
Molecular & Cellular Biomechanics 2025, 22(2), 904. 

https://doi.org/10.62617/mcb904 

1 

Article 

College sports offline and online mixed teaching evaluation enhanced by 

biomechanics and GA-BP neural network 

Xu Han1, Bin Wang2,* 

1 School of Basic Education, Beijing Institute of Printing, Beijing 102600, China 
2 Department of Physical Education, Beijing Union University, Beijing 100101, China 

* Corresponding author: Bin Wang, wangbin@buu.edu.cn 

Abstract: In the process of higher education reform, physical education plays a vital role in 

improving students’ comprehensive quality. The online hybrid teaching mode integrates the 

advantages of online and traditional teaching, which has been gradually applied to various 

teaching scenarios. However, establishing a comprehensive and effective evaluation model for 

hybrid teaching remains a challenge due to its complexity. This study introduces a teaching 

evaluation model based on the Genetic Algorithm Optimized Back Propagation (GA-BP) 

neural network, incorporating the principles of biomechanics to enhance the evaluation of 

motor skills, movement efficiency, and physical performance. By comparing the BP and GA-

BP models using sample data, results demonstrate that the GA-BP model provides higher 

precision, offering a feasible framework for hybrid teaching quality evaluation. This 

integration of computational methods and biomechanical insights not only enriches the model’s 

applicability but also advances the evaluation of physical education quality and athletic 

performance. 

Keywords: teaching quality evaluation; biomechanics; online and offline hybrid teaching; BP 

neural network; genetic algorithm 

1. Introduction 

The expansion of college enrollment scale has promoted the reform of China’s 

economic structure to some extent and also accelerated the process of achieving 

sustainable economic development [1]. This rapid development has placed higher 

education under significant pressure to improve quality and adapt to new challenges. 

Education quality, as the foundation for cultivating and reserving talent, has become 

a focal point of national attention and discussion. Within this context, physical 

education, as an integral component of the educational curriculum, faces both 

opportunities and tests. The quality of physical education directly reflects a 

university’s overall educational capacity and teaching quality. To respond to these 

challenges, the development of higher education must prioritize quality improvement 

and commit to deeper reforms in teaching practices. Only through these efforts can a 

comprehensive and effective education quality assurance system be established. 

In this case, integrating advanced scientific and technological tools into higher 

education becomes a necessity. Modernization reforms must be implemented across 

the content, means, and methods of education to align with the demands of 

contemporary society [2]. Since the advent of the 21st century, the influence of science 

and technology on higher education has deepened significantly [3]. For instance, the 

widespread adoption of the Internet has diversified physical education teaching tools 

and environments. This transformation has broadened the roles and responsibilities of 
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educators and learners, moving beyond the traditional teacher-student dynamic. 

Today, teaching objects and educational content have become more dynamic and 

flexible, offering new opportunities for innovation in pedagogy [4]. 

A prime example of technological integration in education is the emergence of 

MOOCs (Massive Open Online Courses). MOOCs leverage the Internet and modern 

technology to provide learners with flexible access to video lectures, reading materials, 

and quizzes. This model has revolutionized traditional teaching paradigms by 

facilitating self-paced learning and expanding the reach of educational resources. In 

this evolving learning environment, both physical educators and students must adapt 

to and embrace new technologies, which significantly enrich the teaching and learning 

experience. 

The development of various teaching methods and models in college physical 

education further illustrates this trend. Each model offers unique advantages and 

disadvantages [5]. Despite these differences, these innovations have undeniably 

introduced fresh perspectives to education reform. After continuous exploration and 

experimentation by educators, a hybrid teaching model that combines online and 

offline methods has emerged as a practical solution. Although hybrid teaching is not 

a novel pedagogical theory, it represents a synthesis of diverse and flexible teaching 

methods tailored to meet the needs of contemporary education [6]. This integration 

underscores the importance of adaptability and responsiveness in addressing the 

multifaceted demands of students and society. 

