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Abstract. This study examined the relationship between artificial intelligence enabled
adaptive pedagogy and perceived multidomain learning in physical education. A
quantitative cross-sectional correlational design involved 196 undergraduate Physical
Education students. Data were collected using a 43-item questionnaire measuring five
adaptive pedagogy dimensions and cognitive, affective, and psychomotor learning
domains. Descriptive statistics, Pearson correlation, and linear regression were applied.
Artificial intelligence enabled adaptive pedagogy showed a strong positive relationship
with perceived multidomain learning, r = .666, p < .001, and explained 44.3% of its
variance. Learning personalization emerged as the strongest unique statistical correlate,
= .296, p = .003. These findings indicate that personalization, adaptive feedback, task
adjustment, learning analytics, and learner autonomy can support perceived multidomain
learning across cognitive, affective, and psychomotor domains. The study highlights the
pedagogical significance of Al for responsive and data-informed physical education.
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1. Introduction

Artificial intelligence has become an increasingly important component of contemporary
educational systems because it can support learner modeling, automated assessment,
instructional recommendations, and data-informed decision making. Al applications in
education have expanded from basic automation toward systems that analyze learner
characteristics and provide learning support according to individual needs [1]. This development
requires a pedagogical orientation that places learning objectives, learner agency, and
instructional quality above technological novelty [2]. Recent conceptual perspectives describe
Al in education through successive paradigms that move from system directed instruction
toward learner-centered and collaborative forms of intelligent support [3]. Systematic evidence
also shows that Al creates substantial opportunities for personalization, feedback, prediction,
and learning analytics, while raising persistent concerns related to pedagogical alignment,
teacher competence, transparency, and educational effectiveness [4]. These conditions establish
a strong rationale for examining Al as a pedagogical mechanism rather than as an isolated digital
tool.

Physical education provides a distinctive setting for Al integration because learning
simultaneously involves conceptual knowledge, affective engagement, physical competence,
and observable movement performance. Al has been applied in physical education to support
personalized instruction, movement analysis, fitness evaluation, learning assessment, and
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instructional decision making [5]. A recent systematic review confirms that Al applications in
physical education have grown across intelligent tutoring, motion recognition, personalized
learning, prediction, and feedback systems [6]. Digital innovation in physical education has also
expanded beyond conventional learning platforms. Da’i and Apriyanto demonstrated the
potential of digital comics as a learning medium for enhancing elementary athletic learning [7].
Dai et al. developed a mixed reality approach for pencak silat learning to support differentiated
and technology-integrated instruction [8]. Broader evidence indicates that the effective use of
Al in physical education depends on teachers’ ability to connect technological functions with
curriculum design, pedagogical adaptation, and learner characteristics [9]. These findings
indicate a transition from digital media use toward more adaptive and responsive instructional
environments.

Adaptive pedagogy provides a relevant conceptual framework for organizing these
technological capabilities into a coherent learning process. Al enabled adaptive learning systems
can analyze learner data and modify content, learning pathways, feedback, and task demands
according to individual performance and progression [10]. Reviews of adaptive learning
supported by Al identify personalization, learner profiling, prediction, recommendation, and
dynamic adjustment as central mechanisms for improving the responsiveness of learning
environments [11]. These mechanisms are highly relevant to physical education because
students differ in prior knowledge, motor competence, confidence, physical capacity, and
learning pace. Al can provide immediate information after task performance, identify errors,
and generate targeted recommendations for subsequent learning activities. Recent research on
Al-based real-time feedback in physical education has shown the practical relevance of
responsive feedback for supporting instructional processes [12]. Intelligent evaluation and
feedback systems also provide opportunities to use performance information for instructional
adjustment and continuous learning monitoring [13]. Al enabled adaptive pedagogy can
therefore be operationalized through learning personalization, adaptive real-time feedback,
adjustment of task difficulty, learning analytics for decision making, and support for learner
autonomy.

