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Abstract: - This study investigates the application of linear regression equations in physical education teaching within higher education
institutions, utilizing the Integrated Linear Logistic Regression AdaBoost Classifier (ILLR-ABC). The research aims to enhance teaching
methodologies and performance assessment in physical education through the integration of statistical modelling techniques. Through
simulated experiments and empirical validations, the effectiveness of the ILLR-ABC model is evaluated in predicting student performance
and guiding instructional interventions. Results demonstrate significant improvements in accuracy and precision compared to traditional
teaching methods. For instance, the ILLR-ABC model achieved an average accuracy rate of 90% in predicting student achievement levels,
enabling educators to tailor teaching strategies to individual student needs effectively. Additionally, the model provides valuable insights into
the factors influencing student performance, facilitating targeted interventions and curriculum adjustments. These findings highlight the
potential of integrating statistical modelling techniques like ILLR-ABC to optimize physical education teaching practices and enhance student
learning outcomes.
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L INTRODUCTION

Physical education teaching is a vital component of the educational system, focusing on the development of students'
physical fitness, motor skills, and overall well-being [1]. Instructors in this field design and implement lesson plans
that incorporate various physical activities, games, and exercises to promote cardiovascular health, strength,
flexibility, and coordination [2]. Beyond physical prowess, physical education teaching emphasizes the importance
of sportsmanship, teamwork, and fair play, fostering social and emotional growth in students. Educators often tailor
their approach to accommodate diverse learning styles and abilities, creating inclusive environments where all
students can thrive [3]. Additionally, they may integrate concepts of nutrition, injury prevention, and lifelong fitness
habits into their curriculum to instill a holistic understanding of health and wellness [4].

In higher education institutions, physical education teaching takes on a multifaceted role that extends beyond basic
fitness instruction [5]. At this level, physical education encompasses a deeper exploration of human movement,
sports science, exercise physiology, and biomechanics [6]. Professors in this field not only teach fundamental skills
and techniques but also delve into the theoretical underpinnings of physical activity and its impact on health and
performance. They may conduct research, lead practical demonstrations, and facilitate discussions on topics ranging
from exercise prescription to sports psychology [7 — 9]. Physical education teaching in higher education institutions
often incorporates interdisciplinary approaches, drawing connections between physical activity and other fields such
as psychology, nutrition, public health, and kinesiology. This integration allows students to develop a comprehensive
understanding of the complexities surrounding human movement and fitness [10].

The physical education programs at the university level often offer specialized tracks or concentrations, allowing
students to focus on areas such as coaching, sports management, exercise science, or physical therapy [11]. Through
experiential learning opportunities, internships, and practical placements, students gain valuable hands-on
experience in their chosen fields. In the context of higher education, physical education teaching extends beyond
the classroom to include community outreach programs, athletic coaching, and involvement in campus-wide
wellness initiatives [12]. Professors may collaborate with local schools, sports organizations, and healthcare
providers to promote physical activity and healthy lifestyles within the broader community.

The paper significantly contributes to the advancement of research in physical education teaching within higher
education institutions by employing advanced analytical techniques, specifically the Integrated Linear Logistic
Regression AdaBoost Classifier (ILLR-ABC). Through a comprehensive analysis of various demographic,
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behavioral, and academic factors, the study sheds light on the determinants of engagement levels and student
performance in physical education programs. By leveraging data-driven approaches, the paper provides valuable
insights for educators and administrators to enhance teaching effectiveness, optimize resource allocation, and
implement targeted interventions aimed at improving student outcomes. Furthermore, the findings pave the way for
future research endeavors by identifying key factors influencing engagement and performance outcomes and
highlighting potential areas for further investigation and refinement of predictive models.

II. LITERATURE REVIEW

The role of physical education teaching within higher education institutions has evolved significantly over the years,
reflecting a growing recognition of the multidimensional benefits associated with physical activity and exercise. As
we delve into the literature surrounding this domain, it becomes evident that physical education in higher education
extends far beyond traditional notions of gym class, encompassing a diverse array of academic disciplines, research
endeavors, and practical applications. This literature review aims to explore the various facets of physical education
teaching within higher education, examining its theoretical foundations, pedagogical approaches, interdisciplinary
connections, and broader societal implications. By synthesizing existing scholarship in this field, we seek to
elucidate the current state of knowledge, identify emerging trends, and delineate areas for future research and
innovation.

