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Abstract—This paper probed deep into the motivation of students’ persis-

tency for online learning from the perspective of user experience of online 

learning platforms, in the purpose of increasing user stickiness and formulating 

effective operation strategies in a targeted manner. Existing studies on the mo-

tivation of students’ persistency for online learning mostly focus on theories, 

while few of them have talked about the problem with the multiple mediation 

effect taken into consideration, for this reason, this paper aims to fill in this re-

search gap and explore the mechanism behind the motivation of students to car-

ry out online learning persistently under the multiple mediation effect. At first, 

this paper built an improved support vector machine (SVM) classifier and used 

it to predict the duration of students' online learning; then, it adopted a structur-

al equation model to analyze the data of students’ willingness to continue online 

learning; after that, this paper gave a theoretical analysis on the motivation of 

students’ persistency for online learning under multiple mediation effect, and 

constructed a basic regression model for the said matter; at last, this paper em-

ployed experimental results to verify the prediction accuracy of the constructed 

model, and gave the corresponding estimation results. 

Keywords—support vector machine (SVM), multiple mediation effect, online 

learning, learning persistency, motivation, willingness 

1 Introduction 

The advances in mobile computing technology in recent years have greatly pro-

moted the development of online learning platforms, and the conveniency of this 

novel learning method has become a new trend and is welcomed by students [1, 2]. 

For these emerging online learning platforms, user satisfaction and low utilization rate 

are common and urgent problems to be solved [3-5], however, few existing studies 

have concerned about the topic of the motivation of students’ persistency for online 

learning [6-11]. In view of this situation, it is quite necessary to analyze the said topic 

from the perspectives of online learning platform and user experience [12-16] and 

figure out the influencing factors of the motivation of students’ persistency for online 
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learning; only in this way, could we achieve the ultimate purpose of increasing user 

stickiness in a more targeted manner, formulating effective operation strategies, stim-

ulating users’ willingness to use the platform continuously, and improving user satis-

faction.  

Affected by the COVID-19 epidemic, almost all students, both in urban areas and 

in rural areas, have to stay at home and learn online. Liang et al. [17] conducted a 

large-scale field survey on rural schools in four Chinese provinces, discussed the 

factors that affect students’ persistency for online learning, and they found that per-

ceived usefulness, perceived conveniency, behavior, and emotional engagement all 

have a positive impact on students’ persistency for online learning. Machuca et al. 

[18] conducted a survey on 126 students in the engineering department of four private 

universities in Peru to understand their perceptions of virtual classroom operations 

and feelings about potential success, aiming to measure their willingness to continue 

online courses, and they discovered that user satisfaction, perceived usefulness, en-

joyment, effort expectations, social influence, trust, shared norms, and connection 

strength can explain this variable to a great extent. Cui [19] tested the relationship 

between system quality, information quality, service quality, satisfaction degree and 

persistence intention in online learning, and the results verified the positive impact of 

system quality on satisfaction, and the significant positive impact of information qual-

ity and service quality on satisfaction degree and persistence intention; moreover, 

they also found that satisfaction can improve online learning persistency, so for pro-

viders of online learning service and educators, it’s very important to keep the learn-

ers and urge them to be persistent in learning. Yang et al. [20] drew on the stimulus-

organism-response framework and self-determination theory to investigate the factors 

affecting the continuity of mobile learning of college students from two aspects of 

self-determination requirement and learning input, the authors developed a research 

model and tested the data of 309 Chinese online learners collected from a few mobile 

online learning platforms. In the past decades, learning management systems have 

been widely used in colleges and universities to monitor and manage online learning 

and teaching. Zareravasan and Ashrafi [21] proposed a comprehensive model inte-

grating the expected conformation theory with the technology acceptance model, and 

used the statistical data of students from an online university to test the model, then, 

the authors ran a partial least square structural equation to model and verify the pro-

posed theoretical model, and the research findings suggested that perceived usefulness 

is the strongest predictor of students’ persistence intention.  