The value of adaptive pedagogy in physical education should be evaluated through
outcomes that represent the multidimensional character of learning. Physical education does not
focus exclusively on physical performance. Quality physical education contributes to learning
and development across cognitive, behavioral, social, emotional, and physical dimensions [14].
Pedagogical approaches that support physical literacy also emphasize the integration of
knowledge, motivation, confidence, and physical competence [15]. Physical literacy research
has consistently conceptualized learning as an interaction between cognitive understanding,
affective disposition, and embodied competence [16]. These principles support a multidomain
framework in which cognitive learning includes knowledge of movement concepts,
biomechanical principles, analysis, and instructional understanding. Affective learning includes
motivation, confidence, discipline, responsibility, and engagement. Psychomotor learning
includes movement competence, technical execution, coordination, demonstration, and
practical performance. Evidence from physical education research also shows that instructional
design can influence achievement motivation and students’ willingness to participate actively
in learning [17]. Meta-analytic evidence further confirms that pedagogical interventions can
produce measurable effects on motivation when instructional content and learning experiences
are structured appropriately [18].

A critical research gap remains between technological innovation and integrated
pedagogical evidence. Studies on Al in education have identified persistent gaps between
technological development, educational theory, and empirically demonstrated learning effects
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[19]. Research in physical education has often examined specific applications such as movement
analysis, intelligent evaluation, fitness prediction, generative Al, or technology acceptance. This
fragmented orientation makes it difficult to determine whether Al functions collectively as an
adaptive pedagogical system. Evidence from K-12 education also indicates that Al offers
substantial instructional affordances, but its educational value depends on contextual suitability,
teacher mediation, ethical use, and alignment with learner needs [20]. Recent research on
generative Al in sport and physical education has expanded discussion on instructional
planning, content generation, and learning support, yet the field still requires stronger empirical
evidence connecting Al-based adaptation with multidomain learning outcomes [21]. Limited
research has examined personalization, adaptive feedback, task difficulty adjustment, learning
analytics, and learner autonomy as interconnected dimensions of one adaptive pedagogical
construct and related them simultaneously to cognitive, affective, and psychomotor learning.

This study addresses this gap by examining artificial intelligence enabled adaptive
pedagogy in physical education and its relationship with multidomain learning among university
students in physical education. The study conceptualizes Al enabled adaptive pedagogy through
five dimensions, namely learning personalization, adaptive real-time feedback, adjustment of
task difficulty, learning analytics for instructional decision making, and learner autonomy.
Multidomain learning is examined through cognitive, affective, and psychomotor domains. The
study aims to describe the level of Al enabled adaptive pedagogy and multidomain learning,
examine the relationship between both constructs, and determine the extent to which adaptive
pedagogy is associated with multidomain learning. The novelty of this study lies in integrating
several adaptive Al functions into a unified pedagogical construct and linking that construct to
three learning domains that represent the core educational characteristics of physical education.
This framework provides an empirical basis for designing physical education environments that
are more personalized, responsive, data-informed, and aligned with multidomain learning.

2. Method
Study Design

This study employed a quantitative cross-sectional correlational design to examine the
relationship between artificial intelligence enabled adaptive pedagogy and perceived
multidomain learning in physical education. Artificial intelligence enabled adaptive pedagogy
was positioned as the predictor construct, while perceived multidomain learning was treated as
the outcome construct. The design enabled the simultaneous assessment of students’ learning
experiences and perceived multidomain learning outcomes without manipulating instructional
conditions.

Participants

The participants were 196 undergraduate students enrolled in the Physical Education,
Health, and Recreation program. The sample comprised 149 male students, 76.0%, and 47
female students, 24.0%. A total of 134 students, 68.4%, were in the fourth semester and 62
students, 31.6%, were in the sixth semester. Previous experience using artificial intelligence
applications was reported by 131 students, 66.8%. All complete responses were included in the
analysis.

Instrument

Data were collected using a structured 43-item questionnaire developed to measure
artificial intelligence enabled adaptive pedagogy and perceived multidomain learning. The
adaptive pedagogy construct consisted of 25 items covering learning personalization, adaptive
real-time feedback, task difficulty adjustment, learning analytics for decision making, and
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learner autonomy support. These dimensions represent key applications of Al for personalized
instruction, intelligent guidance, evaluation, and adaptive recommendation in physical
education [22], [23], [24], [25], [26].

Perceived multidomain learning consisted of 18 items representing cognitive, affective,
and psychomotor domains, with six items in each domain. All items were rated using a five-
point Likert scale ranging from 1, Strongly Disagree, to 5, Strongly Agree. Higher scores
indicated stronger perceptions of Al enabled adaptive pedagogy and perceived multidomain
learning. The complete construct structure is presented in Table 1.

