
Molecular & Cellular Biomechanics 2025, 22(3), 804.  

https://doi.org/10.62617/mcb804 

1 

Article 

Research on classification evaluation model of physical health based on 

biomechanical parameters for middle school students based on BP neural 

network 

Zhe Zheng, Zijun Deng, Bin Han, Houwei Zhu* 

College of Physical Education and Health Sciences, Zhejiang Normal University, Jinhua 321000, China 

* Corresponding author: Houwei Zhu, zhuhouwei@zjnu.edu.cn 

Abstract: Objective: To construct a classified evaluation model of middle school students’ 

physical health based on biomechanical parameters and to achieve accurate intervention of 

adolescents’ physical health through biomechanically informed strategies. Methods: Cluster 

sampling was used to select 1261 male students’ physical health samples from eight junior 

middle schools in Jinhua City, Zhejiang Province from 2022 to 2023 as a data set. Second-

order clustering and BP neural network algorithm were used to establish a physical health 

classification evaluation model for middle school students, and the accuracy of the model was 

verified. Results: The classification model of physical health evaluation of middle school 

students has an accuracy of about 90%. The integration of biomechanical data improved the 

model's ability to identify at-risk students and tailor interventions. Conclusion: The 

classification model has high prediction accuracy and good generalization performance, and 

provides scientific data support for subsequent accurate intervention of students’ physical 

health in different categories. By incorporating biomechanical insights, the model not only 

identifies health risks but also informs targeted, biomechanically sound interventions to 

improve physical health outcomes. This study bridges the gap between physical health 

assessment and biomechanics, offering a novel approach to promoting adolescent well-being. 

Keywords: middle school student; physical health classification; BP neural network algorithm; 

sports biomechanics 

1. Introduction 

The physical health of students has consistently been a focal point of attention 

for society, schools, and families alike. In recent years, the government and various 

educational departments have implemented policies and measures to accelerate school 

sports reform and to enhance students’ physical health, leading to remarkable progress 

in school sports initiatives. However, according to recent student sports and health 

monitoring reports, issues related to students’ physical health remain a weak link 

within compulsory education, with problems such as obesity, myopia, and sleep 

quality yet to be fundamentally resolved [1]. These issues not only impact the 

immediate well-being of students but also pose long-term health risks that can carry 

into adulthood. The prevalence of such health concerns highlights the necessity for 

comprehensive strategies that go beyond traditional physical education classes. The 

urgency, complexity, and difficulty of promoting students’ physical health are evident, 

with the simplification of the evaluation system being a critical issue. Hong Haixiao 

determined the development trend of the relative level of body fat of Tianjin college 

students in recent 15 years by height, weight index and BMI index [2]. This study 
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underscores the importance of regular monitoring and assessment as a means to 

identify trends and implement timely interventions. Liu Youxi investigated and 

analyzed the physical health status of 19–22 years old college students in private 

colleges and universities in Yunnan Province from 2016 to 2020, and grasped the 

dynamic development of physical health of private college students [3]. Such analyses 

are crucial for understanding the unique challenges faced by different student 

populations, particularly in varying educational environments. Chen Kaihua analyzed 

the physical health test data of some college students in Anhui Province from 2015 to 

2021, and discussed the physical fitness status and change trend of college students in 

Anhui province from 2015 to 2021, so as to formulate effective intervention measures 

to improve the physical fitness of college students [4]. These findings can serve as a 

foundation for developing targeted health programs that address specific deficiencies 

observed in physical fitness assessments. Students’ physical health test data usually 

only reflect their physical fitness information. However, students’ physical health is a 

multi-dimensional ecosystem, which not only includes students’ physical health test, 

but also requires more extensive data fusion, development of data optimization, 

mining, linkage and realization methods related to big data, and accelerated use of 

digital technology to promote evaluation. This approach allows for a more holistic 

view of student health, integrating various factors such as nutrition, mental health, and 

lifestyle choices. Quickly locate the existing problems in students’ physical health 

promotion ability [5], and constantly improve the effectiveness of students’ physical 

health promotion. 

