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Abstract—In recent years, the feedback attitude towards teachers has become 
one of the most important factors affecting learners’ trust in teachers’ teaching 
ability and changing learning plans, so the research on learners’ feedback attitude 
has received extensive attention from experts and scholars at home and abroad. 
Most of the existing relevant research focuses on empirical research and behav-
ioral research using questionnaires and scales from a theoretical point of view, 
which need to be further verified in terms of reliability and scientificity. There-
fore, this paper conducts research on the prediction and evolution of distance 
education learners’ feedback attitudes towards teachers based on deep learning. 
With the help of deep learning technology, it is easy to discover the advantages 
of distributed feature representation of data, and ARIMA model is combined with 
BP neural network model to construct a predictive model of distance education 
learners’ feedback attitudes towards teachers. This paper makes the evolution 
analysis of distance education learners’ feedback attitudes towards teachers, and 
introduces the assumptions and principles of the evolutionary analysis model in 
detail. The experimental results verify the effectiveness of the proposed model, 
and the analysis results of learner attitude evolution based on distance English 
learning as an example are given.

Keywords—deep learning, distance education, learner feedback, predictive 
studies, evolutionary analysis

1 Introduction

The advent of the mobile Internet era and the activity of distance education plat-
forms have made online learning that breaks through the boundaries of time and space 
a part of learners’ daily lives, providing opportunities for the masses who have entered 
the society to upgrade their academic qualifications [1–8]. Compared with the tradi-
tional on-campus teaching mode, learners can get more learning resources, learning 
communication opportunities, and learning channels, for example, online communica-
tion with teachers, online comment information of other learners, etc. when receiving 
distance education [9–18]. Due to its characteristics, the negative feedback attitude 
towards teachers has become one of the most important factors affecting learners’ trust 
in teachers’ teaching ability and thus changing learning plans [19–26], so it has received 
extensive attention from experts and scholars at home and abroad.
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Heryadi et al. [27] proposes to sort out and explore the empirical results of senti-
ment analysis in the educational process, so as to extract and classify their learning 
views, evaluations, attitudes and emotions from learners of online learning programs. 
The qualitative results confirm that from the learner’s perspective, the main gains of 
online learning are mainly the knowledge that can be gained from the program, the 
learning guidance, and the joy of learning from the collaborative learning by joining 
the learner team. Stephan [28] adopts a data-driven approach to explore the relation-
ship between online course production quality, teaching effectiveness, and learner sat-
isfaction with teachers. Data from the six-year online course learner assessment are 
evaluated and compared to the style and quality of the production of these courses. 
Quantitative selection course assessment questions address issues such as overall qual-
ity and satisfaction, learner learning, content, and course clarity. The findings provide 
valuable insights into how to best allocate time and resources for online course pro-
duction. The Task-Oriented Portfolio Assessment (TOPA) model and associated soft-
ware support have proven effective in engaging learners in a range of computer science 
education units. Modi [29] revolves around incorporating TOPA models and software 
tools to construct formative feedback processes by improving learners’ attention and 
satisfaction and modifying the teachers’ teaching strategies. Hooda et al. [30] examines 
how immediate and effective feedback and qualitative assessment impact can improve 
learners’ learning in higher education settings. With the rise of online education, espe-
cially during this COVID-19, the role of assessment and feedback has also changed. 
This reference attempts to summarize the most commonly used AI and machine learn-
ing algorithms for learners’ success. The results showed that I-FCN outperformed other 
technologies (ANN, XG Boost, SVM, random forest, and decision trees) in all mea-
sured performance indicators. The use of online peer feedback tools has grown rapidly 
in practice. However, the size of the effect appears to vary widely between studies, 
suggesting that implementation details are critical. Zong et al. [31] uses time-lagged 
multiple regression analysis in 13 different courses to test the received data samples. 
The results showed that: 1) more reviews are provided than received; 2) more long 
comments than short ones; 3) comments that are considered helpful for revision have a 
stronger relationship with task performance growth.

