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ABSTRACT: 

In this wrok, we propose a new system for assessing physical education (PE) performance using advanced 

analytics and big data. The system improves the accuracy and fairness of student assessments by integrating 

Back Propagation Neural Networks (BPNN), Genetic Algorithms (GA), and Decision Tree models. 

Scalability with data and efficient processing with Hadoop and Spark frameworks as well as precision and 

explainability with CATBOOST and SHAP models are maintained. The system automates the evaluation 

process, reduces the subjectivity of traditional methods, and provides real-time feedback with a 97% accuracy 

rate. The model overcomes the challenges posed by manual assessment methods and provides academic 

institutions the opportunity to foster data-driven insight and work towards well-rounded student development. 

Keywords: physical education, GA, CATBOOST 

INTRODUCTION 

The holistic development of students, both 

mental and physical, draws from the multi-

faceted approach of physical education 

(PE) in the curriculum. Evaluating the 

performance of PE remains a challenge 

valuing the integration of multi-

dimensional data due to the outdated 

methods of evaluation and largely 

subjective grading. PE performance 

evaluation lacks evaluation stem from 

traditional collaboration, strategic 

thinking, and mental fortitude. In the 

current education landscape, the 

integration of big data to transform the 

assessment of PE performance. Leveraging 

the frameworks of Hadoop, Spark, deep 

learning, and data mining, this project 

develops a comprehensive system to assess 

students’ physical performance more 

accurately. Utilizing advanced algorithms 

like BPNN, GA, and CATBOOST, the 

system offers real-time feedback and 

tailored recommendations. These advanced 

evaluations move beyond physical 

indicators to include behaviors and 

academics, providing equity and 

scalability. Development data captures and 
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synthesizes the gap between the physical 

and academic dimensions of an learner’s 

performance and advanced supports the 

modern objectives of education. 

RELATED WORK 

The application of AI and big data to 

transform physical education assessment 

has attracted the attention of several 

researchers. Kong (2024) proposed a deep 

learning model based on BPNN for 

assessing multi-dimensional student 

performance, improving prediction 

accuracy by 16.78% over classical 

techniques. Lin (2023) offered a 

comprehensive evaluation of students 

based on the deep learning CNN model 

and scored 95.6% accuracy. Zhu et al. 

(2023) implemented real-time feedback for 

physical education using RFID and cloud-

based analytics, which reduced errors by 

18%. Mao et al. (2022) performed a 

predictive fitness evaluation using SVM 

and ANN models, achieving 92.4% 

accuracy with the ANN. Zhang et al. 

(2022) identified and reported a 20% 

improvement in student progress through 

data-driven personalization using k-means 

clustering and decision trees. These 

research works emphasize the increasing 

importance of leveraging big data and AI 

technologies to enhance the fairness, 

scalability, and comprehensiveness of PE 

evaluation systems. Nevertheless, gaps that 

this project aims to address with SHAP 

models and Spark-based scalability 

integration real-time processing and 

explainability frameworks. 

TABLE1. Summary of Key Literature 

Contributions and Their Impact on Current 

Research 

Author Contribution 
Impact on 

Research 

Kong 

(2024) 

BPNN-based PE 

assessment system 

Improved 

prediction 

accuracy by 

16.78% 

Lin 

(2023) 

CNN-based model 

for evaluating 

holistic student 

performance 

Enhanced 

evaluation 

accuracy to 

95.6% 

Zhu et 

al. 

(2023) 

Real-time PE 

feedback using 

RFID and cloud 

analytics 

Reduced 

assessment errors 

by 18% 

Mao et 

al. 

(2022) 

Comparative 

analysis of SVM 

and ANN for 

fitness evaluation 

ANN achieved 

92.4% accuracy 

Zhang et 

al. 

(2022) 

Applied clustering 

and decision trees 

for trend 

identification 

Enabled 20% 

better training 

personalization 

 

PROPOSED APPROACH 

The system transforms the evaluation 

system of physical education by applying 

advanced big data analytics and smart 

machine learning technologies. The 

system’s starting point involves the 

collection of comprehensive student data, 

including biometrics, behavioral, and 

academic data, which are stored in Hadoop 

and real-time computed in Spark, requiring 

distributed frameworks. A deep learning 
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model based on Back Propagation Neural 

Network (BPNN) is trained to extract 

relevant features from the data set, 

capturing the intricate interplay of 

relationships in multiple input metrics. 

These features are refined using a Genetic 

Algorithm (GA) that enhances the model 

by eliminating redundant features, thereby 

reducing noise and improving model 

efficiency. A Decision Tree classifier 

predicts the physical education grades 

using the refined data features. To improve 

the model explainability and accuracy, 

advanced extensions such as CATBOOST 

and SHAP are added. CATBOOST 

enhances the model’s performance with 

categorical features while reducing 

overfitting, and SHAP explains the 

features that influence the predictions. The 

predictive performance is increased by 

97% while also ensuring transparency, 

scalability, and fairness are added to the 

evaluative feature of the algorithm which 

is beneficial to the evaluative feature of the 

algorithm. 