In recent years, neural network algorithms have been widely used. By simulating 

the working principle of the human brain nervous system, a large number of simple 

neurons are interconnected to form a highly complex network, thus realizing the 

response to complex problems and having significant advantages in solving nonlinear 

and high-dimensional data [6]. The application of these algorithms in educational 

settings has the potential to revolutionize how we assess and respond to student health 

needs. Xie Yongkang et al. used MLP neural network algorithm to establish obesity 

physical classification model to provide auxiliary diagnosis and treatment for obesity 

prevention and treatment [7]. This model exemplifies how advanced technology can 

aid in the early detection and management of obesity among students. Fang Junjie et 

al. used radial basis function neural network to predict the physical test scores of 

college students, and the result has higher prediction accuracy and better 

generalization performance. The exploration of neural network algorithms in the field 

of physical health is attracting attention [8]. These advancements signal a shift towards 

more data-driven approaches in health interventions, allowing for personalized 

recommendations based on individual student profiles. Adolescent physical health 

involves multiple factors, forming a highly complex nonlinear relationship. The 

selection of a suitable neural network algorithm for physical health classification 

model provides a guarantee of technical feasibility and superiority. BP artificial neural 

network is a multilayer feedforward network trained according to error inverse 

propagation algorithm. BP network can learn and store a large number of input-output 

mode mappings without revealing the mathematical equations describing the 

mappings. This is a nonlinear dynamic system, which is characterized by distributed 

information storage and parallel cooperative processing. It learns certain rules only 
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through its own training, and gets the result closest to the expected output value when 

given the input value [9]. This capability makes BP networks particularly suited for 

analyzing the intricate relationships between various health indicators and outcomes. 

This is highly suitable for the study of the highly complex nonlinear relationship 

between adolescents’ physical health promotion, and the classification of unbalanced 

data sets. This study assumes that the comprehensive evaluation of students’ physical 

health should adopt nonlinear methods (such as BP artificial neural network) and 

evaluate students’ physical health status more accurately through multi-dimensional 

physical health indicators. Cluster analysis can help classify different physical health 

groups, and the evaluation model has high accuracy and can provide effective 

reference for decision makers. 

2. Research subjects and methods 

2.1. Research subjects 

This study focuses on constructing a comprehensive classification evaluation 

model of physical health for male students in the second year of junior high school. 

Between 2022 and 2023, a total of 1280 second-year male students were randomly 

selected from eight junior high schools in Jinhua City (160 students from each school). 

Physical health assessments were conducted by the research team, while physical 

examinations were conducted by designated medical institutions appointed by the 

schools, ensuring data accuracy and reliability. A total of 17 data points were collected 

for each student, comprising five basic data points (grade, class number, name, gender, 

and birth date), six physical fitness test indicators (vital capacity, 50 m sprint, standing 

long jump, sit-and-reach, 1000 m run, and pull-ups), and six medical examination 

indicators (height, weight, waist circumference, hip circumference, unaided vision, 

and hemoglobin level). The data encompass three primary categories: Body 

morphology, physical function, and physical fitness. All participants were fully 

informed of the study details and provided signed informed consent. 

2.2. Research methods 

2.2.1. Second-order clustering 

Second-order clustering is an efficient data classification technique, which is 

usually carried out in two steps. First, a hierarchy is constructed according to the 

similarity of data points; then, on this basis, a formal cluster analysis is carried out to 

determine the final clustering result. 

2.2.2. BP model construction process 

A BP model typically consists of an input layer, one or more hidden layers, and 

an output layer. The complete BP model construction process can be divided into 

forward propagation and BP. In forward propagation, neuron outputs are calculated 

on the basis of the network structure and the weights and thresholds from the previous 

iteration. BP is used for parameter training, where each weight and threshold is 

adjusted by calculating their impact on the total error from the output layer backward. 

