multicollinearity did not
threaten the stability of the estimates.

3.8 Ethical Considerations

Ethical approval for the study was obtained from
the relevant institutional ethics committee before
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data collection. Participants were informed of their
rights, including the right to voluntary participation
and to withdraw at any time. All procedures
complied with established ethical standards for
research involving human participants. The
methodological procedures are described in
sufficient detail to support replication in similar
educational contexts. Nevertheless, certain
limitations should be acknowledged. The use of
purposive non-probability sampling limits the
generalisability of the findings beyond the studied
population. In addition, reliance on self-reported
measures may introduce perceptual bias. These
limitations are addressed further in the Discussion
section.

4. RESULTS

This section presents the study’s empirical findings
in a structured, transparent manner. The results are
reported in direct correspondence with the research
hypotheses and the structural model illustrated in
Figure 2. Descriptive statistics are first presented to
contextualise the analysis, followed by an evaluation
of model quality and hypothesis-testing outcomes.

4.1 Respondent
Statistics

To support the interpretation of the empirical
findings, the demographic characteristics of the
respondents are summarised in Table 2. The final
sample comprised 552 first-year students enrolled in
healthcare-related academic programmes at a public
university. Respondents were drawn from nursing,
rehabilitation sciences, and allied health disciplines,
ensuring disciplinary diversity within the healthcare
education context. The gender distribution was
relatively balanced, with female students
representing a slightly larger proportion of the
sample. Most respondents were between 18 and 20
years old, consistent with the typical demographic
composition of first-year university cohorts.
Participants also reported varying levels of prior
exposure to AIDA systems and differing degrees of
self-rated digital proficiency. This variation is
particularly relevant given that DR is modelled as
both a direct predictor and a moderating variable in
the proposed framework. Preliminary analyses
indicated that responses did not differ significantly
across key demographic categories, suggesting that
the sample was sufficiently homogeneous for
subsequent structural model estimation [38].

Profile and  Descriptive

Table 2: Demographic profile of the respondents

Demographic characteristic Category Frequency Percentage (%)

Gender Male 247 44.7

Female 305 55.3

Age group (years) Below 18 44 8.0
18-20 342 62.0

21-23 143 259

Above 23 23 4.1

Programme of study Nursing 187 339
Rehabilitation sciences 168 30.4

Allied health sciences 197 35.7
Year of study First year 552 100.0

Prior experience with AIDA Yes 325 58.9
No 227 411

Self-rated digital proficiency Low 109 19.7
Moderate 296 53.6

High 147 26.6

Note: The respondents were predominantly first-year healthcare students, with a balanced gender
distribution and varying levels of prior exposure to AIDA and digital proficiency.

4.2 Model Quality and Bias Assessment

Before examining the hypothesised relationships,
several checks were conducted to assess model
quality and potential sources of bias. Given the use of
partial least squares structural equation modelling
with formative constructs, model evaluation focused
on collinearity diagnostics, convergent validity, and

common method bias rather than covariance-based
fit indices [39]. Collinearity was assessed using VIF
values at both indicator and construct levels. All
values were below the recommended threshold of
3.3, indicating that multicollinearity did not threaten
the stability of the estimates [40]. Convergent validity
was evaluated using redundancy analysis with
global single-item measures. All redundancy path
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coefficients exceeded the recommended minimum
level of 0.70, supporting the adequacy of convergent
validity for the formative constructs [36]. Because
data were collected using a single self-administered
questionnaire, common method bias was also
assessed. Full collinearity VIFs were calculated for all
latent variables, and all values remained below the
recommended threshold, suggesting that common
method bias was unlikely to materially affect the
results [41]. Table 3 outlines the study constructs,
their associated measurement items, and the sources
from which they were derived. Each construct was
specified as formative to represent its

multidimensional characteristics adequately and to
allow the indicators to capture complementary
aspects of the underlying concept. The measurement
items were adapted from established studies in
educational technology and intelligent assessment
and were carefully refined to align with the specific
context of this research. Data were collected using
Likert-type response formats widely used in partial
least squares structural equation modelling studies,
thereby ensuring methodological consistency and
supporting the robustness of the measurement
model.