An analysis of existing research on learners’ feedback attitudes shows that most of 
the research focuses on empirical and behavioral research using questionnaires and 
scales from a theoretical perspective. However, the results obtained by such methods 
need to be further verified in terms of reliability and scientificity because they are com-
pletely dependent on the scientific nature of the scale. At the same time, this type of 
methods measures the attitude that learners are willing to show at the current moment, 
and does not represent the real attitude of learners in the learning process. The above 
problems have limited the research on learners’ feedback attitudes towards teachers, 
and it is easy to have inconsistencies between the real behavior of individuals and the 
behavior of experimental performance. Therefore, this paper conducts a research on 
the prediction and evolution of distance education learners’ feedback attitudes towards 
teachers based on deep learning. In Chapter 2, this paper explores the advantages of 
distributed feature representation of data with the help of deep learning technology, 
and combines the ARIMA model with the BP neural network model to construct a 
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predictive model of distance education learners’ feedback attitudes towards teachers. 
In Chapter 3, this paper analyzes the evolutionary distance education learners’ feedback 
attitudes towards teachers, and introduces the assumptions and principles of evolution-
ary analysis models in detail. The experimental results verify the effectiveness of the 
proposed model, and the analysis results of learner attitude evolution based on distance 
English learning as an example are given.

2 Learners’ feedback attitude prediction

Learners’ feedback attitudes towards teachers is usually reflected in the form of 
comments, which are simply classified into positive feedback attitude and negative 
feedback attitude according to their emotion or comment content, both of which can 
affect learners’ learning attitudes and learning behaviors when choosing to learn from a 
teacher. Negative online comments from other learners have a more pronounced impact 
on learners than positive online comments. Learners’ online comments also have a 
greater impact on teachers, who need to actively interact with learners to ensure that 
learners receive the desired learning gains in order to maintain their influence on learn-
ers’ behavior.

In order to obtain the real attitude of learners towards teachers in the learning pro-
cess, this paper uses deep learning technology to discover the advantages of distrib-
uted feature representation of data, constructs a prediction model of distance education 
learners’ feedback attitudes towards teachers, and further analyzes the evolution of 
learners’ feedback attitudes towards teachers.

Fig. 1. BP neural network model architecture
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This paper selects 13 influencing indicators related to the distance education learn-
ers’ feedback attitudes towards teachers. Due to the large amount of online learning 
behavior data of learners on the distance education platform and the partial absence of 
some information data, the learner behavior data with a duration of more than 2 years’ 
online learning is considered for the training of the deep learning model.

In order to obtain a more ideal prediction effect, this paper combines the ARIMA 
model with the BP neural network model shown in Figure 1 to construct a combined 
model of the ARIMA-BP neural network. In the model, it’s assumed that a ϵ Rm, 
g: Rm → R1, hi : R

m → R1, i = 1, …, o, fj : R
m → R1, j = 1, …, w. The following equation 

gives the constraint nonlinear programming problem formulation of prediction of dis-
tance education learners’ feedback attitudes towards teachers:
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The optimal solution for the above equation satisfies the following conditions:
Condition 1: Let g: Rm → R1 and hi: R

m → R1, I = 1, 2, … o, hi (a) = 0, i ϵ I are dif-
ferentiable at the local optimal solution a* of the above equation, hi, i ϵ I(a*)/I are con-
tinuous at point a*, fj: R

m → R1, j ϵ J are continuously differentiable at a*, and ∇hi (a*),  
i ϵ I(a*), ∇fi(a*), j ϵ J are linearly independent. Then there are two sets of real numbers 
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Condition 2: For Equation 1, if g, hi(i ϵ I) and fj( j ϵ J ) are continuously differentiable 
at a*, which satisfies the K-T condition and g and hi(i ϵ I(a*)) are convex functions, and 
fj(j ϵ J ) is linear, then a* is the overall optimal solution of Equation 1.

Assuming that the ARIMA model and the BP neural network model are represented 
by BX and BY, the combined model can be represented by B = q1BX + q2BY. The 
objective function of the combined model is the mean squared error processed for the 
observed values of the influence index, and the corresponding nonlinear programming 
is expressed as follows:
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Assuming that bi is the real value of prediction result of the distance education learn-
ers’ feedback attitudes towards teachers, and the fitting value of the combined model 
is represented by q1bXi + q2bYi, the nonlinear programming problem of predicting the 
distance education learners’ feedback attitudes towards teachers can be changed in the 
form of the following Lagrangian function:
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After finding the partial derivation, then:
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The K-T condition can be further obtained, then:
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If μ1 and μ3 are 0, the above equation can be simplified as follows:
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Let q1 + q2 − 1 be 0, then:

 

q
b b b b

b b

q
b b b

Yi Xi Yi ii

m

Yi Xii

m

Yi Xi Xi

1
1

2
1

2

� �
� �

�

� �
�

�

�

�
�

( )( )

( )