This adjustment continues until the error is minimized [10]. 
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In forward propagation, let the feature vector of the input layer be 𝑥𝑖𝑗 , with 

weights and thresholds from the input layer to the output layer represented by 𝑤𝑖𝑗 and 

𝜃𝑖𝑗, respectively. The output value of the hidden layer node is 𝑎j (Equation 1), where 

f denotes the activation function, typically represented by the sigmoid function 

(Equation (2)) [11–15]: 

𝑎𝑗 = 𝑓(∑ 𝑤𝑖𝑗𝑥𝑖𝑗 + 𝜃𝑖𝑗)

𝑚

𝑖=1

 (1) 

Amoung, 

𝑓(𝑥) =
1

1 + 𝑒−𝑥
 (2) 

After obtaining the output values of the hidden layer, they are used as inputs for 

the output layer, resulting in the final output layer expression: 

𝑦𝑘 = 𝑓(𝑎𝑘) = 𝑓(∑ 𝑤𝑖𝑗𝑥𝑖𝑗

n

𝑗−1

+ 𝜃𝑗𝑘) (3) 

In BP learning, 𝑡𝑘  represents the desired output signal for neural network 

training, while 𝑦𝑘 is the actual output signal of the network. The objective of neural 

network learning is to reduce the error between 𝑦𝑘 and 𝑦𝑘 to a specified accuracy. The 

commonly used error function, E, is the mean squared error, which can be expressed 

as: 

𝐸 =
1

2
∑ (𝑦𝑘 − 𝑡𝑘)𝑛

𝑘=1
2  (4) 

The weights for the hidden layer and the output, 𝑤𝑗𝑘  and 𝑤𝑖𝑗 , are updated 

accordingly. Training concludes once the error is reduced to the specified accuracy 

level. 

3. Result analysis and model validation 

3.1. Data entry and processing 

Data were organized by excluding invalid and incomplete records, resulting in a 

dataset of 1261 valid samples. The data were standardized and subjected to one-way 

ANOVA using SPSS 22.0, with statistically significant differences observed across 

indicators in each category (Table 1). The dataset was then subjected to second-order 

clustering, yielding four natural clusters with a satisfactory clustering model. 

Subsequently, data normalization was applied using the formula 𝑥 =
x − min 

max −min 
, where 

max and min represent the maximum and minimum values of the sample data, 

respectively. After preprocessing, MATLAB R2016b was used to write the program 

code for the BP neural network model, with 12 indicators, including height, weight, 

vital capacity, and standing long jump, set as input variables. The second-order 

classification results were used as output variables, leading to 12 neurons in the input 

layer, four in the output layer, and five neurons in the hidden layer, as determined 

experimentally. The dataset was divided into training and testing sets, with 60% (186 
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from each class) used for training and the remaining 545 samples for testing to validate 

the model’s accuracy [15–18]. The network architecture is shown in Figure 1. 

Table 1. Variance analysis results of clustering for physical health status of second-year junior high school boys in 

Jinhua city. 

 
Cluster Erro 

F significance 
Mean square DOF Mean square DOF 

Zscore (Height) 28.584 3 0.598 206 47.776 0.000 

Zscore (Weight) 45.226 3 0.356 206 127.064 0.000 

Zscore (Vital Capacity) 24.578 3 0.657 206 37.432 0.000 

Zscore (Hemoglobin) 17.976 3 0.753 206 23.880 0.000 

Zscore (Waist Circumference) 38.419 3 0.455 206 84.428 0.000 

Zscore (Hip Circumference) 41.284 3 0.413 206 99.881 0.000 

Zscore (50 m Sprint) 34.198 3 0.517 206 66.205 0.000 

Zscore (Sit-and-Reach) 6.152 3 0.925 206 6.651 0.000 

Zscore (Standing Long Jump) 36.882 3 0.477 206 77.247 0.000 

Zscore (Pull-Ups) 16.662 3 0.772 206 21.586 0.000 

Zscore (1000 m Run) 35.116 3 0.503 206 69.790 0.000 

 