With the help of the effective prediction of students' online learning duration, 

online learning platforms can take targeted measures to constantly recommend learn-

ing resources to students to improve their learning continuity and effectiveness. After 

reviewing relevant literatures, it’s found that there’re many studies on students' learn-

ing motivation, however, the research on the motivation of students' persistency for 

online learning merely concentrated on theories, and few of them viewed the said 

matter with the effective prediction of online learning duration and the analysis of 

students’ willingness to continue online learning under multiple mediation effect 

taken into consideration. For this reason, this paper aims to research the motivation of 

students’ persistency for online learning under multiple meditation effect. In the sec-
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ond chapter, this paper constructed an improved SVM classifier to predict the dura-

tion of students' online learning. In the third chapter, this paper used a structural equa-

tion model to complete the data analysis of students' willingness to continue online 

learning. In the fourth chapter, this paper explored the theories of the motivation of 

students’ persistency for online learning under multiple mediation effect, and con-

structed a basic regression model for the said matter. At last, experimental results 

proved the prediction accuracy of the constructed model, and the empirical estimation 

results were given in the text. 

2 Prediction of online learning duration of students 

2.1 Modelling principle and noise point analysis 

This paper aims to predict students’ online learning duration based on improved 

SVM. Different from the linear SVM that deals with linearly separable data in the 

feature space, the nonlinear SVM can realize the high-dimensional space mapping of 

original data a, namely to convert <ai,a> into <Φ(ai),Φ(a)>, then there is hyperplane 

equation: 

      
1

,
k

i i i

i

g a q a t b Φ a Φ a t


      (1) 

The high-dimensional space mapping is completed by the kernel function. Assum-

ing: Ψ(a) represents the kernel function adopted by the SVM, then Formula 2 gives 

the equation for the hyperplane in the high-dimensional space: 

  
1

,
k

i i i

i

g a bΨ a a t


   (2) 

Based on the above formula and the calculation method of linear SVM, the optimal 

hyperplane in the high-dimensional space can be obtained. Usually, for the training 

samples of the data of students’ online learning duration, they need to satisfy 

bi(ai·q+t)≥1, that is, the distance between the support vector and the optimal hyper-

plane needs to satisfy [1,+∞]; while for outlier sample points, this distance should be 

within [0,1], assuming for outlier sample points, δi represents the slack variable factor, 

this paper introduced the slack variable to achieve more intelligent model training 

performance: 

 
  1

0

i i i

i

b a q t 



    



 (3) 

After introducing δi, even if there are outlier sample points, still, a relatively ideal 

SVM hyperplane fault tolerance rate can be guaranteed, and Formula 4 gives the pro-

cessing process after modification: 
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Above formula is an optimization problem that satisfies correct classification and 

maximum interval, which can be solved using the Lagrangian algorithm. Assuming Z 

represents the penalty factor, then there is: 
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The optimal hyperplane of the SVM could be obtained by solving the above for-

mula. 

2.2 Duration prediction 

The constructed SVM classifier upgrades the dimension of the data of student’s 

online learning duration to a higher dimensional space, and classifies these data using 

the optimal hyperplane function of the higher-dimensional space. The training and 

prediction steps of SVM are elaborated below: 

Step 1: Select the preprocessed training data, assuming ai represents the data of 

each group, k represents the number of samples, bi∈{0,1,2,3} represents the expected 

output, which are the divided range of students’ online learning duration.  

Step 2: Determine the penalty factor Z based on the following formula. 
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 (6) 

Step 3: Determine the support vector of the online learning duration data of differ-

ent type students, and solve the displacement of the hyperplane using t=1/br-qar. 

Step 4: Select the appropriate Ψ(a) to upgrade the dimension of original data, and 

use binary SVM to classify the online learning duration data of different type stu-
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dents; for each test sample point a, the hyperplane equation g(a)=Σk
i=1xibiΨ(ai,a)+t can 

be used to determine the label of the category to which the sample belongs.  

Assuming α represents the coefficient to be determined, the formula below shows 

the expression of the radial basis function (RBF).  

    2
,i iΨ a a exp a a    (7) 

The Gaussian function-based kernel function has the ability to transform linearly 

inseparable data into linearly separable data based on high-dimensional space map-

ping. 

2.3 Model parameter optimization 

The basic idea of particle swarm optimization (PSO) is: update the position and 

speed of individuals through information interaction, and further update the two pa-

rameters (Z, Ψ) of penalty factor and kernel function to get the optimal values of posi-

tion and speed, the specific steps are: 

After the training samples of students’ online learning duration data were read, the 

position and speed of particles in the population were initialized; then, the sample set 

was segmented into l subsets with the same size which were independent of each 

other. Then, the SVM was trained according to current (Z, Ψ), and the average value 

of the recognition accuracy of l times was obtained and taken as the fitness degree of 

individuals in the population, the optimal position PB of individuals in the population 

and the position of optimal fitness of population GB were memorized. 