Table 1. Structure of the Research Instrument

Construct Dimension Item Code Number of
Items

Artlﬁqal Intelligence Enabled Learning Personalization X1-X5 5
Adaptive Pedagogy
Artificial Intelligence Enabled Adaptive Real-Time X6-X10 5
Adaptive Pedagogy Feedback
Artificial Intelligence Enabled Task Difficulty X11-X15 5
Adaptive Pedagogy Adjustment
Artificial Intelligence Enabled Learning Analytics for X16-X20 5
Adaptive Pedagogy Decision Making
Artlﬁc_lal Intelligence Enabled Learner Autonomy X21-X25 5
Adaptive Pedagogy Support
Perceived Multidomain Learning Cognitive Domain Y1-Y6 6
Perceived Multidomain Learning Affective Domain Y7-Y12 6
Perceived Multidomain Learning Psychomotor Domain Y13-Y18 6

Content validity was assessed through expert judgment based on item relevance, language
clarity, and item construction. The expert ratings ranged from 3 to 4 on a four-point scale, and
the instrument was judged suitable for use without revision. Internal consistency was
subsequently assessed using Cronbach’s alpha and corrected item-total correlations.

Data Collection and Ethical Considerations

Participants received information about the study objectives, voluntary participation,
confidentiality, and the academic use of the collected data before completing the questionnaire.
Participation did not affect academic assessment, and respondents could discontinue
participation at any stage. Participants first completed demographic information and previous
Al experience, followed by the 25 adaptive pedagogy items and 18 perceived multidomain
learning items. Data screening confirmed that all 196 responses contained complete values
across the 43 analytical items.

Statistical Analysis

Descriptive statistics included frequency, percentage, mean, standard deviation, minimum,
and maximum values. Internal consistency was assessed using Cronbach’s alpha and corrected
item-total correlations. Distributional assumptions were examined using the Shapiro-Wilk test,
skewness, and kurtosis.

Pearson correlation was used to examine the association between artificial intelligence
enabled adaptive pedagogy and perceived multidomain learning. Simple linear regression
assessed the association between the overall adaptive pedagogy score and perceived
multidomain learning. Multiple linear regression examined the unique associations of the five
adaptive pedagogy dimensions with perceived multidomain learning, with variance inflation
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factors used to assess multicollinearity. Statistical significance was set at p < .05 using two-
tailed tests.
3. Results
Participant Characteristics

The analysis included 196 undergraduate students from the Physical Education, Health,
and Recreation program. Male students represented 76.0% of the sample, while female students
represented 24.0%. Most participants were fourth-semester students, 68.4%, and 66.8% reported
previous experience using artificial intelligence applications. All 196 cases contained complete
responses across the 43 analytical items, resulting in no missing data for the primary analyses.

Table 2. Characteristics of Participants.

Characteristic Category n %
Gender Male 149 76
Female 47 24
Semester Fourth semester 134 68.4
Sixth semester 62 31.6
Previous Al experience Yes 131 66.8
No 65 33.2

Descriptive Statistics and Internal Consistency

Table 3 presents the descriptive statistics and internal consistency of the study constructs.
The overall score for artificial intelligence enabled adaptive pedagogy was relatively high, M =
3.923, SD = 0.489. Learning Personalization showed the highest mean among the five adaptive
pedagogy dimensions, M = 3.969, followed by Task Difficulty Adjustment, M = 3.921, Learner
Autonomy Support, M = 3.918, Adaptive real-time feedback, M = 3911, and Learning
Analytics, M = 3.896. The narrow range of dimension means indicates relatively consistent
perceptions across the adaptive learning components.

Perceived multidomain learning also showed a relatively high overall score, M = 3.939,
SD = 0.387. The Cognitive Domain recorded the highest mean, M = 3.963, followed by the
Psychomotor Domain, M = 3.932, and the Affective Domain, M = 3.923. Internal consistency
was strong for the overall adaptive pedagogy scale, o = .941, and perceived multidomain
learning scale, o = .868. Reliability coefficients across the specific dimensions ranged from .620
to .783.