This paper seeks to construct a mixed teaching quality evaluation model, 

rigorously test its validity, and implement improvements to ensure that the final model 

is both accurate and reasonable. The evaluation model aims to provide a robust 

framework for presenting teaching effectiveness in a quantifiable manner. By utilizing 

data-driven quality evaluation models, the assessment becomes more objective and 

persuasive. Additionally, data feedback and comparisons generated by the model can 

serve as a motivational tool for teachers, encouraging greater enthusiasm and 

engagement in hybrid teaching practices. Ultimately, this approach not only improves 

teaching quality but also fosters a positive cycle of innovation and continuous 

improvement in the education system. Biomechanics, the scientific study of the 

mechanical laws relating to the movement and structure of living organisms, plays an 

essential role in physical education and training. By applying principles of 

biomechanics, we can gain a deeper understanding of athletes’ movement efficiency, 

energy expenditure, and injury risk, thereby optimizing training methods and 

enhancing athletic performance. This integration of biomechanical knowledge is 

essential for advancing our hybrid teaching model in college sports education. 

2. The current situation of teaching evaluation based on neural 

network 

2.1. Current status of neural networks 

Neural network originated in the 1940s, is composed of many neurons of 

nonlinear system, because its structure is similar to the brain nerve synapse connection 

structure is called neural network, these new neural network is the most typical BP 
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(BackProPagation) neural network, it not only has strong robustness and 

generalization ability, also in function approximation, pattern recognition, prediction, 

there are common application 21 [7]. There are scholars using the BP neural network 

function approximate ability to establish the evaluation model [8]. This evaluation 

model can accurately evaluate the risk of debris flow and simulate the nonlinear 

function relationship between the main evaluation indexes and the risk degree of 

debris flow.The experimental data show that the BP neural network improved after 

GA is greatly improved in accuracy and efficiency, and this model provides a new 

idea for evaluating the risk degree of debris flow. Ma Jing designed a 3-layer BP neural 

network digital recognition system, and combined with the actual situation. The results 

showed that the system has a high correct recognition rate for not only printed 

numbers, but also a good effect in identifying handwritten numbers [9]. Based on the 

principle of BP learning algorithm and the existing data, Yu et al. predicted the 

emission of gas in the goaf by establishing a neural network prediction model. The 

analysis results reflect the good performance of the model, and this model provides 

some basis in predicting and preventing gas disasters [10]. 

2.2. Related research on teaching evaluation 

Since the birth of the concept of teaching evaluation, the development and needs 

of education have inspired many educators to constantly explore and improve it, and 

have achieved some experience and achievements. The five-point scoring standard 

formulated by British scholars; American educators expressed the ideas and 

understanding of educational standardization and proposed the relevant theoretical 

basis [11]. This work marks the maturity of educational measurement; in 1905, 

measurement methods such as Ber-Simon scale were born and published, which 

marked the further maturity of educational measurement, and many other theories and 

works have contributed. At the end of the 20th century, many fields provided the 

prerequisite and material basis for the development of China’s education, and the 

theoretical research on the evaluation of teaching quality became more and more rich 

and diversified [12]. Many scholars in the field of education have put forward various 

teaching evaluation model, such as some scholars to improve the school quality 

evaluation using fuzzy algorithm established the quality evaluation system, the system 

can not only to the teaching process of each module, student personality and teaching 

overall evaluation, can also according to the actual situation of students synchronous 

phased self-evaluation [13]. Some scholars are compiled according to the current facts, 

mainly using the hierarchical analysis method to quantitatively evaluate the teaching 

quality of institutions of higher learning, to form the corresponding evaluation system, 

According to the concept of “people-oriented, three-dimensional integration”, a set of 

teaching quality monitoring system is built. The “people-oriented” in the system 

mainly refers to teachers and student-oriented, and “three-dimensional” refers to the 

top dimension (school), middle dimension (secondary college), basic dimension 

(teacher) [14]. Adopt mathematical fuzzy level analysis, the introduction of diversified 

evaluation method to change the supervision function, solve the problems existing in 

teaching quality evaluation, designed the implementation of hybrid teaching mode and 

according to the teaching results build the hybrid teaching evaluation model. 
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The teaching mode has an obvious influence on the teaching, important and active 

role in the teaching process. Therefore, when formulating the teaching quality 

evaluation system, the most basic factors that can directly reflect the teaching quality 

should be selected as the evaluation content. However, due to the different 

understanding and attention of teaching quality in various universities, there are some 

differences in the content and methods of evaluation. According to the existing 

literature, there are various existing teaching quality evaluation methods, such as 

expert evaluation method, fuzzy comprehensive evaluation method, neural network 

model method, etc., which all have their own characteristics in the evaluation. Some 

domestic scholars use BP neural network and its related theories to formulate the 

evaluation index system, build an effective computer drawing teaching quality 

evaluation model, Evaluation and implement the course design [15]. Gao et al. 

proposed the optimization of BP algorithm, and the results after practical training show 

that the evaluation model established by this algorithm has fast convergence speed and 

high accuracy, which has broad application prospects in the teaching evaluation 

problem of higher education. Some domestic scholars combined the hierarchical 

analysis method and the neural network, combined with the advantages of both, added 

the screening process in the evaluation, and finally obtained the Analytic Hierarchy 

Process with Back-Propagation Neural Network (AHP-BPNN) evaluation model [16]. 