Assuming τ1 and τ2 represent learning factors, PB-j represents the optimal position of 

the j-th individual particle, N represents the total number of particles in the popula-

tion, GB-j represents the current optimal position of all particles in the population; the 

random numbers between (0,1) can be generated by function RAND( ), Kj represents 

the current position of the j-th particle, Uj represents the corresponding speed of the j-

th particle, then at last, update the position and speed of particles to search for better 

(Z,Ψ): 

       1 2j j B j j B j j

j j

U U RAND P K RAND G K

K K U

  
         


 

 (8) 

Iteratively update the SVM until reaching the maximum number of iterations, and 

then output the optimization result of (Z, Ψ). Figure 1 shows the design of the model 

structure. 
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Fig. 1. Model structure 

3 Analysis of students' willingness to continue online learning 

This paper adopted a structural equation model to perform data analysis on stu-

dents’ willingness to continue online learning, aiming to research the direct or indirect 

impact of 3 endogenous variables (performance expectation, content quality, and 

satisfaction degree) and 3 exogenous variables (flow experience, perceived mobility, 

and service quality) on students’ willingness to continue online learning. Figure 2 

shows the theoretical model of the influencing factors of the motivation of students’ 

persistency for online learning.  

 

Fig. 2. Theoretical model of the influencing factors of the motivation of students’ persistency 

for online learning 
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Assuming a and b respectively represent the endogenous and exogenous indicators 

of the motivation of students’ persistency for online learning; Γa and Γb respectively 

represent the relationship between these indicators and the latent variable of the moti-

vation of students’ persistency for online learning; ψ and σ respectively represent the 

error of indicators a and b, then Formulas 9 and 10 give the measurement models of 

the structural equation model: 

 
aa Γ     (9) 

 
bb Γ     (10) 

Assuming Σa and Σb represent the covariance matrices of observed indicator vari-

ables a and b; ˄a and ˄b represent their load matrices; ϕ and Ξ represent the covari-

ance matrices of the latent variable and the error term, then, based on the basic meas-

urement equation mentioned above, then for latent variables that are difficult to ob-

serve, there are: 

  'a a aΓ Γ Ξ   (11) 

  'b b bΓ Γ Ξ   (12) 

Assuming: γ and δ respectively represent the endogenous and exogenous latent in-

dicator variables, Y represents the relationship between variables, F represents the 

impact of exogenous latent variables on endogenous latent variables, φ represents the 

residual term, then Formula 13 gives the expression of the structural model: 

 Y F       (13) 

Figure 3 shows a diagram of the structure of the structural equation model. The 

formula below gives the expression of indicator variables corresponding to the matrix 

equation in the figure: 
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Fig. 3. Structure of the structural equation model 

4 Analysis of the Motivation of Students’ Persistency for Online 

Learning Under Multiple Mediation Effect 

To conduct theoretical analysis on the motivation of students’ persistency for 

online learning under multiple mediation effect, this paper constructed a basic regres-

sion model for the said matter: 

 
1 11 1LI MZ      (15) 

Assuming: LI represents the motivation level of students’ persistency for online 

learning, MZ represents the satisfaction degree of online learning, β1 represents the 

intercept term, ρ1 represents regression coefficient, λ represents the error term.  

The extended variables mainly included: flow experience NJ, perceived mobility 

XJ, and service quality FZ; assuming n represents the interaction term between the 

extended variables and online learning satisfaction, then the extended variables were 

introduced into the basic regression model to expand the model as: 

 
1 2 3 4 5

2

6 7 8

I I I I I I

I I I I

LI JG SR MZ FZ NJ

NJ XJ n

     

   

     

   
 (16) 

In the above formula, at the economic level, the online learning satisfaction MZ af-

fects the motivation of students’ persistency for online learning via two ways: per-

formance expectation SR and content quality JG, and this situation belongs to the 

phenomenon that multiple mediating variables exert multiple mediation effect be-

tween the multiple independent variables and the dependent variable (the motivation 

of students’ persistency for online learning), and Formula 17 gives the further con-

structed multiple mediation model: 

2

1 11 12 13 14 15 16 1LI MZ FZ NJ NJ XJ n                (17) 
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2