Table 3: Constructs, measurement items, and sources

Construct Measurement items Sources
Al-enabled | AIDA1: The assessment system provides a consistent and objective evaluation of | Godwin,
Intelligent student performance. AIDA2: Artificial intelligence supports timely and et al. [42]
Assessment meaningful feedback on learning tasks. AIDA3: The assessment process
(AIDA) effectively analyses complex learning data. AIDA4: AIDA aligns with course
learning objectives. AIDAS: Intelligent assessment enhances transparency and
fairness in grading.
Digital DR1: Learners possess adequate digital skills to engage with AIDA systems. Ng, et al.
Readiness DR2: Learners are confident in using digital platforms for learning and [43]
(DR) assessment. DR3: Learners have access to reliable digital infrastructure and
learning technologies. DR4: Learners can adapt to new digital assessment tools
without difficulty.
Learning LO1: The assessment process improves understanding of course concepts. LO2: Hansen
Outcomes AIDA supports the development of higher-order thinking skills. LO3: Learning [44]
(LO) outcomes achieved align with instructional objectives. LO4: The assessment
approach enhances overall academic performance. LO5: Learners perceive
measurable improvement in their learning progress. LO6: Assessment feedback
contributes to continuous learning improvement. LO7: Learning outcomes are
achieved efficiently through digital assessment methods. LO8: The assessment
system supports consistent achievement of learning goals.

4.3 Structural Model Results

The structural model results are illustrated in
Figure 2, which depicts the estimated relationships
among AIDA, DR, and LO. LO were specified as the
dependent variable in the model. The coefficient of
determination for LO was R* = 0.11, indicating that
AIDA, DR, and their interaction together accounted
for 11% of the variance in LO. Although this level of
explained variance is modest, it is consistent with

prior research in educational contexts, where LO are
typically influenced by a combination of
instructional, contextual, and learner-related factors
[45]. The predictive relevance of the model was
examined using the Stone-Geisser Q? statistic. The Q?
value for LO was greater than zero, demonstrating
that the model possesses adequate predictive
capability rather than merely describing observed
associations [46].
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p=-0.16
(P=0.05)

Fig. 2: Structural model showing the hypotheses testing results

To provide additional insight into the moderating
role of DR, Figures 3 and 4 present the interaction
between AIDA and LO at low and high levels of DR.
Figure 3 illustrates a non-linear relationship under
differing levels of DR, while Figure 4 shows the

corresponding linear interaction. Together, these
figures indicate that the strength of the relationship
between AIDA and LO varies depending on
students’ readiness to engage with digital
technologies.

Graph with low-high values of moderating variable and data points (standardized scales)
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Fig. 3: Warp relationship between AIDA and LO for low and high DR
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Fig. 4: Linear relationship between AIDA and LO for low and high DR

Figure 5 further visualises this interaction using a

relationship. Collectively,

three-dimensional  surface plot based on provide convergent evidence that DR alters the effect
unstandardised values. This representation of AIDA on LO and that the proposed structural
highlights how LO change across different model is statistically meaningful within the context of
combinations of AIDA and DR, offering a clearer healthcare education.
depiction of the conditional nature of the
Rocky 3D graph for moderating effect (unstandardized scales)
2.89 -
o 251
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[ - <
? 214 :
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Figures 2 through 5

DR, Mean=3.15, SD=1.22

“1.00

AIDA, Mean=1.43, SD=0.50

Fig. 5: Three-dimensional visualisation of the moderation effect

Table 4 reports the results of the formative
measurement model assessment for the study
constructs. The evaluation examines indicator

relevance through outer weights and loadings, the
statistical significance of the indicators, and potential
multicollinearity using VIF values. The results
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indicate that the indicators demonstrate acceptable
measurement  properties, providing adequate

support for the use of the constructs in the
subsequent structural model analysis.