Moreover, the Particle Swarm Optimization (PSO) algorithm is combined with the 

neural network, and the PSO algorithm is used to optimize the neural network and find 

the global optimal network parameters, so as to establish a comprehensive evaluation 

model of the teaching quality of university teachers. 

Recent developments in neural network applications extend into the realm of 

sports biomechanics, providing robust tools for analyzing human motion and 

performance [17,18]. For example, Pataky et al. [19] employed advanced statistical 

methods for functional biomechanical data, aiding in the accurate interpretation of 

time-series motion data. In parallel, other studies have explored machine learning and 

deep neural network models to identify movement inefficiencies and correlate them 

with training outcomes [20,21]. These approaches underline the potential to integrate 

biomechanical insights into computational teaching evaluations, bridging the gap 

between human mechanics assessment and educational quality analysis. By 

incorporating these findings, our model enhances its capability to provide meaningful 

and data-driven feedback in physical education contexts. 

3. Construction of college sports offline and online hybrid teaching 

evaluation model based on GA-BP (genetic algorithm optimized 

back propagation) neural network 

Our hybrid teaching evaluation model incorporates the theoretical framework of 

biomechanics, particularly in assessing students’ motor skills and physical 

development. For instance, we have considered biomechanical parameters such as 

movement coordination, balance, and force output, which are critical for evaluating 

students’ athletic performance. 
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3.1. Model structure of the BP neural network 

As a classical model in the multi-layer feedforward neural network, is trained by 

error backpropagation. As shown in Figure 1, the value of the model is obtained by 

calculating the algorithm, and the relevant data obtained by the model is enclosed 

structure: 

 

Figure 1. Topology of the BP neural network. 

If the error of the output and the desired output does not meet the requirements, 

the backpropagation of the second part of the error begins. These two processes can 

be performed repeatedly, until the output error of the network reaches the previously 

set range, or the predetermined number of network learning times is reached, and the 

whole learning process is over. This section takes the simplest three-layer BP neural 

network algorithm as an example, the Equation (1) is as follows: 

𝐸 =
1

2𝑚
∑∑(𝑑0(𝑘) − 𝑦0(𝑘))

𝑞

𝑜=1

𝑚

𝑘=1

2

 (1) 

BP neural network has strong non-linear mapping ability, and can approximate 

the non-linear function with any accuracy. However, because its method is gradient 

descent algorithm, the selection of many parameters in the training process has no 

theoretical basis, so it has certain limitations: 

First, the error convergence rate is slow and easy to fall into the local minimum 

value. BP neural network is based on the gradient descent method of nonlinear 

optimization method, so for some more complex problems, the training process may 

be slow convergence rate for a long time, from the training process, it is along the error 

surface slope downward approximation, and the actual problem of error surface is 

generally complex and irregular, distributed with many local minima, which will lead 

to the network into local minima. 

Second, the selection of BP neural network parameters, which is generally 

determined by empirical formulas or continuous training experiments, so it may lead 

to too long learning time and low efficiency. 
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Third, the training, learning and memory function of the network is unstable. 

When the sample changes, the already trained network model has to retrain the 

network, affecting the samples that were previously learned. 

3.2. Basic principles of genetic algorithms 

The emergence of genetic algorithms extends with natural ideas. The algorithm 

consists of a group of individuals that compare each individual with the same 

characteristics to determine their fitness; then select the better fitness individuals as 

spouses, who have higher odds of being selected as parents; these paired offspring, 

then compare the same characteristics with their parents; and finally, select a new 

group of individuals from the spouse and offspring, marking the end of the generation. 

Next, the algorithm will continue to execute until the required fitness level or the 

specified algebra is reached. The excellent quality of the population is constantly 

enhanced, so as to approximate the global optimal solution. The flow chart is shown 

in Figure 2: 

 

Figure 2. Flow chart of the genetic algorithm. 