2 21 22 23 24 25 26 27 2JG SR MZ FZ NJ NJ XJ n                  (18) 

2

3 31 32 33 34 35 36 37 3SR JG MZ FZ NJ NJ XJ n                  (19) 

 
4 41 42 43 44 45

2

46 47 48 4

LI JG SR MZ FZ NJ

NJ XJ n

     

   

     

   
 (20) 

The next step, calculate the total effect ς acted directly by online learning satisfac-

tion MZ via mediating variables performance expectation JG and content quality SR 

on the motivation level of students’ persistency for online learning LI: 

 43 22 41 32 42 32 21 41 22 31 42                 (21) 

The above formula describes the direct effect of online learning satisfaction MZ on 

the motivation of students’ persistency for online learning. ρ22ρ41+ρ32ρ21ρ41 represents 

the mediation effect acted by online learning satisfaction MZ on the motivation of 

students’ persistency for online learning via content quality JG, namely the “online 

learning content quality effect”; ρ32ρ42+ρ22ρ31ρ42 represents the mediation effect acted 

by online learning satisfaction MZ on the motivation of students’ persistency for 

online learning via performance expectation SR, namely the “effect of effective im-

provement of learning performance”. 

5 Experimental results and analysis 

Figure 4 shows the determination process of the two parameters (Z, Ψ) penalty fac-

tor and kernel function of PSO, it can be seen that, with the increase of the number of 

iterations, on the training samples of students’ online learning duration data, the aver-

age fitness curve of the classifier showed a fluctuating change trend. In the experi-

ment, the search range of Z was set to be within [0.1, 100], and Ψ was within [0.1, 

100]. Figure 4 shows that, the searching stopped when the number of iterations 

reached 100, indicating that when the number of iterations reached the highest, the 

fitness degree hadn’t met the termination condition, and the corresponding parameters 

(Z, Ψ)=(0.5781, 0.1) were the optimal parameters.  
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Fig. 4. The determination process of (Z, Ψ) 

Using 2100 pieces of test sample data of students’ online learning duration, this 

paper tested three optimal-searching algorithms, including the fruit fly algorithm, the 

genetic algorithm, and the proposed algorithm, and compared the prediction accuracy 

with the non-optimization state, the comparison results are shown in Figure 5. 

 

Fig. 5. Prediction accuracy of different algorithms 

In this paper, the feature vector of SVM selected the preprocessed original data, 

and the entire prediction process adopted the PSO-optimized SVM model. The same 

2100 pieces of training data of students' online learning duration were selected, but 

the deleted two-type attribute parameters of the data were supplemented, and the 

students’ online learning duration was predicted again, then, the predicted range of 

online learning duration was compared with the actual time duration to get the abso-

lute values of errors between the six predicted ranges and the actual online learning 
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duration, which are given in Figure 6. The ordinate in the figure is the error value 

between the actual value and the predicted range, as can be seen in the figure, the 

average prediction error of the optimized model is smaller than that of the SVM mod-

el before optimization, and this proves that the prediction results of students’ online 

learning duration given by the optimized model were closer to the real situations.  

 

Fig. 6. The absolute errors of model prediction before and after optimization 

In this paper, the least square method was employed to estimate the parameters of 

the multiple mediation effect one by one, and the estimation results are shown in 

Table 1. According to the data in the second to fourth columns in Table 1, the degree 

of students’ satisfaction with online learning has a significant inhibitory effect on 

their motivation to continue online learning and the quality of learning content, and it 

has a significant promotive effect on the performance expectation of students. As can 

be seen from the fifth column in Table 1, after taking the two mediating variables of 

content quality and performance expectation under control, the inhibitory effect of the 

degree of students’ satisfaction with online learning on their motivation to continue 

online learning had decreased, the coefficient of satisfaction degree changed from -

0.015 in column 2 to -0.011, and it was still statistically significant at the 0.1 level. At 

the same time, the effect of two mediating variables, content quality and performance 

expectation, on the motivation of students’ persistency for online learning, was statis-

tically significant at the 0.1 level as well. The above analysis suggests that, at the 0.1 

significance level, during the influencing process of online learning satisfaction on the 

motivation of students’ persistency, content quality and performance expectation did 

have a significant partial mediating effect, which means that students’ satisfaction 

with online learning not only indirectly inhibit their motivation of learning persistency 

via improving content quality and performance expectation, but also directly inhibit it 

as well.  
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Table 1.  Estimation results of the influence of students’ satisfaction degree with online 

learning on the motivation of their persistency for online learning 

Independent variable 
Before the multiple 

mediation effect 

Content 

quality 

Performance 

expectation 

After the multiple 

mediation effect 

Constant term 
0.625 -742.482** 1.502 0.685*** 

(2.58) (-2.74) (0.85) (2.62) 

