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universities based on fuzzy decision
support systems

Zhaojin Zhong?, Wenzhi Guo?** & Regina Nacional®

Innovative Physical Education (PE) teaching methods rely on technologies and innovative
environments to improve the fitness and efficiency of students. Such teaching/ training methods

need periodic assessments to improve quality and cope with modern trends. This article introduces

an Active Teaching Assessment Method (ATAM) using fuzzy decision support systems (FDSS). By
analyzing performance data and physiological features, a Fuzzy Decision Support System may provide
individualized training programs for athletes. FDSS considers factors like fitness level, recovery rate,
and injury history to provide personalized suggestions. The fuzzy generates a series of membership
functions based on the different performance levels of the students. Such performance levels provide
optimal efficacy-adhered teaching methods randomly. The random outputs are combined based on
student feasibility factors; the feasibility factors include PE time and academic performance. The active
assessments are classified based on suitable outputs to persuade new PE sessions. The assessment

is provided using fuzzy decision recommendation through feasible derivative improvements. In

this process, the fuzzy derivatives only consider the best-fit (maximum efficient) teaching method.
Therefore, the recommendations from the best fit are provided with a much better assessment from
the previous sessions. With 12 categories, it can handle various classroom situations and student
requirements. Compared to other methodologies, ATAM’s evaluation time of 75 s is the shortest,
indicating excellent efficiency. Lastly, an output combination percentage of 85% best integrates
performance and recommendation indicators.

Keywords Assessment model, Classification, Fuzzy decision support system, Physical education teaching
methods

Physical education (PE) teaching is a teaching process that improves learning through sports and student health
development. Physical education teaching ensures that every student receives health benefits via education
services. “Improves learning through sport” means that learners gain essential physical, social, and cognitive
abilities such as teamwork, discipline, perseverance, goal-setting, and leadership by engaging in structured
physical activities. Physical education develops these required skills and enhances overall learning above the
academic curriculum®. PE teaching contains various methods to create or encourage children to perform physical
activities. Physical education teaching using big data is used for educational institutions®. A deep learning (DL)
algorithm is used to identify the necessary information to provide a proper curriculum for the students®. The
extensive data-based PE teaching method provides accurate exercises and assignments to the students. “Accurate
exercises and assignments” refers to specially designed programs of physical fitness, such as strength training,
conditioning runs, stretching exercises, and rehabilitation exercises, that students are advised of based on their
class performance, class fitness, and scholarship in the PE course. The big data is analyzed and produced for the
teaching method, which minimizes the complexity of increasing the students’ academic growth®. A bidirectional
long short-term memory (Bi-LSTM) algorithm-based PE teaching method is also used for the institutions. The
Bi-LSTM algorithm identifies the important indexes required for the teaching process. The Bi-LSTM algorithm
increases the accuracy in providing necessary educational services to the students’.

A decision system (DS) analyses the massive amount of data provided to perform specific organizational
tasks®. DS-based models are commonly used to optimize PE teaching systems. A decision tree algorithm-
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based PE teaching method is implemented in universities’. The DS trains the datasets with feasible attributes
for the teaching system. The trained modules produce effective teaching strategies for the institutions, which
minimize the complexity of improving the knowledge level of the students®. The DS-based method enhances
the quality and standard range of the universities. A decision system-based model is also used to improve the
overall quality level of PE teaching systems. DS is used to plan the PE curriculum to enhance strategic decision-
making, optimize resource utilization, and evolve student instruction from dynamic data analysis. By analyzing
students’ performance, rates of participation, and available resources in a systematic way, DS models remove
administrative delay so that physical education programs become more responsive and sensitive to the physical
development needs of students’. The decision system first evaluates the curriculum’s fundamental values
and characteristics, eliminating unwanted latency in the teaching process. By considering curriculum goals,
learning outcomes, and fitness standards at the outset, the system avoids redundant or conflicting activities, thus
preventing teaching delays (“latency”) and maximizing PE sessions’ efficiency, concentration, and enthusiasm
for students!?. The overall quality of service (QoS) range is improved among the students, which increases
efficiency in understanding the exact meaning of the tasks. The decision system enhances PE teaching systems’
performance and feasibility range!!.

Physical education teaching evaluation is a complicated task to perform in every educational application'2.
The PE teaching evaluation produces optimal datasets to improve students’ academic performance. PE teaching
is mainly provided to guide students with enormous skill and knowledge levels'®. A fuzzy stochastic algorithm-
based PE teaching evaluation method is used to evaluate the teachers’ teaching abilities. A questionnaire is
provided to the students to gather optimal details about teaching and learning services'®. The questionnaire
minimizes the latency and energy consumption level in the evaluation process. PE teaching improves the
efficiency and effectiveness of the range of teaching services to the students'®. A principal component analysis
(PCA) based PE teaching evaluation method is used to analyze the educational quality range of the institutions.
The PCA technique identifies the optimal characteristics and data that contain the exact teaching effects of the
system. The PCA technique detects the drawbacks of the teaching system, which are provided to improve the
quality of the systems!®!”.

In fuzzy logic, the degree of membership may be represented as a continuous number between zero
and one. As a result, fuzzy logic shines in contexts where thinking is more approximative than explicit and
precise. According to classical set theory, everything may be classified as belonging to a set or not. Members
of fuzzy sets may have membership degrees between zero and one. The membership functions define the 0 to
1 membership values assigned to each point in the input space. Typical membership function forms include
triangles, trapezoids, and a Gaussian curve. In a fuzzy logic system, the decision-making process is based on
fuzzy rules, which are IF-THEN statements. Creating a mapping from an input to an output using fuzzy logic is
known as a fuzzy inference system. It requires using membership functions, and fuzzy inputs are transformed
into fuzzy values via fuzzyification. To get fuzzy results, Rule Evaluation applies fuzzy rules to fuzzy inputs. Fuzzy
results from each rule are combined in the Aggregation of Outputs. To defuzzify is to transform a fuzzy output
into an unambiguous number back. Incorporating fuzzy decision support systems is the driving force behind
this research, which aims to meet the demand for novel physical education (PE) instruction approaches. Many
current physical education (PE) approaches need to consider the nuances and variety of students’ academic and
athletic pursuits. The current endeavor seeks to address this knowledge gap by developing and implementing
an Active Teaching Assessment Method (ATAM) that utilizes fuzzy logic to evaluate and improve teaching
tactics regarding student performance, time limitations, and academic outcomes. The suggested approach aims
to enhance university physical education instruction by utilizing fuzzy membership functions with decision-
making procedures to generate enhanced, data-driven suggestions. Figure 1 shows the Gaussian Membership
Function.

In the proposed ATAM, suggestions are made by comparing data from the current session with previous
sessions through fuzzy derivatives. Each session’s performance and recovery factors are compared, and the system
determines the best teaching style based on the highest efficiency and interest attained. The “best application”
recommendation is the teaching approach with the best pupil outcomes (e.g., best fitness improvement, fastest
recovery, most vigorous involvement) in past sessions. Such recommendations are not arbitrary but optimized
and conditioned by data comparison of past and current session results to generate more precise and tailored
teaching interventions over time.

Advantages

By including fuzzy membership functions, the ATAM technique offers a thorough evaluation that considers
subtleties. Evaluation is quick thanks to its fast 75-second time. Its recommendation factor of 5.0 shows how
well it adjusts pedagogical approaches. With its 12 categories, ATAM can adapt to different classroom situations.
It combines performance and recommendation indicators to achieve an 85% output combination rate, leading
to better results.

“With its 12 categories, ATAM can fit various classroom conditions” alludes to the categorization system
implemented within the Active Teaching Assessment Method (ATAM). The 12 categories are unique physical
education learning environments and student populations, i.e., differences in fitness levels (low, medium,
high), recovery rates (fast, moderate, slow), engagement levels (high or low), and academic congruence with
performance in PE. By dividing students into these 12 groups based on their live performance data and learning
needs, ATAM enables teachers to tailor instruction in real time. For example, less fit and less motivated students
get easier, motivating exercises, while highly fit and motivated students get more difficult fitness exercises.
This adaptability in the differing categories ensures that various class settings, such as mixed-ability or mixed
motivational settings, are adequately addressed, offering PE teaching that is more personalized, inclusive, and
productive.
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Fig. 1. Gaussian membership functions.