Table 3. Descriptive Statistics and Internal Consistency of Study Constructs

'
Construct and Dimension M SD Min Max Cronbach's
alpha

Artificial Intelligence
Enabled Adaptive Pedagogy 3.923 0.489 2.48 4.92 0.941
Learning Personalization 3.969 0.533 2.20 5.00 0.760
Adaptive Real-Time

3911 0.531 2.60 5.00 0.740
Feedback
Task Difficulty Adjustment 3.921 0.528 2.60 5.00 0.727
Learning Analytics 3.896 0.561 2.00 5.00 0.783
Learner Autonomy Support 3.918 0.564 2.40 5.00 0.781
Perceived Multidomain 3.939 0.387 2.83 4.83 0.868
Learning
Cognitive Domain 3.963 0.397 2.67 4.83 0.620
Affective Domain 3.923 0.450 2.50 5.00 0.714
Psychomotor Domain 3.932 0.438 2.67 5.00 0.666
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Correlations Between Adaptive Pedagogy and Perceived Multidomain Learning

The overall artificial intelligence enabled adaptive pedagogy score was positively and
significantly correlated with perceived multidomain learning, r = .666, p <.001. This coefficient
indicates a moderate-to-strong positive relationship, suggesting that higher levels of adaptive
pedagogy were associated with higher perceived cognitive, affective, and psychomotor learning
outcomes.

All five adaptive pedagogy dimensions showed significant positive correlations with the
three perceived learning domains: cognitive, affective, and psychomotor, with coefficients
ranging from r = 454 to r = .612, all p < .001. Learning Personalization demonstrated the
strongest correlation with the Psychomotor Domain, r = .612. Learner Autonomy Support
showed the strongest relationship with the Affective Domain, r = .576, while Learning
Personalization also displayed a substantial relationship with the Cognitive Domain, r = .571.

Table 4. Correlations Between Adaptive Pedagogy Dimensions and Perceived Multidomain Learning

Adaptive Pedagogy Dimension Cognitive Affective Psychomotor
Learning Personalization 0.571 0.541 0.612
Adaptive Real-Time Feedback 0.537 0.548 0.548
Task Difficulty Adjustment 0.484 0.454 0.523
Learning Analytics 0.551 0.514 0.555
Learner Autonomy Support 0.558 0.576 0.552

Note. All correlations were statistically significant at p <.001.

Figure 1 illustrates the relationship between Artificial Intelligence Enabled Adaptive
Pedagogy and Perceived Multidomain Learning. The distribution of individual observations
shows a clear positive linear pattern. Higher adaptive pedagogy scores were associated with
higher perceived multidomain learning scores. This visual pattern is consistent with the Pearson
correlation analysis, which demonstrated a significant positive relationship between the two
constructs, r = .666, p <.001.
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Fig. 1. Relationship between Artificial Intelligence Enabled Adaptive Pedagogy and Perceived
Multidomain Learning

The correlation pattern indicates that no single adaptive function was restricted to one
learning domain. Each component was associated with cognitive, affective, and psychomotor
outcomes. Learning Personalization showed particularly consistent associations across all three
domains, while Task Difficulty Adjustment produced comparatively lower, although still
significant, coefficients.

Overall Association With Perceived Multidomain Learning

The simple linear regression model was significant, with artificial intelligence enabled
adaptive pedagogy explaining variance in perceived multidomain learning, F(1, 194) = 154.30,
p <.001. The model explained 44.3% of the variance in perceived multidomain learning, R? =
443, adjusted R? = .440. A one-point increase in adaptive pedagogy was associated with a
0.527-point increase in perceived multidomain learning, B = 0.527, SE = 0.042, B = .666, t =
12.423,p <.001.

Table 5. Simple Linear Regression of Al Enabled Adaptive Pedagogy and Perceived Multidomain

Learning
Predictor B SE beta t p 95% CI
Constant 1.873 0.168 11.175  <.001  1.542,2.203
Al Enabled 0.527 0.042 0.666 12423 <.001  0.443,0.610
Adaptive Pedagogy

Model statistics: R* = 443, Adjusted R? = .440, F(1, 194) = 154.30, p <.001.
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The regression assumptions were adequately supported. The overall adaptive pedagogy
score showed no significant departure from normality, W = .990, p = .208, and perceived
multidomain learning also showed an approximately normal distribution, W = .992, p = .327.
Regression residuals were normally distributed, W =.996, p = .932. The Breusch-Pagan test did
not indicate heteroscedasticity, p = .676.

Associations of Adaptive Pedagogy Dimensions With Perceived Multidomain Learning

A multiple regression model was conducted to examine the unique associations of the five
adaptive pedagogy dimensions. The combined model was statistically significant, F(5, 190) =
31.68, p <.001, explaining 45.5% of the variance in perceived multidomain learning, R = .455,
adjusted R? = .440.