Satisfaction degree with 

online learning 

-0.015** -53.715*** 0.302** -0.011*** 

(-3.02) (-4.25) (2.85) (-1.72) 

Content quality 
0.0005 -26.384*** 0.312** 0.005 

(0.07) (-6.58) (9.48) (1.27) 

Flow experience 
-0.042** -5.274 0.148*** -0.04** 

(-3.51) (-0.48) (2.75) (-2.88) 

平方Squared flow 

experience 

0.0003** 0.072 -0.002 0.0005*** 

(3.25) (0.42) (-1.12) (3.28) 

Perceived mobility 
0.002 2.954*** -0.002 0.0003 

(0.72) (2.25) (-0.05) (0.35) 

Interaction term 
0.026** 37.485** -0.085 0.018*** 

(2.86) (3.29) (-0.92) (1.74) 

Content quality 
  0.005*** 0.0003** 

  (13.85) (1.95) 

Performance expectation 
 131.851***  -0.035 

 (15.26)  (-1.79) 

N 152 146 153 149 

R2 0.21 0.88 0.95 0.18 

6 Conclusion 

This paper studied students’ persistency for online learning under multiple media-

tion effect. At first, this paper constructed an improved SVM classifier and used it to 

predict students’ online learning duration. Then, it used a structural equation model to 

analyze the data of students’ willingness to continue online learning. After that, this 

paper analyzed the theories of the motivation of students’ persistency for online learn-

ing under the multiple mediation effect, and constructed a basic regression model for 

the said matter. After the theory part, this paper combined with experiment to give the 

selection process of two parameters of PSO, namely the penalty factor and kernel 

function (Z, Ψ), and determined the optimal parameters. The prediction accuracy of 

student’s online learning duration of different algorithms was given, the absolute 

errors of the prediction of the model before and after optimization were compared, 

and the results showed that the predicted results of students’ online learning duration 

obtained by the optimized model were closer to the real situations than the model 

results obtained before optimization. At last, the estimation results of the influence of 

students’ satisfaction with online learning on their motivation to continue online 

learning were given, which had verified that students’ satisfaction with online learn-
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ing not only indirectly inhibit their motivation of learning persistency via improving 

content quality and performance expectation, but also directly inhibit it as well.  

7 Acknowledgement 

This paper was funded by Humanities and Social Science Research Project in Uni-

versities of Hebei Education Department in 2022 (A Study Relationship between 

lifelong Learning Participation Motivation and Quality of Life of Adult in Hebei 

Province). Project number: SQ2022048. 

8 References 

[1] My-Thanh Nguyen, T., Hai Diep, T., Bien Ngo, B., Bich Le, N., Quy Dao, X. (2021). 

Design of online learning platform with Vietnamese virtual assistant. In 2021 6th 

International Conference on Intelligent Information Technology, Ho Chi Minh Viet Nam, 

pp. 51-57. https://doi.org/10.1145/3460179.3460188  

[2] Zhang, W., Qin, S. (2018). A brief analysis of the key technologies and applications of 

educational data mining on online learning platform. In 2018 IEEE 3rd International 

Conference on Big Data Analysis (ICBDA), Shanghai, China, pp. 83-86. https://doi.org/10 

.1109/ICBDA.2018.8367655  

[3] Almusharraf, N., Khahro, S. (2020). Students satisfaction with online learning experiences 

during the COVID-19 pandemic. International Journal of Emerging Technologies in 

Learning, 15(21): 246-267. https://doi.org/10.3991/ijet.v15i21.15647  

[4] Liu, K. (2017). Design and application of an online English self-learning platform. 