Figure 1. Topology of the BP neural network classification model. 
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3.2. Classification of student physical health categories 

The four clustered groups of students are labeled as Category 1, Category 2, 

Category 3, and Category 4 (Table 2). Height, weight, waist circumference, and hip 

circumference are classified as body morphology indicators; vital capacity, 

hemoglobin, and vision are classified as physical function indicators; and the 1000 m 

run, 50 m sprint, standing long jump, sit-and-reach, and pull-ups are classified as 

physical fitness indicators. For a more intuitive comparison, each indicator is ranked 

from 4 to 1 to represent its distribution within the overall dataset. In body morphology 

and physical function indicators, vital capacity and hemoglobin indices are ranked 

from highest to lowest (4 to 1) based on actual values. Vision is graded on a four-point 

scale, with 4 indicating normal vision and 1 indicating severe impairment. For timed 

events such as the 50 m sprint and 1000 m run, increased times reflect reduced 

performance; thus, these physical fitness indicators are scored from 4 to 1 for 

consistency. Table 3 summarizes these results [18–20]. 

3.3. Biomechanical analysis of the characteristics of each group of 

students 

From the perspective of biomechanics, these data reflect the differences of 

different categories of students in terms of body shape, function and quality and the 

complex interconnections between them. Through the comparison of various indexes, 

the characteristics of this type of students can be obtained. The first type of students 

are overweight in body shape and have excess nutrition, and larger weight and size 

mean that they need more energy in exercise. Lung function and blood oxygen-

carrying capacity are good, which can provide efficient oxygen supply for exercise. In 

endurance, speed and flexibility, the ability is weak, and it is best to be greatly affected 

by weight. In running and long jump, the advantage of stride length or lever length 

increased by considering height factors can support longer and higher intensity 

exercise. In particular, the visual acuity of such students is the worst, and the fourth 

type of students are short and weak in body shape, ranking last in basically every 

index. Thus, thin and malnourished students may attract more attention from the 

school. The second group of tall and moderate weight students not only have good 

eyesight, but also have excellent performance in physical tests. Height leverage effect 

advantage and excellent cardiopulmonary function provide a good endurance 

foundation, 1000m running performance may not reach the best due to running 

technology or physical distribution problems, can be in-depth analysis and targeted 

training. Compared with the second group, the third group of students showed the 

characteristics of smaller height but larger weight and relatively smaller hip and waist 

circumference. This kind of body shape is manifested as a more compact core structure 

from the motion mechanics, and the moment of inertia of the core part is smaller in 

the movement, so that the body can change its attitude more quickly and flexibly when 

it is engaged in twisting, steering and other actions, and reduce energy loss. The larger 

body weight and concentration in the core area suggest that there may be a more 

developed core muscle group and bone structure to support the weight, providing a 

material basis for the play of core strength. In many sports, core strength is the key 

link to connect the upper and lower limbs and transfer power. Good core strength helps 
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to improve the efficiency and stability of sports. Although oxygen intake and transport 

capacity were not outstanding, compared with the third group of students, they showed 

better body shape, lower BMI, and greater advantages in the endurance event of 1000 

meters. 

Table 2. Clustering results of physical health categories for junior high school boys. 