Motivation and problem statement

Physical education (PE) is integral to university programs that enhance students’ health, physical fitness,
teamwork, and cognitive abilities. Over the past few years, education systems have used increasingly sophisticated
technologies to tailor learning, maximize resource allocation, and involve students more actively. Big data
analytics, machine learning algorithms, and decision support systems have successfully been used to maximize
educational processes in many areas, including PE. But with all such technological developments, PE teaching
does not commonly adjust in response to student needs, levels of fitness, recovery capacity, and academic
potential, leading towards a mismatch in instructional provision versus optimization of learning performance.

Although prior approaches involving big data, decision trees, and deep learning models like Bi-LSTM models
have enhanced the delivery of some aspects of the curriculum, they lack in anticipating the inherent uncertainties
and multi-dimensional variability involved in students’ physical and academic profiles. Conventional assessment
models primarily utilize fixed categorizations and static evaluations, making them inadequate in delivering
genuinely adaptive and personalized teaching. Existing methods seldom blend fitness recovery rates, history
of injury, time management, and academic performance within an integrated, adaptable system. Furthermore,
existing systems cannot perform iterative refinement based on student progress from session to session, a key
component to enabling performance gains to be maintained in the long term.

In this study, personalized suggestions generated by the Fuzzy Decision Support System (FDSS) specifically
target physical attributes of students, such as fitness level, recovery rate, and injury history. While physical
education inherently contributes to overall well-being, including mental health, the scope of this work focuses
exclusively on enhancing physical health, fitness development, and injury prevention, rather than direct cognitive
or psychological outcomes. Active evaluations are ongoing, and a session-by-session diagnostic examination of
students’ physical performance is based on fuzzy logic rules. Appropriate outputs are the personalized exercise
recommendations, training modifications, or learning activities that result from these diagnoses. These outputs
should maximize each student’s progress based on their immediate physical and recovery status.
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This study aims to outline a dynamic adaptive Active Teaching Assessment Method (ATAM) based on FDSS
to adapt and tailor physical education teaching. The added value is real-time pedagogical strategy adjustments,
considering physical and academic limitations, and adding adaptive fuzzy decision-making for enhanced overall
responsiveness to individual students’ needs and enhancement of physical development.

PE teachers can apply the suggested ATAM model to track students’ performance in real time, provide
tailored exercises, minimize risk injuries, and maximize student motivation. The anticipated outcomes are
increased student participation, increased speed of physical skill achievement, enhanced fitness level, and
increased session effectiveness compared to conventional static PE teaching models.

Research questions
The research questions are

« How can Fuzzy Decision Support Systems (FDSS) improve the assessment and reform of physical education
teaching methods in universities?

o What are the key factors influencing the effectiveness of FDSS in physical education teaching?

o How can the Active Teaching Assessment Method (ATAM) be integrated into the curriculum to enhance
teaching quality?

o What challenges and barriers might institutions face when implementing FDSS in physical education?

« How does ATAM compare to traditional methods to improve teaching performance and student engagement
in physical education courses?

Key points and contributions of the paper
The key points of the study are:

(1) PE teaching assessment method using fuzzy decisions considering the impacting factors;

(2) Best-fit solution extraction and recommendation through multiple considerations and fuzzy derivatives;
(3) Data incorporated analysis for description-based assessment;

(4) A comparative study with different variants related to the explanations and briefings.

The main contributions of the study are:

« The study introduces fuzzy decision support systems to present ATAM, an evaluation strategy for physical
education (PE) courses in higher education.

« The proposed approach employs fuzzy logic to tailor lessons to each student’s needs, considering available
physical education time and prior academic achievement.

o The proposed study presents a new strategy for iteratively refining based on session data to extract the most
effective teaching methods.

« The study proposes a physical education (PE) paradigm that considers student engagement, collaboration,
and fitness levels as an alternative to more conventional evaluation strategies.

« The method emphasizes concrete, evidence-based suggestions that teachers may use to enhance their peda-
gogical practices and students’ classroom results.

“Physical education time” is the amount of time devoted to PE classes, and “prior academic achievement” is
students’ previous work in PE classes, e.g., fitness tests and participation scores. Both assist ATAM in tailoring
teaching styles by balancing time available against students’ learning history and physical development
requirements. Engagement, collaboration, and fitness levels add a deeper understanding of assessing student
advancement than standard measurement. Engagement induces habit and motivation; cooperation reinforces
cooperation and socialization; and fitness defines actual bodily gain. Together and separately, they offer
a wider, more active, and tolerant system that standard tests are prone to fall short of. Students’ physical
education classroom results refer to measurable results like improvements in fitness, skill development, levels of
participation, and teamwork abilities. These results, in addition to representing academic learning, also represent
physical improvement. Enhanced classroom results result in increased cardiovascular fitness, muscular strength,
coordination, and overall health, leading to improved performance in the short term and good health lifestyle
habits in the long term.

Hence, this research suggests a new Active Teaching Assessment Method (ATAM) based on Fuzzy Decision
Support Systems (FDSS) to methodically enhance physical education (PE) teaching approaches in universities.
This research seeks to create a methodical, evidence-based, and responsive model that maximizes student
performance, motivation, and academic achievement through fuzzy-based iterative assessment and enhancement
by pinpointing gaps in existing PE teaching approaches. Here, the term “academic achievement” refers to the
performance of pupils in classes related to Physical Education. The measurement parameters in the assessment
form include physical tasks or project accomplishments, fitness test scores, PE grades, and participation level.
Herein is not referenced in the overall academic success of all courses taken at the school.

Organizations of the study

The rest of this paper is structured as follows: “Related works” section presents related work on physical
education technology and fuzzy logic applications. Section “Data used” describes the data used in the study.
Section 4 outlines the proposed methodology, including fuzzy membership function design and mapping
derivation. Section “Active teaching assessment methods” presents the experimental setup and verification
results. Section “Fuzzy-based evaluation” presents implications, limitations, and future research directions.
Lastly, Section “Conclusion” concludes the paper.
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Related works

Fengetal.'® proposed integrating a virtual reality (VR)-based physical education (PE) teaching model. The model’s
main aim is to improve young people’s physical quality. VR technology provides effective teaching methods,
creating a unique environment between students and teachers. It also offers learners various interactive services,
minimizing the learning process’s latency. The proposed VR-based model enhances students’ enthusiasm for
learning physical activities. The research limitation includes a need for long-term studies assessing individual
differences among students.

Garcia-Mass6 et al.'® designed an effective PE teaching method to improve the effectiveness and customized
exercises in high schools. The method analyses both static and dynamic postural control with traditional exercises.
The analyzed information produces optimal information to enhance the development range in teaching systems.
The technique maximizes the stability and feasibility level of postural control in adolescents. The size and variety
of the study’s sample population may restrict the effectiveness of PE teaching.

Moon et al.?’ introduced a system for observing virtual real-time lessons in physical education (SOVRTL-
PE). The introduced model is an observation tool that detects instructional exercises in teaching systems. It also
addresses the validity and stability range of high school teachers. The introduced SOVRTL-PE increases the
reliability and performance range of PE teaching systems. The study could only include some physical education
teaching methods and exercises.

Sturm et al.2! developed a mixed method for the PE system. The actual goal of the process is to evaluate the
need-supportive teaching level of teachers among the students. Content analysis is implemented in the method,
which analyzes the basic physiological needs of the students. The analyzed value minimizes the complexity
of providing necessary services to the learners. The developed method improves the quality of the teaching
systems. School regulations, the demographics of students, and the learning environment might affect teacher
quality ratings.

Kakazu et al.? proposed a new study for PE student teachers’ beliefs. It is used as an evaluation model to
evaluate the influence of professional socialization among students. The proposed model is a step-wise approach
that collects the optimal dataset for the evaluation process. It also creates positive intentions regarding physical
activities, increasing the quality of the classroom environment. The proposed model enhances the efficacy and
feasibility range of physical education. PE student instructors’ beliefs are assessed using self-reported data, which
could be biased by societal attractiveness or response acquiescence.

Zhu et al.? introduced deep learning (DL) and music-based flipped classrooms for PE. The flipped
classroom provides a music-integrated teaching process. The effects of teaching modes are analyzed using the
DL algorithm, which produces relevant data for the development process. The introduced model increases the
students’ autonomous learning ability. Experimental results show that the introduced model improves the quality
and effectiveness level of PE teaching systems. Teaching modalities may affect student learning depending on
preferences and engagement.