( )( ��

�

�

�

�
�
�

�

�
�
�

�

�

�
�

b

b b
ii

m

Yi Xii

m

)

( )
1

2
1

 (8)

3 Evolutionary analysis of learners’ feedback attitudes

In the previous section, this paper makes a short-term prediction of the distance 
education learners’ feedback attitudes towards teachers, but due to the influence of new 
teachers who enter the platform, the influence of teachers on learners will fluctuate or 
even decline. Indicators in the text, such as the number of learners and class hours of 
teachers, will also fluctuate or even decrease. Therefore, under the influence of the con-
tinuous development of distance education platforms, how distance education learners 
evaluate teachers plays a crucial role in the optimization of teachers’ teaching strategies 
and teaching methods. Therefore, this paper then analyzes the evolution of distance 
education learners’ feedback attitudes towards teachers, so as to provide theoretical 
reference for distance education learners’ learning plans and teachers’ teaching deci-
sions. It’s assumed that the probability of the learner having a positive feedback attitude 
towards the teacher is a, the probability of having a negative feedback attitude is 1 − a, 
the probability of the teacher choosing to adjust the teaching strategy is b, and the prob-
ability of choosing not to adjust the teaching strategy is 1 − b. When the learner has 
a positive feedback attitude towards the teacher, the expected learning gain is V1, the 
expected learning gain for negative feedback attitude is V2, and the average expected 
learning gain is V*. The expected impact gain of the teacher who chooses to adjust the 
teaching strategy is U1, the expected impact gain of choosing not to adjust the teaching 
strategy is U2, and the average expected learning gain is U*, then:

 V b B Y O K b B Y O K1 1 11 11 1 1 12 12 11� � � � � � � � �( ) ( )( )  (9)

 V b B Y K b B K K2 1 13 1 1 1 11� � � � � � �( ) ( )( )'  (10)

 V aV a V� � � �1 21( )  (11)

Based on the above equation, a replicate dynamic equation of learners’ feedback 
attitudes towards teachers can be obtained:
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Based on the evolutionary analysis matrix, there are:

 U a B Y K a B O K1 2 21 2 2 21 21� � � � � � �( ) ( )( )  (13)

 U a B Y K a B O K2 2 22 2 2 23 21� � � � � � �( ) ( )( )  (14)

 U aU a U� � � �1 21( )  (15)

The dynamic equation for replicating the influence of the teacher is:
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Let G(a) = 0 and H(b) = 0, then obtain the five equilibrium points of the system X 
(0, 0), Y(0, 1), D(1, 1), C(1, 0) and T(a*, b*); assuming that a* = O21 + Y23/(Y21−Y22) +  
O21 + Y23 and b* = O12 − Y12 − K′1/(Y11 − O11) − Y13 + O12 − Y12− K′1, obtain the Jacobi 
matrix, where:
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Considering the position of the point T(a*,b*), we can know that a* > 1 from the 
hypothesis 2 Y21 < Y22, so the point T(a*,b*) is not on the rectangular field [0,1] × [0,1], 
and bringing X, Y, D, and C into the Jacobi matrix, then:
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Observing the obtained values of X, Y, D, and C points, when O12 − Y12 < K′1, the final 
evolutionary stability strategy of the evolutionary analysis matrix is positive feedback 
attitude (no adjustment of teaching strategy), indicating that in the continuous evolu-
tion of distance education learners’ feedback attitudes towards teachers, when learners’ 
learning gain objectives are high and teaching teachers tend not to adjust teaching strat-
egies, learners can only have negative feedback attitude towards teachers and choose 
to follow other teaching teachers to learn, in order to improve their own learning gain.

4 Experimental results and analysis

Table 1. Negative feedback attitude prediction fitting under different q1 conditions

Learning Cycle Actual Data 0.4 0.5 0.6 0.7 0.8

3 14.4187 13.726 14.0785 12.6671 11.4902 10.5958

6 12.8876 14.36 13.9887 13.9483 12.936 11.9654

9 11.7542 7.02 12.3637 12.7162 13.0513 12.1742

12 10.7196 10.915 10.0143 10.7308 11.3896 12.0411

15 9.8253 9.778 9.9355 9.338 9.6377 10.2223

18 9.1729 9.056 9.0153 9.1249 8.665 8.8037

21 8.8071 8.671 8.6142 8.5371 8.5796 8.183

24 7.9246 8.615 8.5617 8.4321 8.3273 8.3096

27 7.1705 5.789 7.1386 7.5269 7.6277 7.6295

30 7.0957 6.537 6.0721 6.2265 6.5489 6.7563

MAE 0.9954 0.4872 0.6317 0.7261 0.9054

MAPE 0.0951 0.0503 0.0609 0.0672 0.0812

MSE 2.7756 0.3679 0.6561 1.1682 1.8544

RMSE 1.6667 0.6063 0.8087 1.0823 1.3625
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Table 2. Prediction data of different models