Indicator Category 1 (210 students) Category 2 (288 students) Category 3 (468 students) Category 4 (294 students) 

1000 m Run −0.1391239 −0.4138649 −0.4151876 1.1657038 

Pull-Ups 0.2671323 0.1442042 0.3001374 −0.8098398 

Standing Long Jump 0.2171637 0.325565 0.4536374 −1.1961543 

Sit-and-Reach 0.34465 −0.1997029 0.2813521 −0.4984179 

50 m Sprint −0.303166 −0.4618166 −0.3452919 1.2185873 

Hip Circumference 1.4646224 −0.43312 −0.2982715 −0.1470784 

Waist Circumference 1.3745044 −0.4543855 −0.3941741 0.0907842 

Hemoglobin 0.5371043 0.1680057 −0.0300478 −0.5003918 

Vital Capacity 1.083337 −0.015026 −0.0255122 −0.7184815 

Weight 1.4983442 −0.4030028 −0.2573613 −0.2657904 

Height 0.8966788 0.0975934 0.0230311 −0.7727483 

Table 3. Characteristics of physical health categories among students. 

Indicator 
Category 1 (140 

students) 

Category 2 (192 

students) 

Category 3 (312 

students) 

Category 4 (196 

students) 

Body 

Morphology 

Weight 4 2 3 1 

Height 3 4 2 1 

Hip Circumference 4 3 2 1 

Waist Circumference 4 3 2 1 

Physical 

Function 

Vital Capacity 3 4 2 1 

Hemoglobin 4 3 2 1 

Vision 1 4 3 2 

Physical Fitness 

50 m Sprint 2 4 3 1 

1000 m Run 2 3 4 1 

Standing Long Jump 2 4 3 1 

Sit-and-Reach 2 4 3 1 

Pull-Ups 3 4 2 1 

3.4. BP neural network model training and testing 

As shown in Table 4, the performance of our BP neural network model on the 

test set is as follows: The accuracy is 0.888, the recall rate is 0.800, and the F1 score 

is 0.842. These results show that the model exhibits high accuracy in the classification 

task and can effectively identify most positive samples (high recall rate). At the same 

time, the value of F1 score is close to 0.8, indicating that the model maintains a good 

balance between accuracy and recall [20–23]. 
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Table 4. Performance of BP neural network model on test set. 

index Numerical value 

Precision 0.888 

Recall 0.800 

F1 Score 0.842 

The BP neural network model testing results indicate that Category 2 achieved 

the highest prediction accuracy at 94.1%, followed by Category 1 with an accuracy of 

91.5%, Category 3 at 90.1%, and Category 4 at 88.4%. The importance of each 

indicator to the clustering results is ranked as follows: vision > weight > 50 m sprint > 

standing long jump > hip circumference > 1000 m run > waist circumference > vital 

capacity > height > pull-ups > sit-and-reach > hemoglobin (Table 4). Indicators with 

an importance level above 10% primarily include measurements of body morphology, 

such as weight, hip circumference, and waist circumference and key physical fitness 

indicators. The study emphasizes that underweight and overweight individuals are 

critical groups requiring attention in terms of physical health (Table 5 shows variable 

importance predictions) [23–25]. 

Table 5. Importance of classification model variables. 

predictor significance % predictor significance % 

Visual condition 13% Hip circumference 11% 

Run 1000 m 10% waistline 10% 

pull-up 4% hemoglobin 2% 

Standing long jump 11% Vital capacity 7% 

Sit in a forward bend 2% weight 11% 

Run 50 m 11% height 6% 

3.5. Application of physical health classification model under big data 

Social development has put forward higher requirements for the refinement and 

precision of various industries and fields, and can quickly and reasonably classify 

adolescents’ physical fitness according to the needs and objectives, promoting the 

change process of the application path of physical health test data from “result 

generation” to “result generation—feedback application—research and judgment 

intervention”. It not only enables schools to assess students’ physical health status 

more scientifically, develop personalized health improvement programs and exercise 

prescriptions, but also combines big data technology and intelligent health promotion 

service system to achieve systematic monitoring and early warning, and improve the 

scientific and efficient school health monitoring work. 