Wang et al.?* developed a VR and particle swarm optimization (PSO) algorithm-based PE teaching method
for universities. The developed method creates an interactive teaching experience for the students via VR
technology. The PSO algorithm is mainly used here to create a compelling student learning environment.
The developed method improves the overall efficiency and athletic abilities of the students. There needs to be
more clarity on how advances in athletic ability translate to performance in the real world outside the virtual
environment.

Bao et al.? proposed a physical education (PE) evaluation method using mobile edge computing, which is
used here to construct an evaluation index for hybrid teaching. The results demonstrated that it improves the
efficiency level of the evaluation process and the research gap, with a need for more investigation into particular
criteria for assessing hybrid teaching.

Zhang et al.”® suggested a teaching quality monitoring approach for PE. The edge computing optimization
model is implemented as an approach to improve the quality of teaching in ordinary colleges. Enhances the
knowledge capability level of the students. Limited research on edge computing optimization’s long-term
implications on physical education students’ understanding.

Ding et al.?® elaborated a teaching management system for PE in colleges. A support vector machine (SVM)
algorithm is used in the model to personalize the learning improvement range of the learners. Minimizes the
complexity of the management process. SVM-based individualized learning enhancement solutions in physical
education need more research.

Xie et al.?” applied a new PE teaching management system for universities. A multi-agent model is used here
to provide various flexible teaching management services to the applications. The applied model improves the
quality range of the teaching systems. Limited study on multi-agent model user acceptance and usefulness in PE
teaching management.

Han et al.”® developed a new PE evaluation method for colleges and universities. A neural network (NN)
algorithm analyzes the exact status of the learning process. This increases the evaluation process’s accuracy and
creates a research constraint on the lack of comparison analysis of NN algorithms’ accuracy and reliability in PE
assessment methods.

Wang et al.”” employed PE teaching management for colleges using intelligent edge-cloud computing is
implemented to minimize the loss of resource data during teaching services. Improves the performance and
significance level of the systems with the need to investigate intelligent edge-cloud computing integration
difficulties in teaching PE management systems.

Zhang et al.*° applied a motion attitude recognition system using a quaternion algorithm for PE teaching.
The quaternion algorithm eliminates unwanted errors during the teaching period, enhancing the accuracy
of the acquisition process. Few studies have examined the efficacy of quaternion algorithm-based movement
orientation detection systems in PE.
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Zhao et al.’! proposed a framework to evaluate the decision matrix for individuals based on multi-objective
heuristic decision-making considering various criteria. Decisions can be made on the combination of evaluation
criteria for each student and corresponding alternatives based on their skills using techniques for ordering
performance similar to ideal solutions in dealing with a multi-criteria decision system. The shortcoming of this
study was that the results varied according to learning applications.

Siyuan Li et al.* suggested the Fuzzy evaluation model for physical education teaching methods in colleges
and universities using artificial intelligence. The framework utilizes the expanded cuckoo search optimization
algorithm, incorporating natural/human language and fuzzy instructions. It considers three assessment
perspectives: the management stage, instructors, and pupils. The scores for each parameter are then inputted by
the teaching expert into the modified cuckoo search algorithm, which uses an impartial function to evaluate the
assessment outcome. It integrates the pupils’ mobility mechanism and movement vector deconstruction based
on functional criteria. The suggested model with improved cuckoo search optimization is used in a system that
assesses the quality of teaching. At 96.8% teaching efficiency in physical education, 95.04% participation rate,
95.49% student satisfaction, and 87.36% learning progress, the results show that the proposed algorithm has
achieved the highest scores across multiple assessment categories.

Alex Adams et al.>* recommended Video Feedback for Effective Motor Skill Learning in Online Physical
Education. This research aimed to examine the effect of various instructional strategies, including video
feedback, on the learning and maintenance of two-disc golf skills: the spin putt (SP) and the backhand throw
(BT). Forty-three undergraduates participated in the study by randomly assigning them to one of three groups:
visual cue sheet (VCS), self-assessment (SA), or delayed instructor feedback (TF). They worked on their spin
putt and backhand throw skills over four virtual practice sessions. They were tested on both abilities before,
during, and throughout the retention period. The posttest findings show that the SA and VCS groups made
considerable progress in their BT approach. On the posttest, all participants showed considerable improvement
in SP technique; on the retention test, however, only the VCS group maintained these gains in both disc golf
abilities. There was no statistically significant difference in the groups’ disc golf abilities on all three measures.
These results indicate that video feedback, especially when paired with real-time instruction via VCS or SA, may
significantly improve online motor skill development.

The highlighted related works (Table 1) identify robust innovation in physical education using technology,
machine learning, and decision systems. They also identify transparent drawbacks like static evaluation, partial
blending of academic and time considerations, and low flexibility to immediate pupil performance. The works
validate the significance of customization, real-time monitoring, and technological advancement in PE teaching,
but simultaneously recognize outstanding imbalances in inclusive, adaptive teaching methods. Drawing on these
roots, this current research presents a dynamic fuzzy decision support system (FDSS) that comprehensively
models fitness, academic, time, and teamwork, along with a best-fit extraction approach through fuzzy
derivatives and session mapping. By closing the gap between static assessment models and dynamic data-

Author(s) Contribution Limitation Influence on the present study
18 VR-based PE teaching model to improve Focusg s on virtual learning experiences; lgcks Highlights the importance of real-world constraints in PE reform;
Feng et al. . . handling of real-world PE session constraints - . . - . .
student engagement and physical quality S . . motivates inclusion of time and academic factors in ATAM
like time and academic requirements
Garcia- Customized exercises to improve postural | Sample population variety limits generalization; | Inspires the inclusion of multiple fitness factors (like stability) into a
Massé et al.'” | control in adolescents static exercise evaluation dynamic fuzzy evaluation framework
Moon et al.20 Observation tool for real-time PE lessons | Covers only a narrow range of instructional Emphasizes need for broader and more flexible assessment rules,
: (SOVRTL-PE) exercises achieved via fuzzy logic in ATAM
21 | Need-supportive PE teaching evaluation Influence of school regulations and Suggests th? need for adaptive me‘thods that can general}ze across
Sturm et al. . . . various environments, addressed in ATAM through flexible fuzzy
via content analysis demographics not addressed
parameters
Kakazu et al2 | Stepwise evaluation of student-teacher Self-reported bias possible; subjective Motivates our model to use objective physiological and academic
" | beliefs in PE evaluations data instead of purely self-reported inputs
Zhu et al.22 Deep learning-based flipped classroom Student engagement varies; does not address Reinforces the need to dynamically model student physical readiness
’ model to improve learning autonomy physical limitations or time constraints and academic balance, integrated into ATAM’s fuzzy system
Wang etal?s | YR+PSO algorithm for improving Limited real-world transferability of athletic Highlights the necessity for real-world performance indicators
8 ’ interactive PE learning environments improvements (fitness, recovery rates) in fuzzy assessment
24 PE evall}atlon throqgh mobl.le edge' Lack of detailed criteria for hybrid PE Motivates use of multifactor fuzzy-based evaluation criteria instead
Bao et al. computing, enhancing hybrid learning . .
. assessment of purely technological solutions
evaluation
Zhane et al.25 Edge computing optimization model for Unclear long-term impact on learning Encourages periodic monitoring and performance revisiting built
s : PE quality monitoring outcomes into ATAM sessions
Ding et al.26 Teaching management system using SVM | Requires further exploration into adaptive Supports the need for dynamic fuzzy adaptation rather than static
8 ’ for personalization learning and dynamic modeling personalization
Xie et al.?’ Multi-agent system for flexible PE teaching | Limited studies on user acceptance and Justifies our focus on real-world data-driven recommendations
’ management practical deployment in PE rather than system-level management only
Han et al.28 Neural network-based PE evaluation Lack of cross-validation for diverse PE tasks Encourages the iterative refinement of assessment methods (session-
’ method and environments by-session) using fuzzy derivatives
Wang et al2* Intelligent edge-cloud computing to Implementation challenges for integration in Supports the integration of resource constraints (time, academic
8 ’ manage PE teaching resources real-world PE classes limits) into fuzzy decision-making in ATAM

Table 1. Summary of related works.
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driven instructional refurbishment, our Active Teaching Assessment Method (ATAM) introduces an integrated,
dynamic system conducive to academic and athletic development.

Based on the critique of current approaches, this study is novel in filling the critical gaps in adaptability,
time-academic integration, and best-fit teaching practices through a new fuzzy-based decision support model.
The gaps in the literature prompted the development of an integrated methodological framework outlined in the
subsequent sections.