Year Actual Data ARIMA Model Forecast Data Combined Model Forecast Data

2010 14.4186 13.8105 14.2285

2011 12.8879 13.4513 12.6254

2012 11.7542 12.1137 11.8912

2013 10.7193 10.9225 10.8127

2014 9.8253 9.9757 9.8545

2015 9.1726 9.2674 9.1653

2016 8.8071 8.5579 8.7634

2017 7.9244 8.2413 8.0898

2018 7.1703 7.4722 7.0618

2019 7.0955 6.7446 6.9402

MAE 0.3123 0.2034

MAPE 0.0325 0.0153

MSE 0.1254 0.0881

RMSE 0.3511 0.2275

Based on the iterative process of the predictive model, it can be seen that deter-
mining the values of q1 and q2 is crucial. Because q1 + q2 = 1, only the value of q1 
can be discussed. Because q1 is too large or too small, the results are biased towards 
the single model prediction value of the combined model, which is not conducive to 
reflecting the characteristics and evolution trend of distance education learners’ feed-
back attitudes towards teachers. Moreover, neither the ARIMA model nor the BP neu-
ral network model is suitable for the situation of fewer training samples, and too few 
indicator sequences will lead to large prediction errors. Therefore, the value of q1 can 
be preliminarily selected between 0.5~0.7. Based on the negative feedback attitude 
prediction fitting results given in Table 1 under different q1 conditions, the value of q1 
can be determined according to the error evaluation criteria. Since when q1 is selected 
as 0.5, the prediction results are the smallest under the four error evaluation criteria, so 
q1 = q2 = 0.5.

Table 2 shows the forecast data for single and combined models. It can be seen 
from the table that compared with the pre-combination prediction results, the com-
bined model of ARIMA model and BP neural network model obtains smaller error 
values under four error evaluation criteria, which verifies that the prediction effect of 
the model obtained by K-T conditions is better. Therefore, the combined model can 
be used to predict the distance education learners’ feedback attitudes towards teachers 
and learning gains. Figures 2 and 3 show the change in cumulative values of the fitting 
results of the combined model.

It can be seen from the figure that the fitting error of distance education learners’ 
feedback attitudes towards teachers and learning gains is small. It is explained that 
after the combination of ARIMA model and BP neural network model, the fitting of 
the model is more consistent with the real situation, and the prediction effect is much 
better than that of a single model, so the prediction value of distance education learners’ 
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feedback attitudes towards teachers and learning gains by the combined model can be 
used as the final prediction result for further research.

Next, based on the evolutionary analysis principle in Section 3, this paper uses sim-
ulation experiments to analyze the evolution direction of distance education learners’ 
feedback attitudes towards teachers. Taking English distance learning as an example, 
the total number of learners participating in the experiment is 500, and the number 
of teachers is 10 and 20. The individual learner interacts with all connected teach-
ers repeatedly in teaching and feedback, and the connection relationship is maintained 
throughout the interaction. Let the initial learner’s participation density in teaching 
activities be 0.5, and the number of interactions between the teaching and feedback be 
400. With the advancement of learners’ learning process, the density of learners’ partic-
ipation in teaching activities will show a dynamic trend. This paper selects the average 
participation density of the last 50 learner teaching activities as the equilibrium density 
of learners’ teaching activities, and effectively assigns the parameters of the constructed 
evolutionary model.

Figures 4 and 5 show the evolution results of 10 teachers and 20 teachers, respec-
tively. It can be seen from the figures that when there are 10 teachers, the participation 
density of learners in feedback attitude towards teachers tends to 0.2 after about 300 
interactions between teaching and feedback, that’s, the evolution direction of learners’ 
feedback attitude towards teachers changes. After a limited number of teaching and 
feedback interactions, all individuals participate in the teaching activities of 10 teach-
ers; because learners have a narrower choice from 10 teachers than 20 teachers, and are 
more inclined to give positive feedback to teachers.