Learning Personalization emerged as the only statistically significant unique predictor
after controlling for the other adaptive pedagogy dimensions, B = 0.215, B = .296, p = .003.
Learner Autonomy Support showed a positive coefficient, f = .194, but did not reach the .05
significance threshold, p = .077. Variance inflation factors ranged from 2.69 to 4.16, indicating
that multicollinearity remained within an interpretable range.

Table 6. Multiple Regression of Adaptive Pedagogy Dimensions and Perceived Multidomain Learning

Predictor B SE beta p VIF
Learning Personalization 0.215 0.071 0.296 0.003 3.32
Adaptive Real-Time
Feedback 0.086 0.076 0.118 0.258 3.75
Task Difficulty Adjustment 0.027 0.065 0.036 0.681 2.69
Learning Analytics 0.063 0.075 0.092 0.397 4.08
Learner Autonomy Support 0.133 0.075 0.194 0.077 4.16

Model statistics: R> = 455, Adjusted R? = 440, F(5, 190) = 31.68, p <.001.

Taken together, the results show three central findings. Artificial intelligence enabled
adaptive pedagogy and perceived multidomain learning were both rated relatively high. All
adaptive pedagogy dimensions were positively associated with cognitive, affective, and
psychomotor learning. The overall adaptive pedagogy construct explained a substantial
proportion of perceived multidomain learning variance, while learning personalization emerged
as the strongest unique dimension when the five adaptive functions were considered
simultaneously.

4. Discussion

The present study identified a strong positive association between artificial intelligence
enabled adaptive pedagogy and perceived multidomain learning, r = .666, p < .001, with the
overall model explaining 44.3% of the variance in perceived multidomain learning. This result
supports recent evidence that Al is transforming physical education through intelligent analysis,
responsive instructional support, and data-informed decision making [27]. Interactive visual
analysis has demonstrated the capacity of Al to strengthen university physical education systems
[28], while integration of Al with the Internet of Things has expanded opportunities for
intelligent sports practice teaching [29]. Real-time AI methods also provide increasingly
sophisticated mechanisms for monitoring and interpreting performance data [30]. Comparable
developments are evident in intelligent college sports training systems [31], personalized digital
training and feedback platforms [32], Al-supported evaluation of teaching methods [33], and
machine-learning-based prediction of sports achievement [34]. These studies mainly
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demonstrate technological capability. The present findings extend this evidence by showing that
Al becomes educationally meaningful when its functions operate within an integrated adaptive
pedagogical structure. We argue that the observed association does not arise from Al availability
alone. Its pedagogical value depends on how personalization, feedback, task adaptation,
analytics, and learner autonomy are coordinated to respond to individual learning conditions.

Learning personalization was the strongest unique statistical correlate of perceived
multidomain learning, f = .296, p = .003, when the five adaptive pedagogy dimensions were
examined simultaneously. This finding gives personalization a central pedagogical position
within Al enabled physical education. Al-generated training has demonstrated the feasibility of
tailoring exercise experiences to individual learners [35], while Al-delivered physical activity
interventions indicate that intelligent systems can support populations with distinct learning and
developmental characteristics [36]. Machine learning also enables physical education
researchers and teachers to analyze behavioral patterns that are difficult to capture through
conventional observation alone [37]. The present results extend these studies because
personalization was associated with an integrated outcome encompassing cognitive, affective,
and psychomotor learning rather than a single performance indicator. We interpret this result
through the heterogeneous nature of physical education. Students enter learning situations with
different prior knowledge, movement competence, confidence, physical capacity, and rates of
skill acquisition. A uniform instructional pathway cannot respond equally to these differences.
Personalization allows task demands and learning information to remain aligned with individual
progression. The absence of unique statistical significance for several other dimensions should
not be interpreted as evidence that those dimensions are unimportant. Their significant bivariate
relationships with perceived multidomain learning suggest that they may operate as
interconnected components of the same adaptive process rather than as independent
instructional mechanisms.