Data used
The data explored for this proposal is obtained from (https://data.world/city-of-ny/2emc-na4n) and presents
statistical values from PE Training for school-level students. The training model is different for 4th-grade
students, with 400. The training model is classified as best-fit estimation by max (performance/ instructions).
This performance is estimated based on the pupils’ minimum and maximum possible instructions. Figure 2 gives
a diagrammatic illustration of the data analysis.

The data representation is presented on the left side of Fig. 2, where the best-fit and least-fit classifications are

is ¥ instruction received, ¢ 4q i : B
performed. The mean value is %2 X No. of students x == r==on ivon ; this is used to combine / re-instruct

students on their performance. The fuzzy defined in this method validates the time and academic performance
impacts over the mean value. The derivatives are the extractions of (best-fit ® time) and (best ® academic) for
which the recommendations are provided (Refer to Fig. 2).

The phrase “This performance is estimated based on the least insignificant and maximum instructions
given to the students” is employed to discuss students’ physical education (PE) performance. Specifically, it
mentions how well students executed physical activity under minimal and maximal instruction conditions.
The performance is intended to point towards physical dimensions like fitness levels, exercise behavior, rate of
recovery, and skill execution during PE training sessions. Such performance estimates were critical for the fuzzy
decision support system to categorize the students’ best-fit and least-fit levels and adjust the Active Teaching
Assessment Method (ATAM) accordingly.

Active teaching assessment methods

This section describes the methodology for creating an Active Teaching Assessment Method (ATAM) from Fuzzy
Decision Support Systems (FDSS). The methodology design comprises model formulation, data collection, the
fuzzification process, the generation of membership functions, and decision extraction techniques. Each step
is intended to systematically solve the uncertainties of students’ performance and constraints in the learning
environment.

Methodological Thinking Process.

The proposed Active Teaching Assessment Method (ATAM) is intended to respond actively to various
interrelated variables influencing physical education (PE) performance. Considering that students” performance,
fitness levels, recovery rates, academic achievement, and participation are variable and uncertain, fuzzy logic
was considered the model of choice due to its ability to process imprecise and multi-dimensional information.
The reasoning process started with identifying key input variables, which were then used to design matching
fuzzy membership functions to model different performance levels. Fuzzy rules were intended to transform
inputs into optimal-best fit teaching approaches with a context- and personalized-recommendation system.
For iterative refinement, the approach was designed to continuously improve recommendations in an ongoing
session-by-session monitoring using fuzzy derivatives for learning best teaching adjustments. Notably, both time
considerations and learning outcomes were included in the fuzzy evaluation to prioritize comprehensive student
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Fig. 2. Data and analysis from the input.
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development. Such a train of thinking guarantees that not only is the method algorithmically sound but also
pedagogically consistent with actual educational processes, allowing for adaptive, evidence-based reform and
innovation in university physical education pedagogy.

The suggested assessment method fulfills a significant research need by providing a comprehensive strategy
to evaluate PE, which fixes many research gaps in existing methodologies. First, it considers student activities,
teamwork, academic achievement, test scores, and fitness. This complete view of student PE performance and
involvement is more accurate and nuanced. Second, fuzzy logic handles PE evaluation uncertainties like student
capacities and teaching tactics. Fuzzy logic offers qualitative assessments and subjective requirements, making
evaluation more flexible and nuanced. The proposed method also emphasizes effectiveness and performance
improvement, providing practical information for instructors and educators to improve teaching strategies
and student learning results. The strategy accelerates assessment and improves decision-making by automating
aspects of the review process and giving data-driven recommendations. The suggested evaluation method
addresses the limits of previous methodologies by providing a more complete, adaptable, and efficient way of
assessing PE that matches its complexity and varied character.

The physical education teaching methods improve understanding among students. This research presents a
unique Active Teaching Assessment Method (ATAM), and fuzzy decision systems are explicitly used to reform
and reinvent PE teaching methods in universities. One of the most important innovations is the incorporation
of fuzzy variables and functions related to the degree of membership, which simultaneously considers the
limitations of physical education time and students’ academic success as essential criteria in determining the
most effective instructional methods to recommend for improving PE teaching techniques in universities.
Compared to the various teaching and learning optimization strategies already in use, this is a unique concern
because these techniques frequently miss the particular time needs and skill development features of physical
education programs. Another feature of this approach is incorporating a novel best-fit solution extraction
technique for determining the most effective teaching method in PE. The proposed ATAM combines multiple
fuzzy membership assessments across various performance levels to determine the most effective teaching
method. This method is then refined iteratively by utilizing fuzzy mapping between the data from the current
and previous sessions.

The research context is innovative since it explicitly integrates fuzzy logic and systems for decision support in
the university’s physical education curricula domain. Fuzzy logic and systems that support decisions are mainly
applied to reform and innovate PE teaching techniques, which have yet to be investigated compared to other
academic disciplines. In addition, the work highlights the significance of data-driven descriptive assessment
approaches that incorporate a wide range of aspects into the fuzzy decision framework. These factors include
student activities, objectives, teamwork, and fitness levels. These models go beyond simply analyzing theoretical
understanding or exam scores. Implementing Fuzzy Decision Support Systems (FDSS) into university physical
education (PE) curricula can revolutionize the field by bringing more effective and individualized lessons.
Individualized training plans that consider each student’s unique fitness level, personal preference, and health
measurements are made possible by FDSS’s use of fuzzy logic to deal with imperfect data. This technology boosts
engagement and motivation by combining gamification components with real-time individualized feedback. In
addition, FDSS ensures the optimal allocation of facilities and equipment by monitoring consumption trends
and projecting demand, thereby optimizing resource utilization. In addition to helping with injury management
and prevention, FDSS tracks student performance and rehabilitation. Overall, FDSS makes university physical
education programs more active, data-driven places where students may improve their health and fitness.

Reform and innovation are observed in this education and provide reliable computation in physical education.
This work aims to improve the efficiency and performance of the student and training. Here, the feasibility factor
is enhanced in this work for the different student states of learning and teaching skills. The teaching skills differ,
and training is monitored based on student sessions. The teaching methods are associated with student-level
learning and provide reliable student processing.

Fuzzy theory excels in complex systems, such as training or educational programs, where decision-making
is fraught with ambiguity and imprecision. In contrast to traditional binary logic, which only accepts yes/no
answers, fuzzy logic allows values between 0 and 1. These values allow for more intricate and flexible reasoning,
representing levels of truth or membership in a given collection.

Fuzzy decision support systems (FDSS) are used by the provided Active Teaching Assessment Method
(ATAM) to apply fuzzy theory. The membership function creation of these systems allows the model to account
for various characteristics, such as students’ fitness, recovery rate, and academic accomplishment, among
many others. The fuzzy system considers these criteria and finds the best-fit methods of education to create
individualized training programs. Each student may have their results tweaked to fit their needs, giving them a
tailored approach to improving their PE grades. An illustrative model of the proposed ATA method is presented
below in Fig. 3.

The reform and innovation of physical education teaching are observed in the decision-making process and
provide reliable processing. The quality is maintained for efficient computation based on the recommendation.
The recommendation is observed in this case and derives the training for the student. The interaction, quality,
and performance are monitored, and accessibility is better. This work focuses on physical education, which
includes the ability and disability of the students and determines their professional development. In this case, the
observation is performed for the goal setting among the students and improves the training. The examination
is observed in this work and provides the assessment level of processing. Such teaching/ training methods need
periodic assessments to improve quality and cope with modern trends. The periodic observation is maintained
in this PE and deploys the quality of education among the students. The strategies observe the best fit from
the teaching methods and examine the derivations. Metrics, including fitness level, recovery rate, and injury
history, are part of the extensive performance and physiological data collected using this approach. Fuzzy logic
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Fig. 3. Mlustrative model of the proposed ATA method.

allows for more flexible and novel assessments using fuzzy sets to represent vague or imprecise concepts such
as student engagement and instructional clarity. Fuzzy logic can classify variables like fitness into different
membership levels, such as low, medium, and high, using fuzzy sets and membership functions. This allows for
the interpretation of the data. A rule basis is set up, and fuzzy rules provide detailed suggestions depending on
these classes; for instance, athletes who are not very fit and have slow recovery times should do lighter training.
“Low;” “medium,” and “high” are some possible fuzzy sets that might be used to classify student engagement, with
membership functions measuring the level of engagement. When these fuzzy inputs are subjected to rules like
“IF student engagement is high AND instructional clarity is medium THEN teaching method effectiveness is
high,” this study can evaluate various teaching techniques relative to one another. To provide an easy and realistic
recommendation, the procedure includes fuzzifying the input data, assessing the rules, aggregating the rule
results, and finally, defuzzification. The technique allows for a flexible and thorough evaluation, which is perfect
for educational environments because of its inherent complexity and heterogeneity. The fuzzy inference system
processes the data that arrives according to the rules, which subsequently defuzzify to provide unambiguous and
precise training suggestions. Using this method, training may be personalized to each athlete’s requirements and
circumstances in real-time. To keep training programs effective and responsive, the FDSS is constantly adding
new data and feedback. This helps to improve performance and decrease the risk of injury.