Fig. 2. Changes in cumulative value of learners’ learning gains
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Fig. 3. Changes in cumulative values of learners’ feedback attitudes

In case of than 20 teachers, the participation density of learners in feedback atti-
tude towards teachers tends to 0.1 after about 100–200 interactions between teach-
ing and feedback, that’s, the evolution direction of learners’ feedback attitude towards 
teachers changes more rapidly. This is mainly because compared with the situation of 
10 teachers, after a limited number of teaching and feedback interactions, learners who 
participate in the teaching activities of 20 teachers are more likely to select suitable 
teachers through the comparison of whether the teacher’s teaching strategy is suitable 
for themselves, that’s, choose teachers who receive positive feedback attitude, and 
abandon teachers who receive negative feedback attitude.

Tables 3–6 shows the Jacobi matrix values corresponding to X, Y, D, and C points 
under different evolutionary stabilization strategies of learners and teachers in the pro-
cess of evolutionary analysis. Tables 3 and 4 show the matrix values in the natural 
state, and Tables 5 and 6 show the matrix values under the supervision of the distance 
education platform.
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Fig. 4. Evolution results of 10 teachers

Fig. 5. Evolution results of 20 lectures
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It is not difficult to see from the results of Tables 3 and 6 that in the natural state, 
due to the continuous development of distance education platforms, the number of new 
teachers on the platform changes, and learners’ feedback attitudes towards teachers 
will evolve in two directions: first, learners have a positive feedback attitude towards 
teachers and teachers adjust teaching strategies for learners, and both parties can obtain 
gains; second, learners have a negative feedback attitude towards teachers and teach-
ers do not adjust teaching strategies for learners. With the continuous development 
of distance education platforms, learners cannot obtain ideal learning gains, teachers 
also lose their influence on students, and the losses of both parties will be increasing. 
Therefore, in the case of the second direction, the distance education platform needs to 
implement intervention policies, the loss of learners and teachers can be reduced under 
reasonable constraint strategies, and learners’ feedback attitude towards teachers can be 
significantly improved in a positive way.

Table 3. Jacobi matrix values at points in natural state (1)

Equilibrium det SQ tr SQ Result

X(0,0) − Uncertain Saddle point

Y(0,1) − Uncertain Saddle point

D(1,1) + + Unstable

C(1,0) + + ESS

Table 4. Jacobi values at points in the natural state (2)

Equilibrium det SQ tr SQ Result

X(0,0) + − ESS

Y(0,1) − Uncertain Saddle point

D(1,1) − Uncertain Saddle point

C(1,0) + + Unstable

Table 5. Jacobi values of points under the supervision of distance education platform (1)

Equilibrium det SQ tr SQ Result

X(0,0) + − ESS

Y(0,1) − Uncertain Saddle point

D(1,1) + Uncertain Saddle point

C(1,0) − + Unstable

Table 6. Jacobi values of points under the supervision of distance education platform (2)

Equilibrium det SQ tr SQ Result

A(0,0) − − Saddle point

Y(0,1) + + Unstable

D(1,1) + − ESS

C(1,0) − Uncertain Saddle point
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5 Conclusion

This paper conducts a research on the prediction and evolution of distance educa-
tion learners’ feedback attitudes towards teachers based on deep learning. With the 
help of deep learning technology, it is easy to discover the advantages of distributed 
feature representation of data, and ARIMA model is combined with BP neural network 
model to construct a predictive model of distance education learners’ feedback attitudes 
towards teachers. This paper makes the evolution analysis of distance education learn-
ers’ feedback attitudes towards teachers, and introduces the assumptions and principles 
of the evolutionary analysis model in detail. Combined with prediction fitting of the 
negative feedback attitude under different q1 conditions given by the experiment, the 
value of q1 is determined according to the error evaluation standard. The paper gives 
the change in cumulative values of the fitting results of the combined model, and ver-
ifies the effectiveness of the constructed model. Taking distance English learning as 
an example, simulation experiments are used to analyze the evolution direction of dis-
tance education learners’ feedback attitudes towards teachers. It gives the Jacobi matrix 
values corresponding to X, Y, D and C points under different evolutionary stability 
strategies of learners and teachers in the process of evolution analysis and compare the 
evolution results of 10 teachers and 20 teachers. Finally, the cause analysis is provided.

6 Acknowledgment

2022 key research project of school-level education and teaching reform 
(HKJGZD2022-07); Hainan Provincial University Scientific Research Support Project 
(Hnkyzc2022-19); 2021 School-level Curriculum Reform Research Project of Hainan 
Vocational University of Science and Technology (EKKG2021-09); 2022 research 
project of school-level education and teaching reform (HKJG2022-33).

