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Abstract—The strength of college students’ learning enthusiasm directly
affects their learning effect. Studying and predicting students’ learning enthu-
siasm has positive significance for improving college students themselves and
college education. Existing methods have not involved how to select and extract
features related to students’ learning enthusiasm, so it is difficult to meet the needs
of learning enthusiasm prediction. Therefore, this article takes English learning
as an example to conduct a research on the prediction model of students’ learn-
ing enthusiasm based on combinatorial optimization algorithm. Taking English
learning as an example, this article expounds in detail the main manifestations of
students’ learning enthusiasm, and predicts the intention of students to participate
in learning behaviors based on the enumerated behaviors, so as to judge students’
learning enthusiasm, and gives the construction method of the prediction model.
This study constructs a network model for the evaluation of students’ learning
autonomy, and finally outputs the grade results of students’ learning autonomy
evaluation. Based on the obtained predictions of students’ participation in learn-
ing behavior intentions and the evaluation results of students’ learning auton-
omy, a combined model is established through the weighting of the inverted error
method to predict the regression of students’ learning enthusiasm. Experimental
results verify the effectiveness of the constructed single model and combined
model.

Keywords—combinatorial optimization, learning behavior intention prediction,
learning autonomy evaluation, learning motivation analysis

1 Introduction

College students’ learning enthusiasm is the attitude of active participation, active
exploration and continuous engagement shown by college students in the learning
process, and it is the internal motivation that directly promotes their learning [1-5].
Contemporary college students have a certain degree of autonomy in their learning
activities, that’s, they have the right and freedom to choose independently in terms of
learning content, learning methods and learning time [6—11]. Although college stu-
dents also need the guidance and management of teachers in learning, their knowledge
structure has changed from the vertical accumulation in the middle school stage to the
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horizontal expansion in the university stage [12—19]. A college student who is active
in learning has more clear goals and enthusiasm for learning in terms of class partici-
pation, independent learning, and seeking knowledge, and their academic performance
and comprehensive quality are also higher.

Because the strength of college students’ learning enthusiasm directly affects
their learning effects, improving college students’ learning enthusiasm will mean the
improvement of teaching quality and the use efficiency of educational resources, and is
also very obvious in the promotion of students’ all-round development [20—22]. There-
fore, studying and predicting students’ learning enthusiasm has positive significance for
improving college students themselves and college education.

Wang [23] conducted a questionnaire survey on 491 undergraduates of Wuhan
Technology and Business University, focusing on three aspects: the current status of
learning, the motivation that affects active learning, and the learning environment that
students hope for. Using such empirical methods as literature analysis, questionnaire
survey and participation in professional seminars, this article discusses the current sit-
uation of college students’ learning enthusiasm and analyzes the motivations that affect
learning initiative. The survey results show that there are obvious differences in the
learning enthusiasm of college students in subjects and grades, so it is not enough to
rely on a single force to improve students’ learning initiative. Finally, on the basis of
the questionnaire analysis, it puts forward a series of methods to thoroughly improve
students’ learning enthusiasm, that’s, some feasible suggestions from the perspectives
of school administrators, teachers, students and parents.

Galishnikova et al. [18] is to provide evidence that the formation of students’ cogni-
tive positivity, as part of the development of a comprehensive personality in a foreign
language, becomes a decisive factor in the training of competitive specialists. The arti-
cle points out that even with a sufficiently high level of mental development, strong
memory, reasoning logic, broad horizons, work ability, and perseverance, even with
all these qualities, it is necessary to constantly stimulate students’ interest in learning
and make the knowledge they acquire meaningful and value-oriented. In this regard,
student determination and initiative are particularly important. As such, it becomes a
prerequisite for student development. Based on teaching experience, this article out-
lines the vehicles for the development of cognitive positivity and proposes that the
structure of student positivity is the interconnectedness of teachability, creativity, and
intelligence. It expounds the methods of improving the enthusiasm of college students
in English learning, and emphasizes the exploration of methodology and the improve-
ment of certain teaching methods, tools and means.