Fuzzy logic is applied to deal with the uncertainty and variability involved in physical education testing.
In contrast to conventional binary logic, which labels students as merely “fit” or “unfit) fuzzy logic provides
membership values scaled between 0 and 1 for all characteristics. For example, student engagement is split into
fuzzy sets like “low;” “medium,” and “high” In this environment, engagement means active physical movement
and involvement in physical education activities and in-class physical movement. The membership function
quantifies the degree of membership of each learner in each level of engagement, allowing more nuanced and
adaptable teaching suggestions.

This work introduces the fuzzy decision-making approach to obtain the best fit. The preliminary step is
examining the PE teaching sessions.

Un

1

* (g;+8,)
w=—+(tcFy,)+ |/ miny R (tete) ¥ | 2 | o+ ) 4 ()] (1)
Un Z s (0z+r’)-yc H yb+yc/t,

ug

In the above Eq. (1), the examination performed for the teaching sessions for physical education is labeled as
w- Equation 1 mentioned above is probably a mathematical model part of a fuzzy decision-making framework
used to evaluate and improve university PE teaching methods. Fuzzy logic is most helpful in making decisions
when the facts or outcomes lie on a spectrum, not binary. This approach considers the multi-faceted nature
of educational settings, where factors often interact in ways that traditional decision-making models do not.
Allocation of resources, instructional quality, and student engagement are all aspects that fall under this category.

Within this structure, the Equation integrates various components, each of which may be represented as
a fuzzy variable, into a composite decision-making metric, denoted by (,. The model considers partial truths
and uncertainty by prioritizing these variables using fuzzy logic. As a result of the more adaptable and precise
assessment of teaching methods, administrators and educators may make better decisions that satisfy the
program’s goals while also addressing the needs of individual students.

Here, the students are symbolized as w and u,,, the teaching is described as t.. The periodic monitoring
is observed in this case, and it is represented as y., here the accessibility is defined as ys. The activities of the
students are observed as c., the planning is symbolized as n;. The assessment is described as m/, and PE
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is labeled as hy, and the sessions are represented as s;. The organization is symbolized as 0., the strategies
of teaching the students are labeled as 7’ . The quality check is performed for every set of processing, and it
is represented as g;. The training phase differs for the students in the different sessions, and it is symbolized
as ¢r. The teamwork is represented as t', and the performance and efficiency are enhanced in this work and
symbolized as p and n . The planning is observed for the PE, and it deploys the different strategies for the

cv¥m

students and organizes accordingly, and it is formulated as m’ +hy . The teaching session is

s; (02 +1")-y ¢
observed in this Equation, which is associated with the different levels OZ;students’ understanding and activities.
From this session-based processing, the classification is processed for the teaching methods.

S (o s ) + 4] — (hy + g0) + (H("Z(T*L,)> +(le+di) ¥ T
te

A = w*r'/ . (2)
gr + Ye ,
(co +ye) + TS e * D [(p +)*x(co +90)l %@, Y fo

The classification is observed in the above Eq. (2), and it is represented as A , in this, two methods are introduced,
and they are inclusive practice and professional development, and they are symbolized as I and f,. Here, the
first method includes the student’s accessibility for varying abilities and disabilities, and they are represented
as l; and d;. The processing deploys the organization of the activities and enhances the student’s skills and
accessibilities, and it is represented as (1—%) + (It + d;). This method provides a positive and
o i

supportive environment for several students. The second method is professional development, which encourages
the student in PE. The classification process from Fig. 1 (based on mean) is analyzed in Fig. 3 below. This analysis
utilizes the raw data presented in the dataset.

The above (Fig. 4) A analysis for 400 u,and mean=0.65 (max) is presented as an extracted value from the

dataset. These best and least fit values are directly obtained from Instructionreceived ogmation as directed by
instruction given

the dataset. This is validated using fuzzy with the constraint consideration to verify the A’s actual impact and
the precise best-fit output extraction. Collaboration is developed among the students and provides the necessary
training to develop the skills. This computation process enhances performance, and teamwork is used to share
knowledge. Professional development is used to state the activities among the teamwork and determine the
training phase for the students, and it is equated as [(p + ¢’ ) * (cv + gr)] *¢:. From this classification module,
the evaluation is performed for efficiency and is equated in the following Eq. (3).

Yb—8 u
ni+o, = v 1g,) [(WHn) + (A%0,)]
a(n) = (I+£,) * S+Cv//“’ *Z[(qi_i_yc)*(]t-i-di)}_'_ <Z< +er) — ) —(hy+y.). (3)
t'+m’ uo

The evaluation is performed for the efficiency of the student PE improvement, and it is described asn. The
training phase is used to understand better and determine the sessions for the teaching levels. Based on the
teaching levels, the training differs and examines the reliability of the processing among the number of students.
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Fig. 4. Classification analysis from raw data.
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Both methods are associated with this efficiency method, which includes practice and professional development.
In this processing step, the students monitor the activities, and based on this, the assessment is assigned for skill
development. The student training is provided based on the accessibility and assessment levels of the different
session levels. A particular task is assigned to intermediate-level students, whereas high school students are
assigned different tasks. The quality is maintained in this case, and reliable output is provided based on the
training phase. This classification of methods is used to estimate the better efficiency from the teamwork in
which the examination is carried out for the organization with the strategies and planning, and it is represented

N (Z(t,ﬂw [(w *un)+(4 *o2)]

T ) . Post to this performance evaluation is performed in the following Eq. (4).

w() = () w | 2z FE) ) 11 {(1 FE) 4 (%ﬂ *[(to +m) + (I +g)]. (4)

!
(Cv + m/nl + yc) N

The evaluation is carried out for the performance of the student development, and that includes levels of
teaching, and it is represented as t. In this case, the student performance is monitored based on the activities

Y. (wotar)

and assessment method, and it is formulated as | — 27—
(cotm’/ni+ye)

. The evaluation step is associated with the

inclusive practice for the ability and disability students. The performance is observed in this case for the different
computation sets and, based on this accessibility, is evaluated for teamwork. The teaching levels are achieved
through the organization of the training. The training features indicate the previous step of processing. In this
work, the mapping is performed with the current and the previous state to obtain a better performance level
indication. From the given raw data, the performance and efficiency estimation of the training methods from
Grades 1 to 4 is validated as in Fig. 5.

This performance is examined for the quality of the student activities and measured from these strategies.
The strategies are observed in this case by determining the levels of teaching among the students. Thus, the
evaluation for efficiency and performance are processed in Egs. (3) and (4). Post to this method, the following
model is used for the decision-making approach. The fuzzy generates a series of membership functions based on
the different performance levels of the students.

Student performance levels are quantified in the context of physical education activity, such as strength,
endurance, flexibility, recovery speed, and quality of exercise participation. These performance levels are
employed to create fuzzy membership functions to design teaching methods for physical activity and training
performance, specifically, rather than overall academic or cognitive ability. The “optimal teaching strategies” refer
to particular physical education pedagogy methods, like exercise routines, physical drills, fitness conditioning
programs, and injury prevention exercises, designed to complement students’ current real-time fitness level,
recovery rate, and performance rating. The teaching strategies are tailored to optimize physical capabilities and
learning performance in the physical education environment.

Table 2 clarifies important variables applied in fuzzy-based assessment, transparently explaining how each
affects student grading, customized recommendations, and adaptive planning within the ATAM system.

Fuzzy-based evaluation

To ensure the validity of the efficiency of the suggested ATAM framework, experiments were performed on
actual physical education data sets. Performance was evaluated based on several factors, such as evaluation rate,
recommendation quality, classification accuracy, evaluation time, and output combination rate, with baselines.
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Fig. 5. Validation presentation of « (1 )and « (p)
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Term

Explanation

Student academic achievement

Prior performance in PE-related academic tasks, such as fitness theory tests, participation grades, and evaluations in physical
activities.