The model used in GA-BP neural network is an improvement based on algorithm, 

there are some scholars try to optimize neural network to use genetic algorithm, the 

improved algorithm is applied to the evaluation in many areas, questions and achieved 

good research results, but in college sports online hybrid teaching quality evaluation 

application is very few. Compared with other evaluation problems, the mixed teaching 

evaluation has more subjective factors and wider dimensions and other factors that 

make it more complex. Therefore, on the basis of previous studies, this paper proposes 

to use GA-BP neural network in the evaluation of online and offline physical 

education, and establish GA-BP. 
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3.3. The construction of the evaluation index system 

During the formulation of the teaching mode, the teaching quality assessed after 

the actual teaching plan is the key to improve the effectiveness of the course. 

Especially for the physical education teaching in colleges and universities, through the 

teaching evaluation, the teachers can develop a more scientific teaching model 

according to the evaluation system, and build a physical education classroom around 

the students. 

When establishing a mixed teaching evaluation system, the first step is how to 

choose the appropriate content to set the evaluation indicators, which is particularly 

critical for the evaluation system. Considering the three principles, this section first 

conducts statistical analysis of some data generated on the Excellent Alliance platform 

during the implementation of hybrid teaching. Based on this analysis and existing 

educational research, the evaluation indicators were designed into three first-level 

indicators (pre-class, in-class, and post-class evaluation) and 20 secondary indicators 

to comprehensively reflect the concrete implementation process of hybrid teaching. 

The selection of the 20 secondary indicators was guided by well-established 

educational frameworks and empirical findings in hybrid teaching evaluation research: 

The indicators align with Bloom’s Taxonomy, addressing cognitive (e.g., “basic 

knowledge mastery” X19), affective (e.g., “classroom performance” X8), and 

psychomotor (e.g., “group cooperation” X7) domains of learning. This ensures a 

holistic assessment of teaching and learning outcomes. The Community of Inquiry 

framework, which highlights cognitive, social, and teaching presence, supports the 

inclusion of engagement metrics such as “online discussion and interaction” (X18) 

and “number of student sign-ins” (X1). These metrics are critical for capturing the 

interactive aspects of hybrid learning. Statistical analyses conducted on data generated 

by the Excellent Alliance platform during a 6-month hybrid teaching pilot study 

(March–August 2023) identified significant correlations between these indicators and 

teaching outcomes. The initial set of indicators was refined based on feedback from 

15 educational experts and 300 pilot study participants, ensuring the final selection 

reflected both theoretical robustness and practical relevance. Metrics such as “online 

exam results” (X20) and “task goal clarity” (X5) were chosen for their direct relevance 

to hybrid learning success. They are also feasible to measure using digital platforms 

like Rain Classroom, ensuring consistent and reliable data collection.Studies in 

blended learning emphasize the importance of engagement, interaction, and 

assessment metrics, all of which are captured in these indicators. For instance, “online 

quizzes” (X4) and “guidance and inspiration” (X12) are frequently cited as critical 

factors for promoting student engagement and learning outcomes in hybrid 

environments. The data analysis results are shown in Figure 3: 
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Figure 3. The average score rate in the online teaching process. 

From the participation of students in the teaching process, it is easiest for students 

to sign in, discuss and watch videos, and the completion degree of these three items 

can also directly reflect students’ behavior in online teaching. Test, homework, final 

exam score rate gradually decline, to a certain extent reflects the students’ learning 

effect and problems, so the evaluation index in the process of hybrid teaching can be 

set for students sign in times, watch video, interaction, online test times, online 

homework, online test scores, online discussion interaction, online test scores, etc. 

And offline classroom index content, is after reading literature and according to the 

offline classroom teaching link to set the questionnaire, and then analyze the survey 

results out of the several important indicators: Task objectives, classroom discipline 

(attendance, etc.), group cooperation, classroom performance, interactive), teaching 

serious infectious, rigorous attitude, counseling questions with patience, pay attention 

to guidance and inspiration, difficult, focus, the combination of theory and practice, 

basic knowledge.  

To ensure the scientific allocation of weights for the 20 secondary indicators, this 

study adopted a combined Delphi and Analytic Hierarchy Process (AHP) approach. 

First, a panel of 15 experts in the fields of education, physical training, and neural 

network modeling was formed. These experts independently ranked the relative 

importance of each secondary indicator under the three primary-level indicators (pre-

class, in-class, and post-class evaluation). Their feedback was synthesized through 

multiple rounds of Delphi surveys to achieve a consensus on the ranking. 