Existing evaluation and prediction methods mainly include data mining, machine
learning and artificial intelligence technology to analyze students’ behavior, achieve-
ment and other relevant data. However, it’s difficult of existing methods to adapt to the
learning motivation prediction needs of different subjects, different educational stages
and different student groups, which may lead to over-fitting or under-fitting. At the
same time, these methods have not discussed how to select and extract features related
to students’ learning enthusiasm, so it is difficult to meet the needs of learning enthu-
siasm prediction. To this end, this article takes English learning as an example, and
conducts research on the prediction model of students’ learning enthusiasm based on
combinatorial optimization algorithms. In the second chapter, taking English learning
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as an example, the article elaborates the main manifestations of students’ learning
enthusiasm in detail, and predicts the intention of students to participate in learning
behaviors based on the enumerated behaviors, so as to judge students’ learning enthusi-
asm, and gives the construction method of the prediction model. In the third chapter, the
article constructs a network model for the evaluation of students’ learning autonomy.
The network model consists of a spatial self-attention module and a polarity detection
branch. It uses the category labels of students’ learning autonomy to guide the learning
of evaluation tasks, and finally outputs the results of students’ learning autonomy eval-
uation grades. In the fourth chapter, based on the prediction of students’ participation in
learning behavior intention and the evaluation results of students’ learning autonomy,
the article uses the inverted error method to weight and establish a combined model
to conduct the regression prediction of students’ learning enthusiasm. Experimental
results verify the effectiveness of the constructed single model and combined model.

2 Prediction of students’ participation in learning
behavior intention

] Analysis of change of college students' learning enthusiasm |

/‘\‘

Analysis of learning motivation
behavior and intention prediction

Basic personal information Evaluation of learning autonomy

Age, Gender, Grade, Major Actively; participate in classroom discussions W'h.eth:r to set reasonable learning goals
Proactively reading English books, articles, magazines, Able to specify feasible learning plans
ete. after class: o Able to apply diverse learning strategies
Spending time learning English after class, more willing Implement self-monitoring
to participate in English activities organized by schools or  Conduct self-evaluation and reflection
communities; Good at seeking help and cooperation;

Try to communicate with native English speakers  Whether to have a strong interest in learning
Maintain a strong interest in English learning
Set clear learning goals for oneself
Maintain long-term enthusiasm and perseverance in
English learning.

Fig. 1. Structure of the analysis method for the change of college students’ learning enthusiasm

Figure 1 shows the structure of the analysis method for the change of college stu-
dents’ learning enthusiasm applied in this article. The key steps in the analysis of college
students’ learning enthusiasm herein are behavior analysis and intention prediction, and
learning autonomy evaluation. Taking English learning as an example, students’ learn-
ing enthusiasm is mainly manifested in the following aspects of behavior:

(1) Actively participate in classroom discussions and are eager to answer and ask
questions;

(2) Actively read English books, articles, magazines, etc. after class to broaden vocab-
ulary and improve reading comprehension;
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(3) Spend time learning English after class, such as memorizing words, doing exer-
cises, and practicing oral English, actively search for learning resources, and make
plans for their own learning;

(4) More willing to participate in English activities organized by schools or commu-
nities, such as English corners, speech contests and English drama performances;

(5) Attempt to communicate with native English speakers to improve oral skills and
cultural understanding. For example, make friends with international students, par-
ticipate in language exchange activities, etc.;

(6) Use English in daily life, such as writing a diary, and writing a story or poetry in
English, to improve writing and expression skills;

(7) Maintain a strong interest in English learning, and pay attention to the culture,
history, society and other aspects of English-speaking countries to broaden their
knowledge;

(8) Set clear learning goals for themselves, such as passing an English test or reaching
a specific language level, and make plans to achieve these goals;

(9) Maintain long-term enthusiasm and perseverance in English learning, and never
give up even in the face of difficulties and setbacks.

Predicting the behavior intentions of the above aspects can be more effective in
judging students’ learning enthusiasm.