7 References

 [1] Jin, D., Li, Y. (2020). A teaching model for college learners of Japanese based on online 
learning. International Journal of Emerging Technologies in Learning (iJET), 15(15), 
162–175. https://doi.org/10.3991/ijet.v15i15.15929

 [2] 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

 [3] Marcelino, M.J., Pessoa, T., Vieira, C., Salvador, T., Mendes, A.J. (2018). Learning com-
putational thinking and scratch at distance. Computers in Human Behavior, 80: 470–477. 
https://doi.org/10.1016/j.chb.2017.09.025

 [4] He, J., Lin, K.Y., Dai, Y. (2022). A data-driven innovation model of big data digital learning 
and its empirical study. Information Dynamics and Applications, 1(1): 35–43. https://doi.
org/10.56578/ida010105

 [5] Helm, H.S., Basu, A., Athreya, A., Park, Y., Vogelstein, J.T., Priebe, C.E., White, C.W. 
(2023). Distance-based positive and unlabeled learning for ranking. Pattern Recognition, 
134: 109085. https://doi.org/10.1016/j.patcog.2022.109085

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

https://doi.org/10.3991/ijet.v15i15.15929
https://doi.org/10.18280/ts.380333
https://doi.org/10.1016/j.chb.2017.09.025
https://doi.org/10.56578/ida010105
https://doi.org/10.56578/ida010105
https://doi.org/10.1016/j.patcog.2022.109085


Paper—Prediction and Evolution of Distance Education Learners’ Feedback Attitudes by a Deep…

 [6] Wang, S.Y., Cheng, L.M., Liu, D.Y., Qin, J.Q., Hu, G.H. (2022). Classroom video image 
emotion analysis method for online teaching quality evaluation. Traitement du Signal, 39(5): 
1767–1774. https://doi.org/10.18280/ts.390535

 [7] Lan, M., Xu, J., Gao, W. (2018). Ontology similarity computation and ontology mapping 
using distance matrix learning approach. IAENG International Journal of Computer Science, 
45(1): 164–176.

 [8] Chen, F.S., Ke, H.S., Chen, Y.C. (2020). Online learning as a Panacea? An empirical 
study to discuss problem-based cooperative learning in Taiwan. International Journal of 
Emerging Technologies in Learning (iJET), 15(18): 251–259. https://doi.org/10.3991/ijet.
v15i18.15079

 [9] Shimizume, T., Umezawa, T., Osawa, N. (2018). Estimation of distance between thumb 
and forefinger from hand dorsal image using deep learning. In Proceedings of the 
24th ACM Symposium on Virtual Reality Software and Technology, 1–2. https://doi.
org/10.1145/3281505.3281592

 [10] Zhai, D., Liu, X., Chang, H., Zhen, Y., Chen, X., Guo, M., Gao, W. (2018). Parametric local 
multiview hamming distance metric learning. Pattern Recognition, 75: 250–262. https://doi.
org/10.1016/j.patcog.2017.06.018

 [11] Qian, Q., Tang, J., Li, H., Zhu, S., Jin, R. (2018). Large-scale distance metric learning with 
uncertainty. In Proceedings of the IEEE Conference on Computer Vision and Pattern Rec-
ognition, 8542–8550. https://doi.org/10.1109/CVPR.2018.00891

 [12] Mahpod, S., Keller, Y. (2018). Kinship verification using multiview hybrid distance learn-
ing. Computer Vision and Image Understanding, 167: 28–36. https://doi.org/10.1016/ 
j.cviu.2017.12.003

 [13] Keinert, B., Martschinke, J., Stamminger, M. (2018). Learning real-time ambient occlu-
sion from distance representations. In Proceedings of the ACM SIGGRAPH Symposium on 
Interactive 3D Graphics and Games, 1–9. https://doi.org/10.1145/3190834.3190847

 [14] Liu, D., Hu, J. (2021). L1-norm distance metric learning for gait recognition. In 2021 13th 
International Conference on Wireless Communications and Signal Processing (WCSP), 1–4. 
https://doi.org/10.1109/WCSP52459.2021.9613587

 [15] Lyamin, Y.A., Romanova, E.V. (2020). Analysis of organizing distance learning in public 
institutions. Distance Learning Technologies, 161–170.