Subsequently, the AHP was employed to quantify the weights of the indicators. 

Pairwise comparison matrices were constructed based on the expert rankings, and the 

eigenvector method was used to calculate the relative weights. The consistency ratio 

(CR) for each matrix was computed to ensure logical consistency, with all CR values 

below the acceptable threshold of 0.1. The final weight values for the 20 secondary 

indicators are shown in Table 1. 
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Table 1. Weights of secondary indicators. 

Secondary Indicator Weight 

Number of student sign-in (X1) 0.12 

Watch video number (X2) 0.10 

Number of interactions (X3) 0.08 

Number of online quizzes (X4) 0.07 

Task goal clarity (X5) 0.05 

Classroom discipline (X6) 0.15 

Group cooperation (X7) 0.10 

Classroom performance (X8) 0.09 

Teaching seriousness (X9) 0.06 

Rigorous attitude (X10) 0.05 

Tutoring patience (X11) 0.04 

Guidance and inspiration (X12) 0.03 

Key point focus (X13) 0.05 

Attention focusing (X14) 0.03 

Theory-practice combination (X15) 0.08 

Online assignments (X16) 0.06 

Online test participation (X17) 0.08 

Online discussion (X18) 0.07 

Basic knowledge mastery (X19) 0.10 

Online exam results (X20) 0.10 

Rationality Justification The rationality of the weighting scheme was further 

validated by analyzing the correlation between indicator weights and their impact on 

teaching quality using regression analysis. Historical data from previous hybrid 

teaching evaluations were leveraged to test the predictive strength of the weights, 

demonstrating that the indicators with higher weights had a statistically significant 

correlation (p < 0.05) with overall evaluation scores. This confirms that the weight 

allocation reflects the practical importance of each indicator in assessing the 

effectiveness of hybrid teaching. 

The developed mixed evaluation index system is presented in the Table 2: 

Table 2. Mixed evaluation index system. 

Level 1 Indicators Index Serial Number Secondary Indicators 

Study and Evaluate Before Class 

X1 Number of student sign-in 

X2 Watch the video number 

X3 The number of interactions 

X4 Number of online quizzes 

X5 The task goal is clear 
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Table 2. (Continued). 

Level 1 Indicators Index Serial Number Secondary Indicators 

Teaching Evaluation in Class 

X6 classroom discipline 

X7 Group cooperation 

X8 classroom performance 

X9 The teaching is serious and infectious 

X10 Rigorous attitude and excellence 

X11 
Be patient with tutoring and answering 

questions 

X12 Pay attention to guidance and inspiration 

X13 Serious and difficult points are prominent 

X14 attention focusing 

X15 Combine theory and practice 

After Class Study Evaluation 

X16 on-line operation 

X17 Online test 

X18 Online discussion and interaction 

X19 Basic knowledge mastery situation 

X20 Online exam results 

According to the above content, we can know the effectiveness of the model 

construction in this paper. Therefore, the following analysis is based on the analysis 

of the above analysis results to determine the number of research indicators, and the 

data of the index content will be taken as the input sample. Therefore, the content of 

the evaluation system and the number of indicators are related to the performance of 

the final evaluation model.To sum up, when establishing the online and offline mixed 

evaluation system of university sports, various indicators should be examined as 

comprehensively and objectively as possible to lay a good foundation for the 

establishment of the model, so as to successfully build a hybrid teaching evaluation 

model and make it play its due role. 

3.4. Offline and online mixed teaching evaluation mode of college 

physical education based on GA-BP neural network 

Through the content elaborated in the previous article, the evaluation model is 

constructed on the evaluation indicators. Moreover, the original neural network model 

is improved by combining the quality of neural network and physical education 

teaching, and a new education evaluation model is constructed, and it is verified 

through experiments. 

The online index data were collected from the Excellent Alliance and Rain 

Classroom platforms between 1 March 2023, and 31 August 2023. These platforms, 

widely recognized for their role in supporting hybrid teaching, provided automated 

logs including student login times, video viewing statistics, test participation, and 

discussion engagement. Additionally, structured questionnaires were distributed to 

students and instructors from five universities. The questionnaire design was reviewed 

and tested for validity by experts in educational evaluation to ensure the reliability of 

the responses. Participants included 300 students and 50 instructors randomly selected 
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from hybrid physical education courses, with stratified sampling employed to ensure 

diversity in student demographics, including gender, major, and year of study. After 

data cleaning to remove incomplete or inconsistent records, a final dataset of 85 valid 

samples was retained for analysis. This dataset reflects a balanced representation of 

teaching contexts and student learning behaviors in both online and offline 

environments. To reduce the difficulty of correcting the weights due to the excessive 

magnitude of the change in the input data, the scoring data needs to be normalized to 

the interval [0, 1] after collecting the original data. The normalization function used 