International Journal of Emerging Technologies in Learning, 12(8): 4-13. https://doi.org/ 

10.3991/ijet.v12i08.7133  

[5] Hussin, W.N.T.W., Harun, J., Shukor, N.A. (2019). Online tools for collaborative learning 

to enhance students interaction. In 2019 7th International Conference on Information and 

Communication Technology (ICoICT), Kuala Lumpur, Malaysia, pp. 1-5. https://doi.org/ 

10.1109/ICoICT.2019.8835197  

[6] Khalid, F. (2019). Students' identities and its relationships with their engagement in an 

online learning community. International Journal of Emerging Technologies in Learning, 

14(5): 4-19. https://doi.org/10.3991/ijet.v14i05.8196  

[7] Han, I., Shin, W.S. (2016). The use of a mobile learning management system and 

academic achievement of online students. Computers & Education, 102: 79-89. https://doi. 

org/10.1016/j.compedu.2016.07.003  

[8] Vivian, R., Falkner, K., Falkner, N., Tarmazdi, H. (2016). A method to analyze computer 

science students’ teamwork in online collaborative learning environments. ACM 

Transactions on Computing Education (TOCE), 16(2): 1-28. https://doi.org/10.1145/27935 

07  

[9] Vanslambrouck, S., Zhu, C., Pynoo, B., Lombaerts, K., Tondeur, J., Scherer, R. (2019). A 

latent profile analysis of adult students’ online self-regulation in blended learning 

environments. Computers in Human Behavior, 99: 126-136. https://doi.org/10.1016/j.chb. 

2019.05.021  

[10] Dwivedi, A., Dwivedi, P., Bobek, S., Sternad Zabukovšek, S. (2019). Factors affecting 

students’ engagement with online content in blended learning", Kybernetes, 48(7): 1500-

1515. https://doi.org/10.1108/K-10-2018-0559  

272 http://www.i-jet.org

https://doi.org/10.1145/3460179.3460188
https://doi.org/10.1109/ICBDA.2018.8367655
https://doi.org/10.1109/ICBDA.2018.8367655
https://doi.org/10.3991/ijet.v15i21.15647
https://doi.org/10.3991/ijet.v12i08.7133
https://doi.org/10.3991/ijet.v12i08.7133
https://doi.org/10.1109/ICoICT.2019.8835197
https://doi.org/10.1109/ICoICT.2019.8835197
https://doi.org/10.3991/ijet.v14i05.8196
https://doi.org/10.1016/j.compedu.2016.07.003
https://doi.org/10.1016/j.compedu.2016.07.003
https://doi.org/10.1145/2793507
https://doi.org/10.1145/2793507
https://doi.org/10.1016/j.chb.2019.05.021
https://doi.org/10.1016/j.chb.2019.05.021
https://doi.org/10.1108/K-10-2018-0559


Paper—Motivation of Students’ Persistency for Online Learning Under Multiple Mediation Effect 

[11] Mousavi, A., Mares, C., Stonham, T.J. (2015). Continuous feedback loop for adaptive 

teaching and learning process using student surveys. International Journal of Mechanical 

Engineering Education, 43(4): 247-264. https://doi.org/10.1177/0306419015606618  

[12] Sun, Y., Chai, R.Q. (2020). An early-warning model for online learners based on user 

portrait. Ingénierie des Systèmes d’Information, 25(4): 535-541. https://doi.org/10.18280/ 

isi.250418  

[13] Tsai, I., Lei, H.S., Tan, J.L., Liao, H.L. (2013). Integrating Service-learning pedagogy into 

a e-commerce course to investigate student's course satisfaction and continued intention of 

service-learning. Journal of Applied Sciences, 13(12): 2270-2275. https://doi.org/10.3923/ 

jas.2013.2270.2275  

[14] Wang, S.Y. (2021). Online learning behavior analysis based on image emotion 

recognition. Traitement du Signal, 38(3): 865-873. https://doi.org/10.18280/ts.380333  

[15] Lin, Y.C., Chung, P., Yeh, R.C., Chen, Y.C. (2016). An empirical study of college 

students' learning satisfaction and continuance intention to stick with a blended e-learning 

environment. International Journal of Emerging Technologies in Learning, 11(2): 63-66. 

https://doi.org/10.3991/ijet.v11i02.5078  

[16] Islam, A.N. (2015). The moderation effect of user-type (educators vs. students) in learning 

management system continuance. Behaviour & Information Technology, 34(12): 1160-

1170. https://doi.org/10.1080/0144929X.2015.1004651  

[17] Liang, L., Zhong, Q., Zuo, M., Luo, H., Wang, Z. (2021). What Drives Rural Students’ 

Online Learning Continuance Intention: An SEM Approach. In 2021 International 

Symposium on Educational Technology (ISET), Tokai, Nagoya, Japan, pp. 112-116. 