Figure 2 shows the execution flow of the intention prediction model of students’ par-
ticipation in learning behavior constructed herein. This article first learns the historical
interaction behavior sequence of students with timestamp information, and the module
used is an improved time-aware LSTM module. Then, a multi-intent self-attention mod-
ule is introduced to model the complex intentions of students in an interactive learning
behavior. By introducing the unique feature information of students into the learning
of the model to meet the personalized requirements of their behavioral intentions. The
module can simultaneously extract the short-term and long-term dependencies of stu-
dents’ historical interactive behavior, which is more suitable for the intention prediction
of students’ participation in learning behaviors for judging students’ learning enthu-
siasm. Figure 3 shows the architecture of an iterative unit module of the constructed
prediction model.
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Fig. 3. Iterative unit module architecture
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The proposed LSTM module adds a time interval variable, and the calculation for-
mula of the forget gate of the module needs to be updated again. It’s assumed that the
input gate, forget gate and output gate of the o-th object are represented by i , g and
t respectively. Cell activation status is represented by d . The input feature vector and
hidden output are represented by a_and f, respectively. The weight parameter is repre-
sented by Qf,-l,’;,’fi;} and the corresponding bias is represented by y,. . .. the time interval
between a_, and a_ is represented by Ao, and the detailed formula of the module is
represented by:

io = S(Qilao + Qizfofl +yi)

g, =¢(Qla, +0*f, + QA +y,)

t,=6Qa,+0/f,,+») (1)
da = go *dnfl + io * tanh(Q:iao + def;kl + yd)

f, =t *tanh(d)

In order to obtain a higher-order intention representation of student participation
learning behavior, f, is next passed to the multi-intent self-attention module. The inten-
tion prediction of student participation in learning behavior is different from the natural
language processing tasks targeted by traditional multi-head self-attention. In the inten-
tion prediction scenario of our students participating in learning behavior, the behaviors
between students and different learning resources and different interactive objects are
one-way, that’s, these behaviors are only affected by historical behaviors. In order to
solve this problem, on the basis of the multi-head self-attention mechanism, this article
adds a directional mask matrix for preserving the temporal unidirectional information
of the student behavior sequence, and constructs a multi-intent self-attention module.
The directional mask matrix N satisfies:

0,i<j
Nﬁ{ o o

—o0, otherwise

It’s assumed that the hidden output from a time-aware LSTM is represented by
A=1[f, ....1, ], the query, key and value vectors are represented by W, L and U.e R™
respectively. A single head attention is represented by head € R™*, the weight matrix
of the output linear transformation is represented by Q'e R, the number of heads in
the multi-head mechanism is represented by f, and ¢, = f/c. The following formula gives
the calculation formula of the multi-intent self-attention module:

I/Vf = QiWA;Li = QiLA;Ui = QfUA

wL ©)

head, = soft max \/7 + N |\U;C = multihead(A) = Q°concat (head,,... ,headf)
c
1
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The final output of this module is Ce R™*, which captures the intention information
of each student participating in the learning behavior.

Although different students have similar histories of interactive behaviors, they may
have very different intentions to participate in learning behaviors because of their dif-
ferences in personal preferences. To this end, this article constructs an attention net-
work capable of simulating personalized, adaptive behavioral intent representations
based on a multi-intent self-attention module. The network details are represented by:

B - gexp(PvCT) s = Zakz 4)

Qexp(p )

=1

Assuming that the student embedding including the student’s age, gender, grade,
major and other information is represented by p , the short-term behavior represen-
tation of student v during the participation in the learning process can be represented
by the final output 7 of the personalized attention network. By weighting and com-
bining the output of the multi-intent self-attention module, the model fully considers
the characteristics of students’ learning preferences, and finally achieves the goal of
personalization.