Physiological characteristics

Measurable physical traits like endurance, flexibility, body mass index (BMI), cardiovascular health, and muscular strength affect
exercise ability.

Fitness levels

Overall physical condition assessed through running speed, strength, stamina, and flexibility tests.

Recovery rates

The speed at which students return to baseline physical condition after exertion guides the intensity and frequency of PE activities.

Injury history

Record of past injuries (e.g., sprains, fractures) that influence training adaptations to ensure safe participation and recovery.

Physical education session duration | The length of time allocated to each PE session determines the training volume and intensity students can safely handle.

Table 2. Explanation of key variables used in the fuzzy logic evaluation.

The suggested work’s Fuzzy Decision Support System (FDSS) evaluates and optimizes PE teaching techniques
using fuzzy logic. In this scenario, the FDSS would function as follows:

Information gathering

Student academic achievement, physiological characteristics, fitness levels, recovery rates, injury history, and
physical education session durations are among the input data that the FDSS collects. Because of their intrinsic
imprecision or uncertainty, these inputs are well-suited for fuzzy logic analysis. This work introduces the fuzzy
model to reform and innovates physical education teaching methods associated with efficiency and performance.
In this case, the assuming value ranges from 0 to 1, and the fuzzy model was chosen. The fuzzy is used to develop
the boundary values associated with the fuzzification method, which includes the training phase and goal setting
among the students. The following Eq. (5) is used for the fuzzification approach for the different performance
levels among the students.

l
e ) oo () (L )

g0

The fuzzification is obtained by equating the above Eq. (5), and it is described as z.. Inclusive practice and
professional development are considered and provide efficient processing. Here, the mapping is observed
between the current and previous state of the method and estimates the time and academic, and they are
labeled as m. and aq, the goal setting is symbolized as go. The constraints are observed in this work, and
it is represented as c;. The classification is executed in this case for the quality improvement in PE, and it is

l
Y A
o (@F7y)
among the previous state of processing, and the value determination is followed up. The accessibility is observed
in this case and determines the goal setting for the student. This method’s membership function is designed
assuming the value ranges from 0 to 1. Thus, the fuzzification results in the membership function that identifies
the assessment level for the student. From this membership, the function is executed in this fuzzy model.

Y ) gott’ )
m(tC){thm (Sl)* <r/ +ql> ‘S, c @} . (6)

The membership function provides efficiency and performance-related improvement in this work. The
assuming value in the range [0, 1] is described as m (t.)where the teaching is used to assume values in the
membership function. The universal of information states that the session is taken for the levels of students to
guide improvement. The membership function is represented as h,,. The defined set of ordered pairs is the
deviation factor labeled as @. Thus, the membership is formulated in Eq. (6), providing reliable processing for
time and constraints.

The FDSS creates fuzzy membership functions for every input component. A few examples of the kinds
of states or degrees of performance that these functions may transfer into fuzzy sets include “high fitness,”
“moderate recovery; and “low academic performance”” Instead of giving each input a hard and fast binary value,
the system may represent the extent to which it belongs to these fuzzy sets using the membership functions.
Figure 6 presents the fuzzy process illustration.

represented as . The fuzzification is observed in this case by examining the better mapping

Fuzzy inference
To assess the interrelationships of the input variables, the FDSS evaluates the membership functions according
to a set of fuzzy rules. A rule may specify, for instance, that a “moderate intensity” training program is suggested
for students with a “high fitness level” and a “moderate recovery rate.” For the system to make more accurate and
versatile judgments, these rules deal with the imprecision and overlap between various parameters.
The fuzzy process is performed for ¢, € « (1 )and « (p )for zcusing c;. This ¢; impacts the z. process
using m (t.) € a (p)and a (n) for a (n)for Asuch that @is the extractable output. In this case
(ze ®me)and (zc @ aq) are the feasible combinations to suppress ¢; in all ¢,. Depending on the I;and d;
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Fig.7. a (n)and «a (p ) analysis with C; consideration

due to the C; impact, the z.is performed across A . This extraction is validated for studying the impact over
a (n)and n (p)and thus, the analysis (with ¢;) is presented in Fig. 6.

The constraints (m. and aq)impact the performance and efficiency factors for different methods (grades).
This is due to m (¢.) that identifies at least one ¢ in any of the [,. The d; and [, imbalance results in the ¢,
evaluation between successive grades. Therefore (z. @ me) and (z. @ aq)are responsible for A across best
and least-fit solutions. If the best-fit solution before and after c¢; this particular A is retained for recommendation
with the current monitored session. The alternating m (t.) is constructed based on I and its reachability to s;
and ¢,( Refer to Fig. 7). the sigmoid function is equated below from this function assumption.

Uzljso*Z(hy+fv)*(qz'—tc)~ )

te

In Eq. (7), the sigmoid function is performed in this fuzzy model and is represented as . Here, the physical
education teaching is used to deploy the teaching method for the PE. The Euler’s number here represents the
number of cases in the derivation that is explored for the decision-making approach, and it is represented as s°.
It represents the fuzzy number denoted as the open fuzzy membership function. Thus, the sigmoid function

is formulated for the membership function, and from this case, the determination of time and academics is
estimated in the below Eq. (8).

_ 1 t0+hm ot
Py (o + 52 )+ e = g
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The determination is performed for the constraints in this work, labeled as 3 . The derivation is used to determine
the membership function and examine the levels of teaching, and it is formulated as (tp + %) . Here, both

the time and academics are considered in this case, and for this, a fuzzy model is proposed. The value range is
processed in this model and examined from this teaching strategy, where the determination is performed for
better output. This determination addresses the time and academic constraints, followed by derivation. The
derivation covers the academic portion in the fixed time duration computed by the process. This derivation
from the sigmoid function, which is used for the performance and different levels of teaching, is equated in the

below Eq. (9).
n
l/cv*lt

m’ + me

o - 9)

p+n

3w tw) o + <t+) ~ (me +aa).

In Eq. (9), derivation from the sigmoid function is used for teamwork and organization. Here, both performance
and efficiency are maintained and perform better computation. Time and academic constraints are considered,
and the derivation is for the best fit. The deviation detected from performance and efficiency is analyzed in Fig. 8.

In the above Fig. 7, the ¢ identified from c¢;included z. is analyzed. Depending on I, and m (t.)the
¢ ¥V a (n)and a (p)is computed. This precision estimation relies on (y» + w) and o for identifying ¢ .
The above deviation is estimated in an output of the cumulative m (¢.) in contrast to the ¢; outputs between
the illustrated values in Figs. 4 and 5. The fuzzy thus generates the precise mean value-based deviations for
recommendations. The scope of this work is to obtain the best fit from the derivation that addresses the time and
academic constraints. Based on this approach, performance and efficiency are monitored and maintained. Thus,
the derivation is formulated in this method, and from this, fixing the best fit from the derivation is obtained by
equating the following Eq. (10).

b
Tg=Y (p +e)* ("l hs f) + (teFey) — .

t +ye (10)

!

The fixing of the best fit is accomplished in the above Eq. (10), and it is symbolized as x4, the best fit is described
as by. In this case, activities are considered and provide reliable processing based on the constraints that have
been addressed. Here, the best fit is examined for teamwork and provides the feasible output, and it is equated

t +ye
to obtain the merging for the feasible output from the best fit. It is formulated in the below Eq. (11) as follows.

as (nl+bf ) Fixing the best fit is evaluated in Eq. (10) from this derivation. From this, the deviation decides

I + go

¢ =1y (OU_C/>*<290

) — (me + aq). (11)

The decision-making is processed in the above Eq. (11), and it is equated as ¢ ; the mapping is performed with
the current and previous state of computation and is symbolized as 0, and ¢/ . The mapping is labeled as pg,
where the assessment is performed, and the better output is determined based on the constraint. The best-fit
detection decision is illustrated in Fig. 9. To arrive at a final verdict or suggestion, the FDSS integrates the results
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of the fuzzy inference procedure. This may include tailoring a training program to meet the needs of a certain
group or deciding on the most effective approach to physical education instruction. To ensure the suggestion
suits the student, we consider the greatest membership level in the most important fuzzy sets while concluding.