https://doi.org/10.1109/ISET52350.2021.00032  

[18] Machuca, J., Chong, M., Dorin, M., Luna, A., Yi, A.G. (2021). Satisfaction and 

continuance intention of learning with virtual classes in engineering students from 

peruvian private universities. In 2021 IEEE World Conference on Engineering Education 

(EDUNINE), Guatemala City, Guatemala, pp. 1-4. https://doi.org/10.1109/EDUNINE5195 

2.2021.9429131  

[19] Cui, Y. (2021). The influence of quality factors on the satisfaction and continuance 

intention of chinese college students' online learning during the COVID-19 epidemic. In 

2021 12th International Conference on E-Education, E-Business, E-Management, and E-

Learning, Tokyo, Japan, pp. 145-150. https://doi.org/10.1145/3450148.3450168  

[20] Yang, S., Zhou, S., Cheng, X. (2019). Why do college students continue to use mobile 

learning? Learning involvement and self‐ determination theory. British Journal of 

Educational Technology, 50(2): 626-637. https://doi.org/10.1111/bjet.12634  

[21] Zareravasan, A., Ashrafi, A. (2019). Influencing factors on students' continuance intention 

to use Learning Management System (LMS). In Proceedings of the 9th International 

Conference on Information Communication and Management, Prague Czech Republic, pp. 

165-169. https://doi.org/10.1145/3357419.3357429  

9 Authors 

Yan Wang (1990.03), received her doctor’s degree in education in 2021 from 

Jeonju University. Now she is a lecturer in Jitang College of North China University 

of Science and Technology. Her current research direction is educational management 

(email: Wangyan123@ncst.edu.cn). 

Peng Su (1986.03), received his doctor’s degree in education in 2020 from Jeonju 

University. Now he is a lecturer in Jitang College of North China University of Sci-

iJET ‒ Vol. 17, No. 07, 2022 273

https://doi.org/10.1177/0306419015606618
https://doi.org/10.18280/isi.250418
https://doi.org/10.18280/isi.250418
https://doi.org/10.3923/jas.2013.2270.2275
https://doi.org/10.3923/jas.2013.2270.2275
https://doi.org/10.18280/ts.380333
https://doi.org/10.3991/ijet.v11i02.5078
https://doi.org/10.1080/0144929X.2015.1004651
https://doi.org/10.1109/ISET52350.2021.00032
https://doi.org/10.1109/EDUNINE51952.2021.9429131
https://doi.org/10.1109/EDUNINE51952.2021.9429131
https://doi.org/10.1145/3450148.3450168
https://doi.org/10.1111/bjet.12634
https://doi.org/10.1145/3357419.3357429


Paper—Motivation of Students’ Persistency for Online Learning Under Multiple Mediation Effect 

ence and Technology. His current research direction is educational management 

(email: Supeng@ncst.edu.cn). 

Xiwen Liu (1989.12), received her doctor’s degree in Education in 2021 from 

Jeonju University. Now she is a lecturer in Jitang College of North China University 

of Science and Technology. Her current research interests include Ideological and 

political education (email: vampireve@126.com). 

Changtian Wang (1963.01), received his master’s degree in management in 2011 

from Yanshan University. Now he is a professor in Party School of the CPC Tang-

shan Municipal Committee. His current research direction is management teaching 

(email: Wangyan123@ncst.edu.cn). 

Xin Zhao (1984.10), received her master’s degree in foreign languages and litera-

tures. Now she is an associate professor in Jitang College of North China University 

of Science and Technology. Her current research direction is college English teaching 

(email: dongdonglove526@163.com). 

Fengming Jiao (1991.10), received her master’s degree in foreign languages and 

literatures. Now she is a lecturer in Jitang College of North China University of Sci-

ence and Technology. Her current research direction is college English teaching 

(email: tstsdah@163.com). 

Guiling Liu (1965.03), received her master’s degree in management in 2001 from 

Party School of the CPC Tangshan Municipal Committee. Now she is an associate 

professor in Jitang College of North China University of Science and Technology. Her 

current research direction is student management (email: Liuguiling@ncst.edu.cn). 

Article submitted 2022-02-24. Resubmitted 2022-03-24. Final acceptance 2022-03-25. Final version 

published as submitted by the authors. 

274 http://www.i-jet.org