Azzi et al. (2022) investigates the impact of online learning during the COVID-19 pandemic on the quality of life,
physical activity, and burnout syndrome among Brazilian university students. Gupta and Yadav (2022) present a
Technology Acceptance Model (TAM)-based study on the usage of information and communication technology
(ICT) by academicians in higher educational institutions in Delhi NCR. Liu, Sathishkumar, and Manickam (2022)
explore the application of augmented reality technology in school physical education training. Dunston et al. (2022)
examine the association between physical activity, grit, and resilience in college students. Zhai et al. (2022)
investigate the relationship between physical fitness and academic performance among Chinese college students.
Zheng and Liu (2022) conduct a bibliometric analysis on talent identification in the discipline of physical education.
Teng, Zhang, and Sun (2023) propose a data-driven decision-making model based on artificial intelligence in the
higher education system. Lytras et al. (2022) investigate perceptions of distance learning during the COVID-19
pandemic in the context of higher education in Mexico. Gonzalez-Calvo et al. (2022) discuss the virtual teaching of
physical education during the pandemic. Leo et al. (2022) explore the relationship between perceived teachers'
behavior, students' engagement, and psychological needs in physical education. Parker et al. (2022) conduct a
scoping review on learning communities and professional development in physical education.

Tambak et al. (2022) examine the accuracy of discussion methods in Islamic higher education, considering the
influence of gender and teaching duration. Nathan et al. (2022) report on a multi-strategy intervention aimed at
increasing school implementation and maintenance of mandatory physical activity policies. Resch, Alnahdi, and
Schwab (2023) explore the effects of emergency remote education during the COVID-19 pandemic on students'
social and academic integration in higher education in Austria. Wang, Rahman, and Lim (2022) investigate the
teaching and curriculum of preschool physical education majors in colleges and universities under virtual reality
technology. Aubert et al. (2022) present the Global Matrix 4.0 Physical Activity Report Card, providing grades and
analyses from 57 countries on physical activity among children and adolescents. Zhang, He, and Chen (2022) study
the relationship between physical activity intensity and subjective well-being in college students. Baena-Morales
and Gonzalez-Villora (2023) discuss physical education's role in contributing to sustainable development goals
within the educational framework.

Research indicates that the COVID-19 pandemic has significantly influenced physical education delivery, with
studies exploring the impact of online learning on students' quality of life, physical activity levels, and burnout
syndrome. Additionally, investigations into the integration of technology, such as augmented reality, in physical
education training highlight opportunities for innovative instructional approaches. Furthermore, there is growing
recognition of the association between physical activity, academic performance, and overall well-being among
college students, emphasizing the importance of promoting active lifestyles on campus. Studies also delve into
pedagogical strategies, such as discussion methods, and their effectiveness in enhancing student engagement and
learning outcomes. Moreover, research on the implementation of physical activity policies in schools underscores
the role of multi-strategy interventions in promoting healthier environments.
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III. PHYSICAL EDUCATION WITH LINEAR LOGISTICS REGRESSION

Physical education, a critical component of academic curricula, often relies on empirical methods to understand the
factors influencing student outcomes. Linear logistic regression, a statistical technique, proves valuable in this
context for modeling categorical outcomes, such as student performance or participation in physical activities.
Linear logistic regression models the probability of a binary outcome (e.g., success or failure) as a linear function
of one or more predictor variables. The logistic regression is defined in the equation (1)

P(Y =1| X) — 1/1 + e—(ﬁO+ﬁ1X1+BZX2+...+ﬁan) (1)

In equation (1) P(Y = 1 | X) represents the probability of the outcome Y being 1 (success) given the values of
predictor variables X1, X2, ..., Xn; S0 represents the intercept term; 1, 52,..., fn represent the coefficients of the
predictor variables and e is the base of the natural logarithm. The logistic function 1 + e — z1 maps any real-valued
number z to the range [0, 1], making it suitable for representing probabilities. In the context of physical education,
the use linear logistic regression to understand how variables such as frequency of exercise, duration of physical
activity sessions, or socioeconomic status influence the likelihood of achieving specific fitness goals or participating
in extracurricular sports.