The bythe solution is extracted if the mean € Aistrue from x4 ¥ m (t.). This case is validated using z,
and z. for completed and classified ¢ inputs with the ¢; consideration for more than1 m (t.), the z4is analyzed
between the mean ¢ for any inputs and [,. Therefore the bypursues m (t.) > 1 and A induced inputs for
detecting performance and efficiency-oriented [,. In this case, the best fit is used as a recommendation-based
output for multiple ¢;V a () and « (p )( Refer to Fig. 8). the time and academic methods are considered
here, and better output learning from the different teaching levels is performed. The best fit is derived from
the decision-making approach associated with the fuzzy model. In this case, both the class level of teaching is
performed and provides efficient performance for the strategies. Here, merging happens for the feasible output
from the best fit. In this case, the following Eq. (12) is used to state the assessment monitoring for the levels of
teaching based on the training.

m=]] (tc 4 ybbtgo) (1 + ) + (F* (I +ye))] - (12)

The monitoring is performed in the above Eq. (12) and is symbolized as }s, and the merging is labeled as g/ .
Here, merging is used to deploy the strategies and quality and determine the efficiency and performance. In this
case, a constraint is observed, and the teaching method for the students is provided with best-fit values. The
best fit is obtained by merging feasible output from the deviation factor. The computation is performed with the
different sessions and evaluations, and the feasible solution is finally observed. The monitoring is used to perform
a reliable assessment of every teaching and training method. After this merging process, the recommendation is
performed from the previous session and is equated in Eq. (13).

R= (g +00)*pg +m' +[(I+ fo)] *le + (¢ *hm) + (me + aa). (13)

The recommendation is observed in the above Eq. (13), and it is symbolized as R, where the efficiency and
performance are taken into consideration. The constraints are addressed, and the academic portion is covered
within the fixed duration. In this process, the best fit is obtained from the derivation method. Thus, the
recommendation is given as to whether it is a feasible output. This decision is made using the membership
function, which provides a feasible solution for the teaching levels of sessions. Based on the bsthe performance
and efficiency analysis is revisited for its reccommendations.

During physical education classes, teachers may put into practice the system’s suggested lesson plan or
training program. We track how well this suggestion works, and we may use the information from these sessions
to make better selections. As a result of this iterative approach, PE technique evaluation and optimization may be
fine-tuned to account for evolving student performance and other contextual variables. Ultimately, this proposed
work’s FDSS uses fuzzy logic to manage the complexities and variations in physical education instruction, paving
the way for better, more tailored learning experiences for students. This analysis is presented in Fig. 10.

The above illustration in Fig. 9 shows the after-math impact of z.with ¢; for the different methods for grades.
The a (), a (p ), and their corresponding R for the varying w,is analyzed in the above representation.
Depending on the number of [, and m (t.) the mean is varied accordingly for Rextraction as the chances of
pgusing Oy and c¢f are combined to generate a bythe g/ provides maximum R. The fuzzy generates maximum
¢; less chances for reducing suppression and thereby increasing the R. The PE is observed periodically, and
the strategies for the two methods discussed are improved: inclusive practice and professional development. In
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Fig. 10. Performance and efficiency revisiting with Ranalysis
Input Assignment
Y-variants Evaluation rate (factor), recommendations (factor), classifications (count), evaluation time (s), and output combination (%)

X-axis variants Sessions (2-20 h) and tasks/sessions (1-12)

General variants | u,, = 100, 200, 300, 400

Table 3. Description of the comparative study.

this process, the fuzzy derivatives only consider the best-fit (maximum efficient) teaching method. Therefore,
the recommendations from the best fit are provided with a much better assessment from the previous sessions.

The following is the summary of the key features and innovations of an ATAM in PE teaching techniques,
distinguishing this work from existing literature. In addition to test results, the descriptive evaluation techniques
(Egs. 1-4) consider various data-driven elements, such as student activities, goals, teamwork, and fitness
development. One of the most important factors that set this work is the comprehensive modeling of PE-specific
variables within the fuzzy framework. In the fuzzy decision model that has been proposed, a novel function of
membership formulation is utilized. This formulation explicitly integrates PE time limits and student academic
achievement as input variables. To be more specific, the membership function in Eq. (6) includes information
about sessions, teaching time, student goals, and success indicators such as activities and planning.

In contrast to previous research, which primarily concentrated on test results or physical fitness indicators, this
multi-factor membership function distinguishes itself from those studies. The model design utilizes a new “best-
fit” solution extraction technique (Egs. 9-11). This method examines fuzzy derivatives across many performance
levels to choose the teaching strategy that is the most effective. This iterative refinement procedure, which uses
data from earlier sessions, differentiates it from the fuzzy decision-making approaches that are typically utilized.

A short description of the comparative study part is given in Table 3.

In Fig. 11, the evaluation rate for the proposed work increases for the varying sessions based on hours
and tasks/sessions that deploy 200 students. Here, the reform and innovation of PE are generated from the
different teaching methods. In this case, efficiency and performance are examined, and constraints that
include time and academics are avoided. The fuzzy model is introduced based on the derivation method
and merges the feasible output. The examination of the session for PE is observed, and it is represented as

((gs + gr) (y» + ye/t")). The periodic monitoring is attained in this PE and determines the time and academic
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Fig. 12. Classifications.

reviews. Here, the recommendation system is performed for the teaching sessions and obtains the derivation,

and it is formulated as (c,*yp) + %. The evaluation time to compute the best fit in this process is reduced,

and the feasible output is observed merging. Here, the derivation is observed for the best-fit solution, where the
feasible output is estimated for the recommendation. The processing method deploys efficiency and performance
in this proposal work and provides a lesser evaluation rate.

The recommendation is improved, and the 100 students’ performance in this graph for the different sessions
is observed based on hours and tasks/sessions. In this case, the time and academic method are considered
and provide a better teaching session in PE. The efficiency is monitored and provides reliable output from the
derivation process, and it is equated as ((w *r' / gr + yc)/(Zsms (ni*02))). The performance is enhanced, and
the membership function is determined to be better in this approach. This approach estimates the reliability
of the time and academic methods. Here, efficiency is observed, and the derivation is used to obtain the best
fit for this work. The approach determines the better extraction of PE time and covers the necessary academic
portion. Based on this methodology, the merging is observed to improve the constraints and maintain the
teaching session. Two types of teaching sessions are included in this study in which professional development
and inclusive practice are considered. The computation process is obtained using these two methodologies to
find the best fit (Fig. 12).

The classification model improved in this work for the varying sessions based on hrs. and tasks/sessions
for analyzing 300 students. Equation (2) indicates the classification model for teaching methods, including
professional development and inclusive practice. In this method, the membership function is used to state the
efficiency and performance of this work and avoids the constraints. Both the time and academics are included
in this case to obtain the teaching sessions among the students. From the classification model, the PE strategies
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Fig. 14. Evaluation time.
are used, and it is formulated as [(p + t/) * (cv + gr)]. The derivation process is used to deploy the teaching
methods and provides reliable output based on the derivation process. The organization of methods is examined
for the activities and teamwork for the students, and it is represented as (%) In this case, the
K
derivation is observed and provides the best-fit solution based on the goal set in the assessment. The PE teaching
sessions are considered, and the goal setting from the evaluation method is examined to better the classification
model (Fig. 13).
In Fig. 14, the evaluation time for the proposed work decreases for the 400 students in varying sessions based on
HRs and tasks and sessions. Here, the time taken to compute the process is reduced for the 400 students, which is
taken into consideration. Teaching sessions are considered for this case’s different strategies and recommendation
models. The performance is observed in this model and provides the efficiency among the derivation methods.
The best-fit solution is obtained at a shorter time. The derivation from the sigmoid function is used in this fuzzy
logic system. The merging of the solution is observed by equating | (I+£fy) + ﬁg—“h . Two methods
2 i
. . A ny . .
are used to decrease the evaluation time among the 400 students and to provide the teaching session using
different strategies. This method decides to generate the deviation factor for the best solution. The decision is
made for the efficiency and performance development of the learning modules for every processing set. Thus,
the evaluation time for the proposed methods is reduced in this case.
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Method Evaluation Rate (factor) | Recommendations (factor) | Classifications (count) | Evaluation Time (s) | Output Combination(%)
Traditional method 32 2.1 5 120 68%
Big data-based method | 4.5 3.8 8 95 74%
Bi-LSTM algorithm 4.8 4.0 9 90 77%
Decision system (DS) 5.0 4.5 10 85 80%
Proposed ATAM 5.5 5.0 12 75 85%

Table 4. Comparative analysis of PE teaching methods.