After the processing of the above modules, the students’ participation in learning
behavior intention can be predicted from the sequence of students’ participation in
learning behavior. In order to effectively capture the long-term global dependencies
across the entire student history, the representations of different participating learning
behaviors are taken as input, processed through a traditional multi-head self-attention
mechanism, and the output is put into the prediction layer of the next layer. Assuming
that the final output of the students’ L learning behaviors is represented by R=[r7, ..., 7]
and the output of the attention mechanism between student learning behaviors is repre-
sented by T'= [, ..., #], the specific formula is represented by the following formula:

W, =0/ Rl = O'RU, = O'R
WLt , )
\/’,’ U; C = multihead (R) = Q°concat (head,,. ..,headf)
c
1

Finally, the final output C of the module is put into the multi-layer perceptron to
obtain the final result vector of the intention prediction of students’ participation in
learning behaviors. Figure 4 shows the model calculation process.

head, = soft max
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Fig. 4. Model calculation process

3 Evaluation of students’ learning autonomy

There is a close relationship between student learning autonomy and student learn-
ing enthusiasm. Learning initiative refers to the ability and willingness of students
to actively seek knowledge, solve problems and participate in activities during the
learning process. Learning enthusiasm refers to the degree of enthusiasm, interest and
engagement that students show in the learning process. The two influence each other
and work together to drive students to achieve better learning outcomes. This article
judges students’ learning enthusiasm through the evaluation results of students’ learn-
ing autonomy. Evaluation indicators include whether to set reasonable learning goals,
to formulate feasible learning plans, to use rich learning strategies, and to implement
self-monitoring.

The evaluation of students’ learning autonomy based on machine learning algo-
rithms can reduce the influence of human factors on the evaluation results and provide
more objective and fair evaluation results. At the same time, compared with traditional
teacher evaluation methods, machine learning can analyze a large amount of data in a
short period of time and improve evaluation efficiency. This article constructs a net-
work model for the evaluation of students’ learning autonomy. The network model
consists of a spatial self-attention module and a polarity detection branch. It uses the
learning autonomy category label to guide the learning of evaluation tasks, and finally
outputs the rating results of student learning autonomy.

It’s assumed that {4,B,C} = {(a,b,c)}), is a training set containing M evaluation
index samples, where students are represented by xa, and the fine-grained learning
autonomy category label of a, is represented by b,€ {0, ..., D—1}, that’s, the learning
autonomy category label, the number of learning autonomy categories is represented
by D, and the coarse-grained learning autonomy category label of a, is represented by
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¢, 10,1}, that’s, the polarity learning autonomy category label. In this article, a multi-
task loss function is designed to assist the parameters of the constructed model in sam-
ple learning. It’s assumed that the loss item that constrains the final classification result
is represented by L, the loss item that constrains coarse-grained learning autonomy
classification is represented by L, the loss item that constrains fine-grained learning
autonomy category is represented by L, and the weighting coefficient of loss item L, is
represented by x, then there is a definition formula:

L:Ld+Lt+Lq (6)

In order to realize the final learning autonomy classification learning of the model
and ensure that the spatial self-attention module learns the correlation between evalu-
ation indicators more accurately, this article constructs a loss function L to carry out
related constraints. Assuming that the prediction value of the fine-grained learning
autonomy category of sample @, is represented by u € R”, then:

L= —%iib] log () (7)

=1 j=1

In order to implement the model for coarse-grained learning autonomy classification
learning and ensure that the polarity detection branch can more accurately predict the
coarse-grained learning autonomous category, this article constructs a loss function Z,
for related constraints. Assuming that the prediction value of the coarse-grained learn-
ing autonomy category of sample a, is represented by v, € R?, then:

L= —%iic}f log(v/) (8)

i=l j=l

In order to realize the network’s learning of the correlation between coarse-grained
and fine-grained learning autonomy, L, is designed to carry out relevant constraints.
Assuming that the classification result of the coarse-grained learning autonomy pre-
dicted by the polarity detection branch is represented by v, and the summed fine-
grained learning autonomy category result is represented by u/, then:

M 2
L= —ﬁZZu’ log (u'7) 9)
i=1 j=1

The calculation formula of u[' IS:

u' = Sum (u,) (10)
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4 Combined model principle based on inverted error method