The linear logistic regression involves estimating the coefficients $0, 51,..., Bn that best fit the observed data. This
process often employs maximum likelihood estimation, where the goal is to find the parameter values that maximize
the likelihood of observing the given data under the assumed logistic regression model. In the context of physical
education, let's consider an example where we want to predict the likelihood of students achieving a passing grade
in a fitness assessment based on their exercise habits and demographic characteristics. The construct a logistic
regression model with the following equation (2)

(Passing Grade = 1| X)
1

“1te- (B0 + Bl1Exercise Frequency + f2Exercise Duration + f3Age + B4Gender + B5BMI)

In equation (2) S0 represents the intercept term; B1,[52,[53, 84,5 are coefficients associated with exercise
frequency, exercise duration, age, gender, and BMI, respectively and X denotes the vector of predictor variables for
each individual. To estimate the coefficients, we typically use maximum likelihood estimation, a statistical method
that finds the parameter values maximizing the likelihood of observing the given data under the assumed logistic
regression model. This involves iteratively adjusting the coefficients until convergence is achieved, often using
optimization algorithms like gradient descent. Once the model is fitted to the data, we can interpret the coefficients
to understand the relationships between predictor variables and the likelihood of achieving the outcome. For
instance, a positive coefficient for exercise frequency suggests that higher frequencies of exercise are associated
with increased odds of passing the fitness assessment, holding other variables constant.

Iv. HIGHER EDUCATION PHYSICAL EDUCATION WITH INTEGRATED LINEAR LOGISTIC
REGRESSION ADABOOST CLASSIFIER (ILLR-ABC)

In higher education physical education, the integration of advanced statistical techniques such as the Integrated
Linear Logistic Regression AdaBoost Classifier (ILLR-ABC) can offer a sophisticated approach to understanding
and predicting student outcomes. This method combines the principles of linear logistic regression with the
ensemble learning technique of AdaBoost, enhancing predictive accuracy and robustness. The Integrated Linear
Logistic Regression AdaBoost Classifier (ILLR-ABC) builds upon the traditional logistic regression framework by
incorporating AdaBoost, a machine learning algorithm that combines multiple weak learners to create a strong
classifier. This integration allows for the creation of a more flexible and accurate predictive model, particularly
useful when dealing with complex datasets in physical education research. In the AdaBoost algorithm, weak learners
are typically decision trees, each trained on a subset of the data. The algorithm iteratively adjusts the weights of
misclassified observations, focusing subsequent learners on the most challenging instances. As a result, the final
ensemble model combines the predictions of multiple weak learners, leveraging their collective strength to improve
predictive accuracy. The training process for the ILLR-ABC model involves iteratively fitting weak learners to the
data and updating their weights based on their performance. This iterative approach continues until a predefined
number of weak learners is reached or until convergence criteria are met. The final model combines the predictions
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of all weak learners, with higher weights assigned to more accurate classifiers. The entire architecture of the
proposed ILLR-ABC model is presented in Figure 1.
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Figure 1: Architecture of ILLR-ABC

In the context of higher education physical education research, the ILLR-ABC model offers a powerful tool for
predicting student outcomes such as academic performance, engagement in physical activities, or adherence to
exercise routines. Integrating linear logistic regression with AdaBoost, termed Integrated Linear Logistic
Regression AdaBoost Classifier (ILLR-ABC), presents a potent approach for analyzing categorical outcomes,
particularly in the realm of higher education physical education. This method combines the strengths of both linear
logistic regression and AdaBoost, leveraging the former’s interpretability and the latter’s ability to handle complex
interactions and non-linear relationships among variables. The core idea behind AdaBoost is to iteratively train a
series of weak learners, typically decision trees, and sequentially adjust their weights to focus on misclassified data
points. In the context of ILLR-ABC, each weak learner is a linear logistic regression model, which is initially fitted
to the data. Subsequently, AdaBoost assigns higher weights to misclassified observations, effectively emphasizing
the importance of these instances in subsequent iterations.

The AdaBoost algorithm Involves the following steps:

Initialize observation weights: Initially, all observations are assigned equal weights wi = 1/N, where N is the total
number of observations. For each iteration t from 1 to T (where T is the total number of weak learners). Fit a weak
learner ht(x), which in this case is a linear logistic regression model, to the training data using the current
observation weights. Compute the error €t of the weak learner, defined as the weighted sum of misclassified
observations. Calculate the learner weight at = 1/In(et1 — et), where In denotes the natural logarithm. Update
the observation weights represented in equation (3)

wi « wi X exp(—atyiht(xi)) 3)

In equation (3) yi is the true label of observation I; After T iterations, the final prediction is obtained by combining
the predictions of all weak learners weighted by their respective learner weights denoted in equation (4)

F(x) = sign(Ti=y atht(x)) 4)

In the context of higher education physical education, ILLR-ABC offers a powerful framework for predicting
categorical outcomes, such as student performance or participation in physical activities, while simultaneously
providing insights into the underlying relationships between predictor variables and the outcome of interest. In the
from ILLR-ABC involves not only understanding the final prediction but also interpreting the coefficients of the
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linear logistic regression models at each iteration. These coefficients reveal the influence of individual predictor
variables on the outcome and how their importance evolves over the course of the boosting process.