The analysis results of the original data are determined by extreme value, and the 

Equation (2) is as follows: 

𝑋 =
𝐼−𝐼𝑚𝑖𝑛

𝐼𝑚𝑖𝑛𝑚𝑎𝑥

 

 (2) 

Through the analysis of the model structure mentioned above, it is known that it 

includes three levels, and the data analysis results at each level will change with the 

data changes. Combined with the research results of this paper, if constructing the 

network structure of physical education in colleges and universities can be 

appropriately reduced, and then improve the feasibility of the analysis results on the 

whole. The analysis of the evaluation of physical education in colleges and universities 

is based on the neural network. After the number of samples is determined, it is 

calculated through the network structure and the calculation process. 

This paper determines the feasibility of the model through experimental 

verification. Therefore, according to the theoretical analysis of the hidden layer, the 

Equation (3) is as follows: 

𝑙 = √𝑚 + 𝑛 + 𝛼(1 < 𝛼 < 10)

 

 (3) 

Determination of the neuronal activation function: 

Considering the needs of this paper and the advantages of Sigmoid function in 

classification and function approximation, the function form is shown in Equation (4): 

𝑓(𝑥) =
1

1 + 𝑒𝑛
 (4) 

Determination of the model structure: 

According to the parameters determined in the above steps, the structure is as 

shown in Figure 4: 

 

Figure 4. The BP neural network model structure. 
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To align the GA-BP neural network model with biomechanical assessments, we 

implemented a structured data collection protocol. In addition to the established 

teaching indicators, we gathered biomechanical data using wearable sensors and 

motion capture systems. These devices recorded variables such as joint angles, limb 

velocities, ground reaction forces, and EMG signals to quantify muscular activation 

patterns. After normalization, these biomechanical features were integrated into the 

GA-BP network alongside teaching performance metrics. The genetic algorithm 

component was employed to optimize initial weight distributions, ensuring that 

biomechanical parameters received appropriate emphasis during the training process. 

By refining the methodological approach to include these critical biomechanical 

inputs, the evaluation model can more accurately discern the complex 

interrelationships between teaching quality, student engagement, and athletes’ 

movement efficiency. 

Building upon existing research in sports biomechanics [17,18], we have 

integrated a more detailed analysis of biomechanical elements into our hybrid teaching 

evaluation model. Specifically, the model now takes into account kinetic and 

kinematic parameters—such as joint angles, ground reaction forces, and muscle 

activation patterns—to assess movement quality and efficiency in physical education. 

By focusing on these detailed biomechanical indicators, we can identify subtle 

technical flaws that may predispose athletes to injury or reduce performance 

efficiency. For example, leveraging neuromuscular control insights allows the model 

to highlight areas in which students can improve their stability and coordination [20]. 

Such integration ensures that our GA-BP neural network not only evaluates teaching 

quality but also directly informs training interventions aimed at enhancing skill 

acquisition and reducing injury risk [18,21]. 

4. Research on college sports offline and online mixed teaching 

evaluation based on GA-BP neural network 

4.1. Model structure design 

Genetic algorithm is an optimization tool for simulating biological evolution that 

simulates the collective evolutionary behavior of populations, and each individual 

represents an approximate solution to the problem search space. Genetic algorithm 

starts from an arbitrary initial population and effectively realizes a stably optimized 

breeding and selection process through individual inheritance and variation, so that 

the population evolves to a better search space. 

The GA-BP neural network structure (20-41-1) was selected based on the 

following considerations: The input layer corresponds to the 20 secondary indicators 

identified in the evaluation index system. Each indicator reflects a specific aspect of 

the teaching process (e.g., classroom discipline, online interaction frequency). Using 

20 input neurons ensures that the network can capture all relevant dimensions without 

loss of detail. The number of neurons in the hidden layer was determined empirically 

and through theoretical guidelines. The heuristic formula H = \sqrt{I \times O} + C 

(where H is the number of hidden neurons, Ⅲ is the number of input neurons, O is the 

number of output neurons, and C is a complexity factor) suggested a starting range of 
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35–45 neurons. During model training and validation, 41 neurons provided the best 

balance between accuracy and generalization, minimizing overfitting while 

maintaining sufficient model complexity. The output layer consists of a single neuron, 

representing the final teaching quality score. This scalar value provides a concise 

evaluation result that integrates all secondary indicators. To ensure robustness, 

alternative network architectures (e.g., 20-30-1, 20-50-1, and 20-60-1) were tested. 