 [16] Tantawi, K.H., Fidan, I., Chitiyo, G., Cossette, M. (2021). Offering hands-on manufacturing 
workshops through distance learning. In 2021 ASEE Virtual Annual Conference.

 [17] Riba, P., Fischer, A., Lladós, J., Fornés, A. (2021). Learning graph edit distance by graph 
neural networks. Pattern Recognition, 120: 108132. https://doi.org/10.1016/j.patcog. 
2021.108132

 [18] Zhang, X., Wang, C., Fan, X. (2021). Convex hull-based distance metric learning for image 
classification. Computational and Applied Mathematics, 40: 1–22. https://doi.org/10.1007/
s40314-021-01482-x

 [19] Smolyaninov, A., Pocebneva, I., Fateeva, I., Singur, K. (2021). Software implementation of 
a virtual laboratory bench for distance learning. In E3S Web of Conferences, 244: 11009. 
https://doi.org/10.1051/e3sconf/202124411009

 [20] Aslanidou, I., Zimmerman, N., Pontika, E., Kalfas, A.I., Kyprianidis, K.G. (2021). Reform-
ing heat and power technology course using student feedback to enhance learning experi-
ence. International Journal of Mechanical Engineering Education, 49(4): 410–434. https://
doi.org/10.1177/0306419019899939

 [21] Gunay, E., Dickson, D., Jonczyk, R., Van Hell, J., Siddique, Z. (2022). Investigation of a 
professor’s feedback on student’s divergent thinking performance: an electrodermal activity 
experiment. In 2022 ASEE Annual Conference & Exposition., Conference Proceedings.

iJET ‒ Vol. 18, No. 08, 2023 145

https://doi.org/10.18280/ts.390535
https://doi.org/10.3991/ijet.v15i18.15079
https://doi.org/10.3991/ijet.v15i18.15079
https://doi.org/10.1145/3281505.3281592
https://doi.org/10.1145/3281505.3281592
https://doi.org/10.1016/j.patcog.2017.06.018
https://doi.org/10.1016/j.patcog.2017.06.018
https://doi.org/10.1109/CVPR.2018.00891
https://doi.org/10.1016/j.cviu.2017.12.003
https://doi.org/10.1016/j.cviu.2017.12.003
https://doi.org/10.1145/3190834.3190847
https://doi.org/10.1109/WCSP52459.2021.9613587
https://doi.org/10.1016/j.patcog.2021.108132
https://doi.org/10.1016/j.patcog.2021.108132
https://doi.org/10.1007/s40314-021-01482-x
https://doi.org/10.1007/s40314-021-01482-x
https://doi.org/10.1051/e3sconf/202124411009
https://doi.org/10.1177/0306419019899939
https://doi.org/10.1177/0306419019899939


Paper—Prediction and Evolution of Distance Education Learners’ Feedback Attitudes by a Deep…

 [22] Stanyon, R., Tomlinson, A.A., Kainth, M., Wilkin, N.K. (2022). Providing individual stu-
dent feedback at scale for mathematical disciplines. In Proceedings of the Ninth ACM Con-
ference on Learning@Scale, 400–404. https://doi.org/10.1145/3491140.3528313

 [23] Faizi, R., El Fkihi, S. (2022). A sentiment analysis based approach for exploring student 
feedback. In Innovative Technologies and Learning: 5th International Conference, ICITL 
2022, Virtual Event, 52–59. https://doi.org/10.1007/978-3-031-15273-3_6

 [24] Karnalim, O. (2021). Promoting code quality via automated feedback on student submis-
sions. In 2021 IEEE Frontiers in Education Conference (FIE), 1–5. https://doi.org/10.1109/
FIE49875.2021.9637193

 [25] Giorgis, K., Marchese, S., Sparisci, G., Diegoli, B., Kordts, R., Stibe, A. (2021). Rapid edu-
cational improvements using Wyblo: Insights from continuous student feedback. In ECIE 
2021 16th European Conference on Innovation and Entrepreneurship, 1: 370. https://doi.
org/10.34190/EIE.21.159

 [26] Schuh, J.K. (2021). Impact of instant feedback on student performance in a 300-level class. 
In 2021 ASEE Virtual Annual Conference Content Access. https://peer.asee.org/37284

 [27] Heryadi, Y., Wijanarko, B.D., Murad, D.F., Tho, C., Hashimoto, K. (2022). Aspect-based 
sentiment analysis for improving online learning program based on student feedback. 
In 2022 IEEE International Conference on Cybernetics and Computational Intelligence 
(CyberneticsCom), 505–509. https://doi.org/10.1109/CyberneticsCom55287.2022.9865450