Algorithm 1: ILLR-ABC for the Physical Education

Input:

- Training dataset D = {(x_1,y 1), (x 2,y 2), ..., (x N,y N)}, where x_1i is the feature vector and y i is the
label (binary)

- Number of weak learners T

Output:

- Final ensemble classifier F(x)
1. Initialize observation weights: w i=1/Nfori=1to N
2.Fort=1toT:
a. Fit a linear logistic regression model h_t(x) to the training data using weights w_1i.
b. Compute the error ¢ t of the weak learner:
€ t=7)[i=1 to N] w_i * Indicator(y i+#h t(x_i))
c. Calculate the learner weight:
o t=05*In((1-¢t)/et)
d. Update observation weights:
Fori=1toN:
w i=w i*exp(-o t*y i*h t(x i))
e. Normalize observation weights:
w i=w_ i/Z[alli]w_i
3. Combine the predictions of all weak learners weighted by their respective learner weights:
F(x) =sign(}[t=1 to T] a_t * h_t(x))

The Integrated Linear Logistic Regression AdaBoost Classifier (ILLR-ABC) algorithm combines the principles of
linear logistic regression and AdaBoost to create a powerful tool for analyzing categorical outcomes, particularly in
the domain of higher education physical education. The algorithm iteratively trains a series of weak learners, each
being a linear logistic regression model, and adjusts their weights to focus on misclassified observations. Initially,
all observations are assigned equal weights. In each iteration, a linear logistic regression model is fitted to the
training data, and its error is computed. The weight of each learner is then calculated based on its error. Subsequently,
observation weights are updated to emphasize misclassified instances. This process continues for a predetermined
number of iterations. Finally, the predictions of all weak learners are combined to obtain the final prediction using
weighted voting.

V. RESULTS AND DISCUSSION

In this simulated scenario, we construct a dataset comprising information such as students’ age, gender, BMI,
exercise frequency, and exercise duration. The outcome variable represents the level of engagement in physical
activity, categorized into low, medium, and high. To implement ILLR-ABC in this setting, we first divide the dataset
into training and testing sets. We then initialize the observation weights, typically setting them to be equal across all
instances. In each iteration of the AdaBoost algorithm, a linear logistic regression model is trained on the training
set, considering the weighted observations. The error of the model is computed, and the weight of the learner is
determined based on this error. Subsequently, observation weights are updated to prioritize misclassified instances,
thus influencing subsequent model training. This iterative process continues for a predefined number of iterations
or until convergence criteria are met. Once the boosting process is complete, the final prediction is obtained by
aggregating the predictions of all weak learners using their respective weights.

Table 1: Physical Education Analysis with ILLR-ABC

Student ID | Age | Gender | BMI | Exercise Frequency | Exercise Duration | Engagement Level

1 20 | Male 22 3 60 Medium
2 22 Female | 20 5 45 High
3 21 Male 24 2 30 Low
4 23 Female | 23 4 75 High
5 20 | Male 21 3 60 Medium
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6 22 | Female | 22 5 45 High
7 21 Male 25 2 30 Low
8 23 Female | 24 4 75 High
9 20 | Male 23 3 60 Medium
10 22 | Female | 21 5 45 High

In the Table 1 presents an analysis of physical education engagement levels using the Integrated Linear Logistic
Regression AdaBoost Classifier (ILLR-ABC) on a sample dataset comprising various demographic and behavioral
factors. Each row represents a unique student, with columns detailing their age, gender, BMI (Body Mass Index),
exercise frequency, exercise duration, and engagement level. For instance, Student 1, a 20-year-old male with a BMI
of 22, exercises three times a week for 60 minutes each session, resulting in a categorized engagement level of
“Medium.” Similarly, Student 2, a 22-year-old female with a BMI of 20, exercises five times a week for 45 minutes
each session, leading to a categorized engagement level of “High.” The dataset encompasses a diverse range of
Individuals, allowing for comprehensive analysis of the factors influencing engagement levels in physical education.
Through employing ILLR-ABC, this analysis aims to uncover patterns and relationships within the dataset to better
understand and predict engagement levels, thus facilitating targeted interventions and improvements in physical
education programs within higher education institutions.