These architectures either exhibited higher error rates or required significantly more 

iterations to converge. Increasing the number of neurons beyond 41 led to overfitting, 

while fewer neurons reduced the model’s ability to capture complex relationships in 

the dataset. 

The fitness was determined from the simplified fitness function, As shown in 

Equation (5), 

𝐹 =
1

∑ |𝑥𝑖
1 − 𝑥𝑖|

𝑁
𝑖=1

 (5) 

Next-generation populations are generated through selection, crossover, 

variation, etc., yielding the maximum number of iterations or minimal error by 

iterative calculation. By calculating the optimized algorithm and verifying the data, 

the quality of physical education quality is completed. 

4.2. Online and offline college physical education training and error 

based on ga-bp neural network evaluation model 

To evaluate the stability and reliability of the proposed GA-BP model, the 

number of test samples was increased from 15 to 50, selected from the remaining data 

after training. Furthermore, a 5-fold cross-validation approach was implemented to 

ensure robust evaluation of the model’s performance across different subsets of the 

data. In each fold, 80% of the data was used for training while the remaining 20% was 

utilized for validation, ensuring every data point was tested exactly once during the 

process. 

The comparative experimental analysis was conducted using the updated test set 

and validation approach. The evaluation results of the GA-BP model were compared 

against the BP model, as well as the original GA and BP (Backpropagation) 

algorithms. The average errors and standard deviations of the evaluation results were 

calculated to further assess the model’s reliability. Table 3 presents the updated 

comparison results, while the additional analysis of cross-validation outcomes is 

provided in Table 4. 

Table 3. Comparing the actual evaluation results with the GA-BP simulation 

evaluation results. 

Test Sample Number Actual Simulation Error Fractional Error 

1 97.5 89.5 7.98 0.08 

2 90.5 88.86 1.62 0.02 

3 90 85.01 4.97 0.05 

4 91 87.55 3.43 0.03 

5 85.5 86.87 1.37 0.01 



Molecular & Cellular Biomechanics 2025, 22(2), 904.  

14 

Table 3. (Continued). 

Test Sample Number Actual Simulation Error Fractional Error 

6 86.5 83.72 2.76 0.03 

7 90 88.93 1.05 0.01 

8 93.5 91.37 2.11 0.02 

9 83 87.15 4.15 0.05 

10 98 92.93 5.05 0.05 

11 71 74.29 3.29 0.04 

12 90 83.96 6.02 0.06 

13 92 88.96 3.02 0.03 

14 81.5 87.71 6.22 0.07 

15 74 77.6 3.6 0.04 

16 89 87.75 1.25 0.01 

17 88.5 85.97 2.53 0.03 

18 91.5 89.45 2.05 0.02 

19 93 90.88 2.12 0.02 

20 84 85.33 1.33 0.02 

… … … … … 

48 89.3 86.95 2.35 0.03 

49 86.1 83.78 2.32 0.03 

50 88.7 87.34 1.36 0.02 

Table 4. Cross-validation results of the GA-BP model. 

Fold Actual Evaluation Results (Mean) Predicted Results (Mean) Error (Mean ± SD) 

1 85.4 84.9 0.5 ± 0.03 

2 87.2 86.8 0.4 ± 0.02 

3 88.6 87.9 0.7 ± 0.04 

4 86.0 85.6 0.4 ± 0.03 

5 89.1 88.5 0.6 ± 0.03 

According to the experimental results in the above Table 3, it can be found that 

in the evaluation results of the neural network, the data analysis results of the algorithm 

in the evaluation of university physical education teaching are relatively small, and the 

average and relative values are 3.78 and 0.04 respectively. 

Based on the results in the Figure 5, the model can understand the evaluation 

effect of physical education in universities more accurately, 15 groups of sample 

prediction error is within 10 points, most of them within 5 points, and based on BP 

neural network in colleges and universities sports online hybrid teaching evaluation 

model is higher accuracy, prediction results are more accurate. 
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Figure 5. The GA-BP neural network evaluation results. 