 

Figure 1: Proposed PE assessment 

framework  

METHODOLOGIES 

This project adopts a structured, multi-

stage methodology integrating big data 

frameworks and intelligent algorithms for 

effective PE assessment. Initially, a 

diverse dataset containing student 

academic records, physical activity scores, 

and behavioral metrics is collected and 

cleaned using Python and Spark. 

Preprocessing involves handling missing 

values, normalizing features, and encoding 

categorical data. After this, a Back 

Propagation Neural Network (BPNN) is 

trained to identify 64 significant features 

from the dataset. These features are then 

refined using a Genetic Algorithm (GA), 

which reduces them to 24 highly relevant 

attributes through a process of fitness 

evaluation, crossover, and mutation. 
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Once feature optimization is completed, a 

Decision Tree classifier is trained for grade 

prediction due to its interpretability and 

effectiveness with structured data. The 

classifier achieves a baseline accuracy of 

96%. To push this further, CATBOOST—

an advanced gradient boosting algorithm—

is introduced, raising prediction accuracy 

to 97%. Finally, SHAP (SHapley Additive 

exPlanations) is applied to explain the 

model’s decision-making process by 

identifying which features contributed 

most to each prediction. This ensures the 

model remains not only accurate but 

transparent and fair. All implementations 

are carried out in Python using libraries 

such as Scikit-learn, CatBoost, and SHAP, 

with user-friendly deployment achieved 

via a Flask web interface for real-time PE 

evaluations. 

RESULTS 

The system was evaluated using a dataset 

of student academic and physical activity 

scores sourced from Kaggle. After 

preprocessing and feature extraction using 

BPNN and GA, the Decision Tree 

classifier was trained and tested, achieving 

an initial accuracy of 96%. CATBOOST, 

integrated as an advanced ensemble model, 

further boosted the accuracy to 97%, 

outperforming traditional models like 

SVM (89%) and Random Forest (93%). 

Precision, recall, and F1-score metrics 

were all above 95%, indicating the 

model’s robustness across multiple 

performance indicators. SHAP analysis 

provided clear insights into which features 

most influenced predictions, such as 

aerobic fitness, participation rates, and 

endurance scores. Graphical outputs, 

including confusion matrices and accuracy 

plots, confirmed the model's high 

consistency. Furthermore, the system 

provided real-time prediction capability 

via a web interface, making it user-friendly 

for both administrators and students. These 

results demonstrate the system’s potential 

to replace manual PE assessments with a 

reliable, transparent, and data-driven 

alternative. 

 

Dataset Student Grade Class Label Graph 

 

 
 

All Algorithms Performance Table 

 

 

All Algorithms Performance Graph 
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Summary plot to correct prediction 

DISCUSSION 

The results validate the effectiveness of a 

data-driven PE assessment framework. 

Traditional assessment methods often fall 

short due to subjectivity and a lack of 

scalability. In contrast, this system 

leverages big data and intelligent 

algorithms to deliver fair, transparent, and 

scalable assessments. The use of Spark and 

Hadoop ensures that the system can 

process and analyze large datasets in real-

time, which is crucial for institutions with 

thousands of students. BPNN and GA 

collectively improve feature selection and 

model learning, while CATBOOST 

enhances classification accuracy and 

robustness. Additionally, SHAP’s 

explainability allows educators to 

understand why a specific grade was 

assigned, addressing concerns about 

algorithmic bias. The system’s ability to 

offer real-time feedback means students 

can adjust their physical training based on 

data-driven insights. Moreover, the web-

based interface allows for seamless 

interaction, making the solution accessible 

and practical for deployment in 

educational institutions. While the model 

achieves high accuracy, further work can 

focus on integrating wearable device data 

and expanding to non-university 

populations for broader applicability. 

CONCLUSION 

This project successfully presents a 

scalable and intelligent framework for 

physical education assessment using big 

data and deep learning. By integrating 

BPNN for feature extraction, Genetic 

Algorithm for selection, and CATBOOST 

for classification, the system delivers 

accurate, objective, and explainable 

results. The incorporation of Hadoop and 

Spark ensures efficient data handling, 

while SHAP adds a layer of transparency 

to the model’s decisions. With a prediction 

accuracy of 97%, this approach 

significantly improves upon traditional 

manual assessments, offering educational 

institutions a robust tool to evaluate 

student physical performance holistically. 

It not only promotes fairness and 

consistency but also enhances student 

engagement through real-time feedback. 

The system’s web-based implementation 

ensures practical usability and opens 

avenues for future research in integrating 

real-time biometric sensors and expanding 

into broader educational contexts. In 

conclusion, this solution marks a critical 

advancement in using AI and big data for 
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outcome-oriented physical education 

assessment. 
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