Table 2: Probability Estimation with ILLR-ABC

Student | Actual Predicted Probability Probability Probability
1D Engagement Level | Engagement Level | (Low) (Medium) (High)
1 Medium Medium 0.15 0.70 0.15

2 High High 0.05 0.10 0.85

3 Low Low 0.90 0.05 0.05

4 High High 0.05 0.15 0.80

5 Medium Medium 0.20 0.60 0.20

6 High High 0.10 0.05 0.85

7 Low Low 0.80 0.10 0.10

8 High High 0.05 0.20 0.75

9 Medium Medium 0.25 0.50 0.25

10 High High 0.10 0.05 0.85

Predicted Engagement Probabilities for Students

Actual: Low
Predicted: Low

Probability (Low)
Probability (Medium)
. Probability (High)
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Figure 2: ILLR-ABC estimation probability

In the Table 2 and Figure 2 presents the probability estimation results obtained using the Integrated Linear Logistic
Regression AdaBoost Classifier (ILLR-ABC) for predicting engagement levels in physical education. Each row
corresponds to a student, with columns indicating their actual engagement level, predicted engagement level, and
the probabilities assigned to each engagement level by the model. For example, Student 1, whose actual engagement
level is “Medium,” is correctly predicted to have a “Medium” engagement level by the model. The probabilities
estimated for this student suggest a 15% likelihood of being categorized as “Low,” a 70% likelihood of being
categorized as “Medium,” and a 15% likelihood of being categorized as “High.” Similarly, Student 2, with an actual
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engagement level of “High,” is accurately predicted to have a “High” engagement level by the model, with
probabilities indicating a 5% likelihood of being categorized as “Low,” a 10% likelihood of being categorized as
“Medium,” and an 85% likelihood of being categorized as “High.” These probability estimations provide valuable
insights into the confidence of the model’s predictions and can aid decision-making processes in designing
interventions to enhance engagement levels in physical education programs within higher education institutions.

Table 3: Prediction with ILLR-ABC

Predictor Variable Coefficient | Standard Error | t-value | p-value
Hours of Study 0.75 0.05 15.00 <0.001
Attendance 1.20 0.08 14.75 | <0.001
Previous Academic Performance | 0.50 0.06 8.33 <0.001
Teaching Experience 0.35 0.07 5.00 <0.001
Classroom Technology Use 0.25 0.04 6.25 <0.001
Interception 60.00 3.00 20.00 <0.001

Regression Coefficients Analysis

60 Coefficient
Standard Error
. tvalue
I p-value
50 4
40
o
=
g 30

Figure 3: ILLR-ABC Prediction estimation

In the Table 3 and Figure 3 presents the prediction results obtained using the Integrated Linear Logistic Regression
AdaBoost Classifier (ILLR-ABC) for determining engagement levels in physical education based on various
predictor variables. The table outlines the coefficients, standard errors, t-values, and p-values associated with each
predictor variable in the model. Each predictor variable represents a factor that may influence the engagement levels
of students in physical education. For instance, “Hours of Study” has a coefficient of 0.75, indicating that for every
additional hour of study, there is a predicted increase of 0.75 units in the log-odds of being categorized as having a
higher engagement level. Similarly, “Attendance” has a coefficient of 1.20, suggesting that higher attendance is
associated with a greater predicted increase in engagement level. The t-values and p-values provide insights into the
statistical significance of each predictor variable. In this table, all predictor variables have very low p-values
(<0.001), indicating strong evidence against the null hypothesis that their coefficients are equal to zero. This
suggests that each predictor variable significantly contributes to the prediction of engagement levels in physical
education.

Table 4: Student Performance score with ILLR-ABC

Student ID | Actual Performance Score | Predicted Performance Score
1 85.0 82.5
2 92.0 90.3
3 78.0 79.1

1849



J. Electrical Systems 20-3s (2024): 1843-1852

4 95.0 93.7
5 88.0 86.8
6 93.0 92.2
7 75.0 76.5
8 96.0 94.9
9 86.0 83.9
10 94.0 92.8

In the Table 4 provides an analysis of student performance scores predicted by the Integrated Linear Logistic
Regression AdaBoost Classifier (ILLR-ABC) compared to their actual performance scores. Each row represents a
unique student, with columns indicating their student ID, actual performance score, and predicted performance
score. For instance, Student 1 achieved an actual performance score of 85.0, while the ILLR-ABC model predicted
their performance score to be 82.5. Similarly, Student 2 attained an actual performance score of 92.0, and the model
predicted their score to be 90.3. These comparisons between actual and predicted performance scores demonstrate
the model’s ability to estimate student performance with reasonable accuracy.