Based on the obtained intention prediction of student participation in learning
behaviors and the evaluation results of students’ learning autonomy, this article uses
the inverted error method to weight and establish a combined model to predict the
regression of students’ learning enthusiasm. That is to use the corrected prediction
error to carry out the error reciprocal method weighting, and build a combined pre-
diction model based on the intention prediction of students’ participation in learning
behaviors and the evaluation results of students’ learning autonomy to predict students’
learning enthusiasm. Firstly, the inverted error method is used to weight the intention
prediction of students’ participation in learning behaviors and the evaluation results of
students’ learning autonomy. It’s assumed that the prediction error of the i-th model is
represented by y,, and the number of prediction models is represented by m, which is 2
herein. The weight of the i-th model in the prediction model is represented by 6,, then:

0 =—— (11)

Based on the corrected prediction error, the prediction and evaluation results are
weighted by the inverted error method. It’s assumed that g1 is the predicted intention
value of students’ participation in learning behaviors, g2 is the evaluation value of stu-
dents’ learning autonomy, and g is the predicted value of the combined model. Based
on the above formula, there are following formulas:

7

0, =——2— (12)
VT,

0, = (13)
"1,

g=0g+0.g, (14)

From the above three formulas, the above method can reduce the prediction error of
the combined model on students’ learning enthusiasm by assigning a smaller weight to
the prediction model with a larger error and assigning a larger weight to the prediction
model with a smaller error, and improve the overall prediction accuracy of the model.

5 Experimental results and analysis
First of all, this article conducts a descriptive analysis of the change of college stu-

dents’ learning enthusiasm in the behavioral dimension. The results of the analysis
are shown in Table 1. Here, the behaviors of college students’ learning enthusiasm are
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divided into five categories: “Completely incompatible”, “Incompatible”, “Compati-
ble”, “More compatible”, and “Completely compatible”. It can be seen from the table
that in the dimension of learning behavior change, 35.6% of the students expressed
that they are willing to actively participate in classroom discussions, and are willing
to answer or ask questions from teachers; 31.6% of the students are willing to actively
read English books, articles, magazines, etc. after class in order to broaden their vocab-
ulary and improve their reading comprehension; 33.6% of the students are willing to
spend time memorizing words, doing exercises, practicing oral English, etc. after class;
29.5% of students will actively search for learning resources in the learning process to
realize their own learning plans; 25.4% of the students are more willing to participate in
English activities such as English corners, speech contests, and English drama perfor-
mances; 20.8% of students make friends with international students and participate in
language exchange activities to improve oral skills and cultural understanding; 34.2%
of the students try to write diaries, stories or poems in English in order to improve their
writing and expression skills; 46.6% of the students express their strong interest in
English learning; 40.1% of the students indicate that they would pass an English test
or reach a specific language level, and make plans to achieve these goals; 39.2% of
the students say that they would not give up even if they encountered difficulties and
setbacks in the process of English learning.

Table 1. Descriptive analysis of the change of college students’
learning enthusiasm in the behavioral dimension

Behavior lgcool;lnp;::ll))l]e Incompatible | Compatible Conl\:[::;ble (C?zllll:g;i;:)ll); Squl:;;‘e Vall)ue
1 72 (3.6%) 113 (5.6%) [432(21.4%) | 676 (33.5%) | 727 (35.9%) | 922.154* | .000
2 82 (4%) 311 (15.4%) |529 (26.2%) | 583 (28.9%) | 511 (25.5%) | 436.581% | .000
3 98 (4.8%) 365 (17.8%) [596(29.1%) | 573 (28%) |413 (20.3%) | 388.856% | .000
4 81 (4%) 269 (13.5%) | 621 (31.1%) | 548 (33.5%) | 481 (26.2%) | 496.256* | .000
5 81 (3.5%) 114 (5.2%) | 447 (21.5%) | 663 (31.8%) | 705 (32.6%) | 836.164* | .000
6 86 (4.4%) 335 (17.1%) | 524 (25.7%) | 563 (21.8%) | 518 (25.6%) | 409.261*> | .000
7 92 (4.9%) 355 (16.2%) | 575 (26.8%) | 566 (27.4%) | 426 (20.3%) | 345.856* | .000
8 85 (4.4%) 272 (12.6%) | 606 (39.1%) | 551 (27.3%) | 426 (26.2%) | 497.156* | .000
9 83 (4.1%) 307 (15.3%) | 512 (25.2%) | 591 (29.7%) | 547 (26.2%) | 435.981> | .000

Theoretically, the probability of selecting five categories should be equal to one-
fifth, but from the P values of each category in the table, we can see that the frequency
distribution of the number of students in the five categories is obviously different from
the expected one-fifth.