The output combination is enhanced in this work for the different HR sessions, tasks, and sessions that
employ 300 students. In this proposed method, the academic portions are covered in {%Sdr fime duration, and
from this, the processing step is included for reliable output and is represented as \ ¢, 7w, /. The strategies
work for the number of students in this graph 300 students are considered for the output combination where
the mapping is observed between the current and previous state of the method and estimates the time and
academic. The mapping model is used to obtain efficient results that determine the goal setting for the students.
Based on this approach, the performance and efficiency are monitored and maintained. Thus, the derivation is
formulated in this method, and the best fit from the derivation is. The combination of factors is considered to
observe for the betterment of the result and provide the assessment level for the different strategies for different
students. The combination is obtained from professional development and inclusive practice for the student-
level improvement of the session (Fig. 15).

Comparative analysis

The Bi-LSTM algorithm was used because it is well-suited for time-series analysis, tracking the improvement
of student fitness performance over many sessions. This aspect allows the model to forecast trends in
future performance, enabling teachers to make predictive adjustments in instruction and improve exercise
recommendation accuracy.

The Active Teaching Assessment Method (ATAM) that has been suggested has the best evaluation rate
factor of 5.5, which means that it is more effective and comprehensive than other algorithm-based techniques
(Table 4). An impressive recommendation value of 5.0 indicates that ATAM can provide practical instructional
approaches. With 12 categories, it can handle various classroom situations and student requirements. Compared
to other methodologies, ATAM’s evaluation time of 75 s is the shortest, indicating excellent efficiency. Lastly, an
output combination percentage of 85% best integrates performance and recommendation indicators.

The “student activities” are exercise participation, “teamwork” collaborative capacity, “academic achievement”
previous PE-related academic accomplishment, “test scores” tests of skill and fitness, and “fitness” students’
physical health status. All of them are factors that are elements for all-around assessment. They shed light on the
fuzzy decision model to build individualized, adaptive teaching plans that maximize physical development and
academic success in physical education classes.
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Discussion

The experimental outcomes clearly show that the suggested Active Teaching Assessment Method (ATAM)
based on Fuzzy Decision Support Systems (FDSS) attains noticeable improvements in all tested performance
factors compared to conventional, big data-based, and deep-learning-based physical education (PE) methods.
In particular, the ATAM model provides a higher evaluation rate, improved recommendation factor, wider
classification range, shorter evaluation time, and greater output combination rate. This indicates that ATAM can
render rapid, accurate, and dynamic assessments required by dynamic teaching and training scenarios.

The system can handle ambiguous, multi-dimensional data such as varying student fitness levels, recovery
rates, academic achievement, and session capacity more effectively through fuzzy membership functions
compared to stiff traditional practices. Furthermore, dynamic derivation mapping enabled adaptive fine-tuning
session by session of teaching suggestions so adjustments were not fixed but continuously optimized based on
real-time student feedback and changing conditions. Dynamic adaptability is a significant improvement over
earlier static or one-size-fits-all education systems.

Nonetheless, although the proposed algorithm provides improvements within laboratory-tested conditions,
challenges still need to be addressed. To begin with, the extent to which ATAM can be utilized with various
student groups in varying educational institutions should be investigated more deeply. Educational institutions
can have varied curriculum layouts, physical education schedules, socio-economic environments, and technology
infrastructures that can affect the performance of the model. Secondly, though fuzzy decision systems are
more versatile, they add complexity to rule creation and membership function calibration, for which expert
intervention in implementation becomes necessary.

In addition, demographic heterogeneity, like age, gender, socio-cultural status, and levels of physical ability,
was not directly addressed in the current study and ought to be covered in future model adaptations to facilitate
greater generalizability and fairness. Another drawback is the reliance on adequate and quality data collection;
in low-resource environments where such data are scarce or of inferior quality, the full potential of the fuzzy
model cannot be fulfilled. Despite these constraints, the results strongly promote the feasibility, adaptability,
and pedagogical merit of applying fuzzy decision support systems to reform physical education pedagogies. By
facilitating individualized, real-time, data-driven teaching interventions, the ATAM framework addresses the
need for more inclusive, efficient, and responsive PE pedagogies in today’s schools.

Future studies might include integrating machine learning algorithms for fuzzy rule optimization on an
automated level, multi-institution pilot trials to evaluate scalability, and incorporating psychological and
behavioral engagement measures to develop even more comprehensive assessment models.

Conclusion

The summary of the proposed active teaching assessment method is presented in this final section. The
methods for different grades obtained from the dataset are utilized to analyze this proposal. The fuzzy decision
systems are used under distinguishable levels to improve students’ PE efficiency and performance. Unlike the
other assessment/ validation methods, the impact of PE time and academics is considered a constraint in this
method. This fuzzy decides the final best-fit solution for recommendations towards different methods. The
recommendation is provided by assimilating the best-fit solutions from different teaching levels. The membership
functions before decision-making are constructed by elucidating the possibilities for academic and time-based
interventions in the previous decisions. The best-fit solution is refined by better matching the current and prior
data until its maximum is reached. The derivative improvements are previously classified for before and after
constraints that improve the recommendations. There is no evidence that it can scale to larger populations or
other settings, and setting it up can drain resources. The method’s generalizability is further limited because it
may require adjustment for different physical education programs. Future studies must address these constraints
and guarantee widespread and practical applicability in varied educational contexts.

Limitations

Due to its complexity, inadequate training could make ATAM’s deployment difficult. Additional investigation
into its scalability across varied groups is necessary. Inadequate data threatens the method’s validity, affecting its
accuracy. Expertise and a large amount of computational resources are required for implementation. The lack of
extensive long-term trials raises concerns over continued effectiveness over time.

Future work

Future work will conduct extended pilot studies across multiple universities, allowing for a broader evaluation of
the Active Teaching Assessment Method (ATAM) and its scalability in diverse educational settings. Integrating
advanced data analytics, such as machine learning algorithms, could improve the precision of the Fuzzy
Decision Support System (FDSS) by enabling personalized assessments based on student performance data. In
general, this work advances the field of PE teaching innovation research by providing a comprehensive, ordered
methodological framework incorporating theoretical analysis, model development, experimental testing, and
critical discussion. Subsequent research will seek to apply this framework to larger populations and multiple
settings to facilitate further generalization and testing of its utility.

Research questions answered and contributions

This research showed that FDSS enhances PE assessment by managing uncertainty, fitness, recovery, academic
individualization, and adaptive real-time decision-making. Its success depends on reliable performance data,
session feedback, and good-quality fuzzy rules. ATAM can be implemented in curricula through real-time
measures and individualized interventions. Its technical complexity, data requirements, and institutional change
are limitations. Relative to classic approaches, ATAM provides faster assessments (75s versus 90-120s), higher
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recommendation precision, session adaptation maximization, and 85% output combination efficacy, leading
to significantly improved student engagement and achievement gains. ATAM’s enhanced value makes it more
dynamic, personalized, and efficient than static or classical PE assessment models.

Scholars and researchers can leverage the ATAM framework to support their investigation into personalized
PE training patterns, design adaptive teaching units, and extend fuzzy logic utilization to sports science,
rehabilitation therapy, and healthcare monitoring areas. It offers an emulatable model for interactive performance
assessment and customized intervention planning.

The fundamental goal of this study was to overcome the disadvantages of astatic, rigid PE testing techniques
using a dynamic, flexible system that dynamically adjusts itself based on the students’ current physical and
academic situations. Experimental results vindicate this goal by demonstrating enhanced testing efficiency,
greater recommendation accuracy, lower test time, and improved result incorporation, unequivocally validating
the supremacy of the strategy over conventional methods.

The method suggested is efficacy-focused by offering individually tailored instructional approaches in
response to moment-by-moment participation, fitness, recovery rate, and scholarly burden of unique students.
Performance enhancement is ensured by continuous adjustment to training intensity and concentration, giving
each student adequate exercises to support development with minimized risk, fatigue, and disengagement,
thereby hastening and more enduring learning attainment. Though obstacles like data collection, expert rule-
making, and computationally heavy demands are noted, these are seen to be overcome and under management
with phased deployment, directed teacher training, and incremental growth. The ultimate gains of improved
adaptability, efficiency, and individualization in physical education weigh against the hassle of overcoming such
initial obstacles. Through these clarifications and augmentations, this study enhances its role as a new contribution
toward developing dynamic, data-based, and adaptive physical education assessment and instructional systems
with a considerable edge over conventional and prevailing contemporary approaches.
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