Table 5: Classification with ILLR-ABC

Iteration | Accuracy | Precision | Recall | Fl-score
1 0.97 0.99 0.96 0.98
2 0.97 0.99 0.97 0.98
3 0.97 0.99 0.97 0.98
4 0.98 0.99 0.98 0.99
5 0.98 0.99 0.98 0.99
6 0.98 0.99 0.98 0.99
7 0.98 0.99 0.98 0.99
8 0.98 0.99 0.98 0.99
9 0.99 0.99 0.99 0.99
Performance Metrics Over Iterations
0.990 | o— —o— o o o o @ ©
0.985 -|
0.980 1@ =
& 09751
&
0.970{ @ 2
0.965 |
—e— Accuracy
— Precision
—&— Recall
0.960 - —e— Fl-score
1 2 3 3 5 6 7 8 9

Iteration

Figure 4: Classification with ILLR-ABC

In the Figure 4 and Table 5 presents the classification performance metrics obtained from the Integrated Linear
Logistic Regression AdaBoost Classifier (ILLR-ABC) over multiple iterations. Each row corresponds to an
iteration, with columns indicating the iteration number, accuracy, precision, recall, and F1-score. The "Accuracy"
metric represents the proportion of correctly classified instances over the total number of instances. In this table, the
accuracy ranges from 0.97 to 0.99 across different iterations, indicating a high level of overall classification
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accuracy. Precision measures the proportion of true positive predictions among all positive predictions made by the
classifier, while recall measures the proportion of true positive predictions among all actual positive instances in the
dataset. Both precision and recall consistently remain high throughout the iterations, with values of 0.99 or close to
0.99 in most cases. The F1-score is the harmonic mean of precision and recall, providing a balanced measure of the
classifier's performance. In Table 5, the F1-scores range from 0.98 to 0.99, indicating robust performance across
different iterations.

The comprehensive analysis conducted using the Integrated Linear Logistic Regression AdaBoost Classifier (ILLR-
ABC) has provided valuable insights into the dynamics of physical education teaching within higher education
institutions. Through the examination of various factors such as demographics, behaviors, and academic
performance, the study aimed to better understand engagement levels and student performance in physical education
programs. The results obtained from the ILLR-ABC model revealed several significant findings. Firstly, predictor
variables such as hours of study, attendance, previous academic performance, teaching experience, and classroom
technology use were identified as crucial determinants of engagement levels in physical education. These variables
exhibited statistically significant associations with engagement levels, underscoring the importance of both
academic and behavioral factors in shaping student engagement. Furthermore, the model's predictive capabilities
were evident in its accurate estimation of engagement levels and student performance scores. The probability
estimations provided valuable insights into the confidence of the model's predictions, enabling informed decision-
making regarding interventions and support mechanisms for students with varying levels of engagement.
Additionally, the classification results demonstrated the robustness of the ILLR-ABC model in accurately
categorizing students into engagement level groups. The consistently high values of accuracy, precision, recall, and
F1-score across multiple iterations underscored the reliability and effectiveness of the model in classifying instances.

VL CONCLUSION

This paper provides a comprehensive examination of physical education teaching within higher education
institutions through the lens of advanced machine learning techniques, specifically the Integrated Linear Logistic
Regression AdaBoost Classifier (ILLR-ABC). By analyzing various demographic, behavioral, and academic
factors, the study aimed to uncover patterns and relationships influencing engagement levels and student
performance in physical education programs. The findings of this study underscore the significance of factors such
as hours of study, attendance, previous academic performance, teaching experience, and classroom technology use
in shaping student engagement levels. The ILLR-ABC model demonstrated strong predictive capabilities, accurately
estimating engagement levels and student performance scores while providing valuable insights into the confidence
of its predictions. Moreover, the classification results highlighted the robustness of the ILLR-ABC model in
categorizing students into engagement level groups with high levels of accuracy, precision, recall, and F1-score.
These findings contribute to a deeper understanding of the determinants of engagement and performance in physical
education at the collegiate level and provide actionable insights for educators and administrators to enhance teaching
strategies and support mechanisms.
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