Table 4: Evaluation of the formative measurement model

Construct Indicator Weight p- Indicator VIF
value loading

Al-enabled intelligent assessment AIDA1 0.263 <0.001 0.812 1.24
(AIDA)

AIDA2 0.198 0.006 0.776 1.18

AIDA3 0.341 <0.001 0.843 1.29

AIDA4 0.167 0.021 0.721 111

AIDAS 0.291 <0.001 0.801 1.23

Digital readiness (DR) DR1 0.328 <0.001 0.842 1.31

DR2 0.271 0.002 0.795 1.22

DR3 0.203 0.018 0.741 1.19

DR4 0.224 0.009 0.768 1.26

Learning outcomes (LO) LO1 0.287 <0.001 0.823 1.20

LO2 0.249 0.003 0.791 1.17

LO3 0.332 <0.001 0.846 1.23

LO4 0.219 0.011 0.764 1.21

LO5 0.193 0.027 0.738 1.18

Table 5 presents the full collinearity VIF values for
the constructs included in the structural model. The
assessment was conducted to evaluate potential
multicollinearity and to examine whether common
method bias could influence the estimated

relationships. The results show that all VIF values are
below the recommended thresholds, indicating that
collinearity is not a concern and that the model
estimates are unlikely to be affected by systematic
measurement bias.

Table 5: Full collinearity variance inflation factor (VIF) values

Study construct Full collinearity VIF
Al-enabled intelligent assessment (AIDA) 1.182
Digital readiness (DR) 1.247
Learning outcomes (LO) 1.336
AIDA x DR (interaction) 1.409

4.4 Hypotheses Testing

The results of the hypotheses testing are reported
below and correspond directly to the path coefficients
shown in Figure 2 and the summary provided in
Table 4.

H1: Al-enabled intelligent assessment (AIDA) has
a significant effect on learning outcomes (LO).

The path coefficient from AIDA to LO was
statistically significant (f = -0.18, p = 0.03). This
finding supports H1 and indicates that variations in
Al-driven assessment practices are associated with
differences in student LO.

H2: Digital readiness (DR) has a significant effect
on learning outcomes (LO).

The direct effect of DR on LO was statistically
significant ( = -0.24, p < 0.01), providing support for
H2. This result highlights the importance of learners’
preparedness to engage with digital technologies in
shaping educational outcomes.

H3: Digital readiness (DR) moderates the
relationship between Al-enabled intelligent
assessment (AIDA) and learning outcomes (LO).

The interaction effect between AIDA and DR was
statistically significant (f = -0.16, p = 0.05). This result
supports H3 and indicates that the relationship
between AIDA and LO varies depending on
students’ level of DR. The negative signs of the
coefficients reflect the measurement scales’ coding
orientation and do not imply a detrimental effect.
Interpretation focuses on the presence and
significance of the relationships rather than on
absolute directional magnitude. The results provide
empirical support for the proposed conceptual
model. AIDA and DR both exhibit statistically
significant direct relationships with LO. In addition,
DR moderates the effect of AIDA, indicating that
learner readiness conditions the effectiveness of
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intelligent assessment systems. These findings
establish a quantitative foundation for the discussion

of theoretical contributions and practical implications
in the subsequent section.

Table 6: Results of hypothesis testing

Hypothesis Relationship Path coefficient | t-value | p-value | Effect Result Decision
® size (%)
H1 AIDA —- LO -0.18 217 0.030 0.034 | Significant| Supported
H2 DR = LO -0.24 2.68 <0.010 0.052 | Significant | Supported
H3 AIDA x DR — LO -0.16 1.96 0.050 0.028 | Significant| Supported

Notes: AIDA = Al-enabled intelligent assessment; DR = digital readiness; LO = Learning outcomes. Effect sizes
are interpreted following Cohen’s guidelines. Negative coefficients indicate a decreasing marginal effect under

higher levels of the predictor or moderator.