4. Discussion 

The discussion of a classification evaluation model for middle school students' 

physical health based on biomechanical parameters and BP neural networks revolves 

around the integration of biomechanical insights with machine learning techniques to 

improve the accuracy and applicability of physical health assessments. This approach 
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addresses the growing need for precise and individualized health evaluations, 

particularly in adolescents, who are in a critical stage of physical development. By 

incorporating biomechanical parameters such as posture, gait, muscle strength, and 

joint mobility, the model provides a more comprehensive understanding of physical 

health, bridging the gap between traditional health metrics and biomechanical science. 

One of the key strengths of this study is the inclusion of biomechanical parameters in 

the evaluation model. Traditional physical health assessments often rely on basic 

metrics like height, weight, BMI, and endurance, which, while useful, do not capture 

the full picture of an individual's physical well-being. Biomechanical parameters, such 

as postural alignment, gait patterns, and muscle strength, offer deeper insights into 

musculoskeletal health and functional capacity. For example, poor postural alignment 

or abnormal gait patterns can indicate underlying issues that may not be apparent 

through standard health metrics. By integrating these parameters, the model can 

identify at-risk students more effectively and provide targeted interventions to address 

specific biomechanical deficiencies. 

The use of a BP neural network algorithm further enhances the model's predictive 

accuracy and generalization performance. BP neural networks are well-suited for 

handling complex, nonlinear relationships between variables, making them ideal for 

analyzing the multifaceted nature of physical health data. In this study, the BP neural 

network achieved an accuracy of approximately 90% in classifying students' physical 

health status, demonstrating its effectiveness in integrating diverse data types, 

including biomechanical parameters. This high level of accuracy is crucial for 

developing reliable health evaluation tools that can be used in educational and clinical 

settings. The findings of this study have significant implications for the field of 

adolescent health and biomechanics. By identifying specific biomechanical factors 

that contribute to physical health, the model provides a foundation for designing 

targeted interventions. For instance, students with poor postural alignment could 

benefit from exercises that strengthen core muscles and improve posture, while those 

with abnormal gait patterns might require corrective exercises or orthotic devices. 

These interventions not only address immediate health concerns but also promote 

long-term musculoskeletal health, reducing the risk of chronic conditions later in life. 

Moreover, the integration of biomechanical parameters into physical health 

evaluations aligns with the growing emphasis on personalized medicine and health 

care. Adolescents exhibit significant variability in physical development, and a one-

size-fits-all approach to health assessment is often inadequate. The proposed model, 

with its ability to analyze individual biomechanical profiles, offers a more 

personalized and precise approach to health evaluation. This is particularly relevant in 

the context of school-based health programs, where early identification and 

intervention can have a profound impact on students' overall well-being. However, 

there are challenges to consider in the practical implementation of this model. 

Collecting biomechanical data requires specialized equipment, such as motion capture 

systems, force plates, or wearable sensors, which may not be readily available in all 

settings. Additionally, the computational complexity of BP neural networks may pose 

challenges for real-time applications, particularly in resource-limited environments. 

Future research could explore the use of simplified algorithms or portable devices to 

make the model more accessible and scalable. 
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Another area for further investigation is the long-term impact of biomechanically 

informed interventions on physical health outcomes. While the model demonstrates 

high accuracy in classifying health status, longitudinal studies are needed to assess 

whether the recommended interventions lead to sustained improvements in physical 

health. Additionally, the model could be expanded to include other factors, such as 

psychological and environmental influences, to provide a more holistic assessment of 

adolescent health. 

5. Conclusion 

In the era of big data, leveraging big data technologies and various algorithms to 

make data more interpretable, traceable, and applicable is crucial to achieving precise 

interventions in adolescent physical health [2]. This study employs BP neural 

networks to train the results obtained from clustering analysis. With an accuracy of 

approximately 90% for the training and testing sets, this model provides a refined 

evaluation of junior high school students’ physical health and a comprehensive 

categorization of group characteristics, demonstrating substantial practical 

importance. The variable importance analysis reveals that vision and weight are the 

most critical indicators, highlighting key focus groups in physical health. This 

approach provides scientific data support for student health improvement initiatives. 
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