 [28] Stephan, R.P. (2022). Student feedback regarding online course production value: a case 
study from classics. In 2022 Pacific Neighborhood Consortium Annual Conference and 
Joint Meetings (PNC), 1–8. https://doi.org/10.23919/PNC56605.2022.9982733

 [29] Modi, B.A. (2022). Incorporating focus to enhance staff-student interactions in formative 
feedback. In Proceedings of the 27th ACM Conference on Innovation and Technology in 
Computer Science Education, 2: 652–653. https://doi.org/10.1145/3502717.3532115

 [30] Hooda, M., Rana, C., Dahiya, O., Rizwan, A., Hossain, M.S. (2022). Artificial intelligence 
for assessment and feedback to enhance student success in higher education. Mathematical 
Problems in Engineering, 2022. https://doi.org/10.1155/2022/5215722

 [31] Zong, Z., Schunn, C.D., Wang, Y. (2021). What aspects of online peer feedback robustly 
predict growth in students’ task performance? Computers in Human Behavior, 124: 106924. 
https://doi.org/10.1016/j.chb.2021.106924

8 Authors

Weifeng Deng, is a doctorate candidate in DPU. She graduated from English 
Department of Hebei Normal University with a master degree in English Language 
and Literature in 2002. From April 2003 to November 2007 she worked as a part-time 
Chinese teacher in various schools and training courses in Moscow. After returning to 
China in 2007, She worked as an interpreter for English and Russian. From September 
2014 to July 2015, she was an English teacher and counsellor in Hebei Foreign Studies 
University. She has worked in Hainan Vocational University of Science and Technol-
ogy since 2016. She has published 6 papers, including 3 in international conferences 
and guided her students to the first prizes and second prizes in many national or provin-
cial English competitions. Email: 18976257477@163.com.

Lin Wang, PhD, and associate professor, is selected as the high-level talent in Hainan 
Province. He is the creator of Neutralization System, Tai Chi Yoga, Class I instructor of 
National Health Qigong, psychological counsellor, and senior Yoga Instructor. He has 

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

https://doi.org/10.1145/3491140.3528313
https://doi.org/10.1007/978-3-031-15273-3_6
https://doi.org/10.1109/FIE49875.2021.9637193
https://doi.org/10.1109/FIE49875.2021.9637193
https://doi.org/10.34190/EIE.21.159
https://doi.org/10.34190/EIE.21.159
https://peer.asee.org/37284
https://doi.org/10.1109/CyberneticsCom55287.2022.9865450
https://doi.org/10.23919/PNC56605.2022.9982733
https://doi.org/10.1145/3502717.3532115
https://doi.org/10.1155/2022/5215722
https://doi.org/10.1016/j.chb.2021.106924
mailto:18976257477@163.com


Paper—Prediction and Evolution of Distance Education Learners’ Feedback Attitudes by a Deep…

more than ten years of experience in teaching Tai Chi abroad, and is engaged in the-
oretical practice and research development of Tai Chi yoga, meditation and decom-
pression, Health Qigong, physical and mental growth. He has published several papers 
at home and abroad, including 7 monographs and 2 papers included in international 
conferences, presided over 1 provincial-level project, and won 2 national second prizes 
and 1 third prize for his papers. He studied for a bachelor degree of Physical Education 
and Training from Hebei Sport University in 1994–1998, a master degree in the School 
of Physical Education of Hebei Normal University in 1999–2001, and a PhD of theories 
and methods of physical education, sports training, health care and adaptive sports in 
Russian National University of Physical Education, Sports and Tourism in 2003–2007. 
He taught at the Department of Traditional Martial Arts, Hebei Institute of Physical 
Education in 1998–1999, at the School of Physical Education, Hebei Normal University 
in 2001–2002, and at the school of Sports Theory and Training, Russian Sports Univer-
sity in 2007–2015. Also, he worked as General Manager and Head Coach of Russian 
Tai Chi Center “Тайцзи Центр” in 2003–2016. Since 2016, he has worked in Hainan 
Vocational University of Science and Technology. Email: wanglintaichi@163.com.

Article submitted 2023-01-28. Resubmitted 2023-03-08. Final acceptance 2023-03-09. Final version 
published as submitted by the authors.

iJET ‒ Vol. 18, No. 08, 2023 147

mailto:wanglintaichi@163.com