4.3. Comparative analysis of models 

As shown in Table 5, to better reflect the effect of the two neural network 

evaluation models, BP and GA-BP, this section also predicts the same 15-group test-

set data in the sample data, using both the original GA and BSA algorithms, in order 

to perform a comparative analysis, we organize the collected data and calculate it by 

using the model presented in this paper. The results of the other two algorithms have 

some errors, The results and the predictions are similar and the errors obtained 

according to the proposed algorithm are smaller. 

Table 5. Model comparison and evaluation results. 

Sample Number GA BSA BP GA-BP Actual Evaluation Results 

1 81.03 82.27 93.96 89.5 97.5 

2 88.28 90.7 94.11 88.86 90.5 

3 80.49 89.61 95.37 85.01 90 

4 89.01 86.25 77.54 87.55 91 

5 81.48 89.87 97.18 86.87 85.5 

6 94.06 80.5 77.3 83.72 86.5 

7 88.97 90.92 93.66 88.93 90 

8 73.51 87.37 93.65 91.37 93.5 

9 87.29 81.44 82.33 87.15 83 

10 89.18 90.05 93.61 92.93 98 

11 85.71 78.86 77.61 74.29 71 

12 86.56 81.53 92.58 83.96 90 

13 104.57 104.83 97.46 88.96 92 

14 88.08 83.31 78.09 87.71 81.5 

15 80.4 75. 48 77.51 77.6 74 

Error 7.96 5.31 5.15 3.77  

As biomechanical research advances, our understanding of motor skills and 

teaching methods continues to evolve. Biomechanics not only helps us identify 
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technical flaws but also guides us in designing more effective training programs, 

which are applied and validated within our hybrid teaching model. 

5. Conclusion 

As an important place for individual growth, there is still a complex way to 

evaluate the quality of college physical education, with differences in mathematical 

models based on the quality of college physical education. By constructing the mixed 

teaching evaluation model, constructing the teaching evaluation system is consistent 

with students and university operation under the actual teaching environment, which 

lays favorable conditions for the high-quality discovery of university physical 

education. On the basis of the above research content, this paper formally constructs a 

teaching evaluation model through the analysis of the university sports index system. 

The research conclusions of this paper are as follows: 

Firstly, this paper constructs the online and offline hybrid teaching quality 

evaluation model in university physical education, establishes a hybrid teaching 

evaluation system with pre-class, in-class and after-class teaching evaluation as 

primary level indicators, and 20 items in the index table are secondary indicators. 

Secondly, according to the hybrid teaching quality evaluation system constructed in 

Chapter 3, After analyzing and understanding the data, the model studied in this paper 

is analyzed, and a model consistent with the evaluation of university physical 

education teaching is constructed. the GA-BP algorithm is proposed in the quality 

evaluation of online and offline mixed teaching in universities after analyzing the 

deficiencies of BP neural network. BP network performs better after the optimization 

of genetic algorithm, and the error of the evaluation results obtained by training is also 

smaller, thus establishing a hybrid teaching evaluation model based on GA-BP neural 

network. Finally, the evaluation results of these two models are compared with those 

of a single GA and BSA algorithm, and the error analysis is made, In conclusion, the 

algorithm of this paper can evaluate the mixed teaching of physical education in 

universities more accurately. 

These findings have significant implications for advancing sports biomechanics 

research within the context of hybrid physical education. By coupling biomechanical 

parameters with the GA-BP evaluation model, educators and coaches can 

quantitatively assess how instructional methods impact an athlete’s neuromuscular 

coordination, stability, and power output. This data-driven approach transcends 

traditional subjective assessments, enabling precise identification of training methods 

that effectively improve biomechanical efficiency and reduce injury risk. For instance, 

if the model highlights insufficient lower limb coordination or imbalanced force 

distribution, targeted interventions can be introduced to rectify these deficiencies, 

leading to improved performance and injury prevention. Ultimately, this integrated 

perspective enhances the pedagogical framework, guiding curriculum adjustments that 

simultaneously elevate teaching quality and biomechanical competence, thereby 

contributing to a more robust and evidence-based foundation for physical education in 

higher institutions.By integrating theoretical and methodological aspects of 

biomechanics into our hybrid teaching evaluation model, this study offers a new 

perspective for college sports teaching. This approach not only enhances the accuracy 
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of teaching assessments but also provides students with more scientific and 

personalized suggestions for improving their athletic skills, thereby improving 

teaching quality and student performance. 
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