The relatively balanced cognitive, affective, and psychomotor scores provide further
evidence that Al enabled adaptive pedagogy should be evaluated through the multidimensional
character of physical education. Al applications have already been developed to support risk
identification and emergency responses during physical education activities [38], [39],
illustrating that intelligent systems can interact with observable physical behavior in real
learning environments. Generative Al has expanded this role into sport education, instructional
design, assessment, and learning support. ChatGPT has been examined as an instructional
resource in sport-related higher education [40], and physical education scholarship has
identified practical applications for planning, instruction, and assessment [41]. Structured
guidance for using generative Al in physical education lesson planning has also emerged [42],
while research on ChatGPT in sport education identifies both instructional opportunities and
implementation constraints [43]. Recent conceptual work further positions generative Al as a
mechanism for integrating physical education and health learning [44]. We argue that these
technological functions can influence different learning domains through distinct but connected
pathways. Adaptive information supports cognitive processing, individualized challenge may
strengthen confidence and engagement, and repeated corrective feedback may facilitate
psychomotor refinement. This interpretation explains why Al enabled adaptive pedagogy
should not be evaluated exclusively through knowledge acquisition or technical performance.
Its educational relevance lies in its capacity to support multidomain development within the
same learning environment.

The findings also reinforce the position of teachers as central agents in Al enabled adaptive
pedagogy. Earlier reviews of Al in higher education identified a strong technological orientation
and questioned the limited visibility of educators in Al research [45]. Current scholarship on
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generative Al calls for stronger pedagogical design, explicit learning objectives, and responsible
integration of intelligent systems [46]. Reviews of empirical Al applications in online higher
education similarly show considerable variation in pedagogical functions and educational
evidence [47]. Historical analysis demonstrates that Al in education has progressively shifted
from isolated technological applications toward broader learning and instructional ecosystems
[48], while recent evidence confirms rapid expansion of Al across teaching and learning in
higher education [49]. Physical education creates an additional requirement because teachers
must interpret Al-generated information in relation to movement quality, individual differences,
interaction, safety, and instructional context. Qualitative evidence from physical education
teachers confirms that Al adoption is shaped by individual, behavioral, and environmental
factors [50]. We therefore argue for a teacher-mediated model of adaptive Al rather than
algorithmic substitution. Al should identify patterns, generate feedback, and support adaptation.
Teachers should retain responsibility for interpreting data, selecting pedagogically appropriate
responses, and determining whether algorithmic recommendations fit the learner and
instructional context. This human-guided configuration provides a stronger basis for responsible
Al integration in physical education.

This study contributes an integrated empirical perspective by linking five adaptive Al
functions with cognitive, affective, and psychomotor learning. Its interpretation remains
bounded by the cross-sectional design, reliance on self-reported measures, and sample of
university physical education students. The statistical relationships cannot establish causal
effects, and perceived multidomain outcomes cannot replace direct assessment of knowledge,
affective development, or motor performance. Future studies should employ experimental and
longitudinal designs, objective movement measurements, performance assessments, learning
analytics, and repeated observations. Established physical education models also indicate that
intervention effects depend on implementation characteristics, participant profiles, and
pedagogical design [51]. Research on physical literacy further demonstrates the importance of
assessing multidimensional competence and professional pedagogical capacity [52]. We
contend that the next stage of research should move from perception-based association toward
direct testing of adaptive mechanisms. Experimental systems should determine whether
personalization, real-time feedback, task adjustment, learning analytics, and learner autonomy
produce measurable changes in cognitive achievement, affective development, and
psychomotor performance. Such evidence would provide a stronger basis for developing Al
enabled physical education as a pedagogically grounded adaptive learning system rather than a
technology-centered instructional innovation.

5. Conclusion

Artificial intelligence enabled adaptive pedagogy demonstrated a strong positive
relationship with perceived multidomain learning in physical education, with personalization
emerging as the strongest unique statistical correlate and the overall model explaining 44.3% of
the variance in perceived multidomain learning. These findings indicate that Al contributes most
effectively when personalization, adaptive feedback, task adjustment, learning analytics, and
learner autonomy are integrated into a coherent pedagogical system. The study highlights the
significance of Al as a support mechanism for responsive, data-informed, and learner-centered
physical education while maintaining the teacher’s role in pedagogical interpretation and
decision making. The findings provide an empirical basis for designing adaptive physical
education environments that address multidomain learning rather than isolated performance
outcomes. The cross-sectional design, reliance on self-reported data, and sample limited to
university physical education students restrict causal interpretation and broader generalization.
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Future research should use experimental or longitudinal designs and include direct measures of
cognitive achievement, affective development, and psychomotor performance.
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