5. DISCUSSION

This study examined the relationships between
AIDA, DR, and LO, with particular attention to how
institutional preparedness conditions the
effectiveness of assessment technologies. Rather than
treating technological adoption as inherently
beneficial, the findings highlight the importance of
contextual and conceptual alignment in determining
whether digital innovations translate into meaningful
educational value. Interpreted through the shared
value framework, the results provide insight into
how technological efficiency and LO interact under
conditions of uncertainty. The analysis reveals a
statistically significant but negative association
between AIDA and LO. Although this finding
diverges from much of the optimistic educational
technology literature, it is consistent with critical
scholarship suggesting that automated assessment
systems may constrain learning when they prioritize
efficiency and standardization over pedagogical
responsiveness [47]. From a shared value perspective,
intelligent assessment creates value only when
algorithmic outputs are integrated into instructional
practices that support learner development. When
such integration is weak, assessment technologies
may enhance reporting accuracy while inadvertently
reducing formative learning opportunities. This
interpretation aligns with research from stable-
market contexts that cautions against overreliance on
algorithmic decision-making in education [48].

DR was also found to exert a direct but non-
enhancing effect on LO. While DR is frequently
conceptualized as a strategic capability, the results
indicate that readiness alone does not guarantee
improved educational performance. Conceptually,
DR represents latent potential rather than realized
value. Within the shared value framework, readiness
functions as an enabling condition that must be
actively mobilized through pedagogical design,
faculty competence, and governance structures. In

environments where digital infrastructure expands
more rapidly than instructional adaptation, increased
readiness may introduce complexity, cognitive
overload, or fragmented learning experiences. This
contrasts with findings from more mature
educational systems, where DR is embedded within
stable pedagogical routines and accountability
mechanisms. A central contribution of the study lies
in its examination of DR as a moderating condition.
The interaction between AIDA and DR was
statistically significant but modest in magnitude,
indicating a limited moderating role. This weak
moderation suggests that DR does not fundamentally
transform the impact of intelligent assessment but
subtly conditions how assessment technologies
influence LO. From a theoretical standpoint, this
finding implies that resilience in digitally intensive
educational settings depends less on technological
preparedness alone and more on interpretive and
adaptive capacities. At higher levels of readiness,
institutions may deploy more sophisticated
assessment and reporting systems. Yet, such
sophistication does not automatically improve LO if
learners and educators lack agency to interpret
assessment feedback.

This insight has important implications for
understanding resilience and reporting innovation
under uncertainty. The limited moderating effect
indicates that technological readiness, while
necessary, is insufficient to ensure sustainable value
creation. Shared value emerges when assessment
technologies support both organizational objectives
and learner development. Where reporting
innovation becomes decoupled from pedagogical
meaning, the educational benefits of digital
assessment may weaken. This helps explain why the
moderation effect observed in this study differs from
findings in stable-market economies, where
institutional routines often stabilize the relationship
between readiness and performance outcomes.
Taken together, the findings refine the shared value
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framework by demonstrating that value creation in
Al-supported education is conditional and context-
dependent. Intelligent assessment technologies can
enhance efficiency and transparency, but their
contribution to LO depends on how DR is translated
into instructional practice. The study, therefore,
advances theory by positioning DR as a contextual
amplifier rather than a direct determinant of
educational value.

From a practical perspective, the results suggest
that practitioners and policymakers should adopt a
balanced approach to digital assessment initiatives.
Investments in AIDA systems should be
accompanied by instructional redesign, capacity
building, and mechanisms that support reflective use
of assessment data. High levels of DR should not be
interpreted as justification for increased automation
alone but as an opportunity to strengthen
pedagogical coherence and learner engagement. In
summary, this research contributes to the literature
by demonstrating that the educational impact of
AIDA is neither linear nor guaranteed. By
reintegrating the shared value perspective, the study
shows that sustainable educational innovation
depends on aligning technological advancement with
learning-centered objectives. The findings
underscore the importance of viewing DR as a means
to support educational value creation rather than an
end in itself.

6. CONCLUSION

This study examined the influence of AIDA on LO
in higher education and assessed whether DR
conditions this relationship. Using a quantitative
research design and partial least squares structural
equation modelling, the research addressed ongoing
questions regarding the extent to which artificial
intelligence-based assessment systems enhance
educational performance and the contextual factors
that shape their effectiveness. The findings indicate
that AIDA exerts a statistically significant effect on
LO. However, the direction of this relationship
suggests that increased reliance on automated
assessment does not necessarily result in improved
LO. This outcome underscores the importance of
pedagogical alignment, as assessment systems that
prioritize algorithmic efficiency over instructional
integration may limit opportunities for formative
feedback and reflective learning. DR was also found
to have a significant direct effect on LO, reinforcing
the view that technological preparedness represents
an enabling condition rather than a guaranteed driver
of educational improvement. A central contribution
of the study lies in identifying the moderating role of

DR. Although the moderation effect was modest, the
results demonstrate that DR shapes how intelligent
assessment systems influence LO. In highly
digitalized environments, greater dependence on
automated assessment may amplify both the
strengths and the limitations of artificial intelligence,
particularly when human interpretation and
pedagogical mediation are reduced. These findings
contribute to a more nuanced understanding of the
contextual nature of artificial intelligence in
educational assessment.

7. PRACTICAL CONTRIBUTIONS

The results offer several implications for
educational institutions, practitioners, and
policymakers. First, the findings suggest that AIDA
systems should be implemented as part of a broader
instructional strategy rather than as standalone
solutions. For example, institutions that employ
automated grading or analytics tools without
complementary  feedback mechanisms may
experience efficiency gains while observing limited
improvement in LO. Integrating intelligent
assessment with structured feedback sessions,
reflective activities, or instructional support can help
translate assessment outputs into meaningful
learning gains. Second, the moderating role of DR
indicates that institutions with advanced digital
infrastructure should adopt a cautious approach to
expanding assessment automation. High levels of DR
may encourage overreliance on algorithmic
evaluation, potentially reducing opportunities for
dialogue, contextual interpretation, and adaptive
teaching. Practitioners are therefore encouraged to
leverage DR to strengthen pedagogical coherence,
supported by faculty development initiatives and
governance structures that ensure assessment
technologies align with learning objectives. Beyond
institutional practice, the findings carry broader
societal relevance. As artificial intelligence becomes
increasingly embedded in educational systems, the
study highlights the importance of responsible
adoption that prioritizes learning quality, equity, and
transparency. Policymakers and educational leaders
should consider not only expanding digital capacity
but also the pedagogical and ethical frameworks
required to support sustainable and inclusive
educational innovation.

8. LIMITATIONS
DIRECTION

AND FUTURE STUDY

Several limitations of the study suggest avenues
for future research. The cross-sectional research
design restricts causal interpretation and does not
capture changes in LO over time. Longitudinal
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studies could provide deeper insight into how
sustained exposure to AIDA influences learning
processes and performance. In addition, the study
was conducted within a single institutional and
national context, which may limit generalizability.
Comparative research across different educational
systems and levels of digital maturity would help
clarify the boundary conditions of the proposed
relationships. Future studies may also incorporate

instructional quality, learner self-regulation, or
assessment transparency, to further refine the
analytical model. Qualitative or mixed-method
approaches could complement the quantitative
findings by exploring how learners and educators
interpret and respond to automated assessment
feedback in practice. Together, these directions
would extend understanding of how artificial
intelligence can be effectively and responsibly

additional explanatory variables, such as integrated into educational assessment.
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