This article verifies the validity of the intention prediction model of students’ par-
ticipation in learning behaviors, and the selected model evaluation indicators include
Recall@10 and MRR indicators. In the experiment, the two parameters of the hidden
layer dimension of the LSTM network and the number of multi-heads of the self-attention
module are changed from 2, 4, 8 and 16 and 16, 32, 64 and 128 respectively, and the
value evolution of the two model evaluation indicators is observed. The experimental
results are given in Figures 5 and 6.
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It can be seen from the figure that when the hidden layer dimension of the LSTM
network is set to 64 and the number of multi-heads is set to 8, the two model evaluation
indicators show that the model performance at this time is the best, and the prediction
effect is the best. The main reason is that more embedding dimensions can increase
the performance of the model to a certain extent, but too high embedding dimensions
will generate more noise and lead to a decrease in model performance. This is because
students’ intention in learning behaviors is often complex, it the number of multi-heads
is too fewer to extract such information, and too many to make it difficult to learn the
model, so it is both not feasible to setting too many or too less multi-heads.

Normal distribution analysis is the basis for studying the correlation of sample
variables of students’ online learning autonomy evaluation indicators. Therefore,
this article uses SPSS19.0 to determine whether students can set reasonable learning
goals, make feasible learning plans, and use rich learning strategies and implementing
self-monitoring with the PP diagram, which is helpful for the next step of correlation
analysis. Figure 7 of observation and analysis shows that the four categories and stu-
dents’ online learning autonomy are normally distributed, and model prediction perfor-
mance comparison and analysis can be performed in the next step.

This article compares and analyzes the prediction results of the intention prediction
model on student participation in learning behaviors and the student learning autonomy

evaluation model before and after improvement. The comparison results are given in
Table 2.
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Fig. 7. Normal distribution PP diagram of students’ online learning autonomy
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Table 2. Comparison of prediction performance before and after model improvement

Evaluation Indicators
Prediction Models

R? MAE RMSE
Original model LSTM module before improvement 0.987251 0.003658 0.004196
Traditional BP neural network 0.285412 0.236472 0.000684

Optimized model Before introducing the personalized 0.985234 0.003102 0.003869
attention network

Before correlation study 0.856135 0.008164 0.000156
Final model Prediction model 0.965451 0.002158 | 2.356843e-06
Evaluation model 0.863465 | 0.002548 0.000268

It can be seen from the table that the performance of the improved intention predic-
tion model of students’ participation in learning behaviors and the evaluation model
of students’ learning autonomy is better. Further, this article compares and analyzes
the combined prediction results of the original model based on the modified MAE and
RMSE weighting, the optimized model and the final model. The comparison results are
given in Table 3.

In the process of weight setting, it is found that the combined model based on the
modified MAE weighting has serious bias in weight distribution, which makes the
learning degree of the prediction model of students’ participation in learning behav-
ior far greater than the learning degree of the evaluation model of students’ learning
autonomy. Through comparison, it is found that the combined model based on the mod-
ified RMSE weighting is better than the combined model based on the modified MAE
weighting in predicting students’ learning enthusiasm, and the RMSE has dropped by
nearly one-third.

Table 3. Comparison of prediction performance of combined models

Combined Models Model Prediction Evaluation Indicators
R’ MAE RMSE

Weighting based on | Combining the original model 0.865161 0.012165 0.000196

modified MAE Combining optimized model 0.906541 | 0.008561 0.000126
Combining the final model 0.986217 0.003647 2.521642 e-05

Weighting based on | Combining the original model 0.984641 0.002498 0.003687

modified RMSE Combining optimized model 0.963543 | 0.002154 0.000354
Combining the final model 0.956324 | 0.002315 1.834546 ¢-05

6 Conclusions

Taking English learning as an example, this article studies the prediction model of
students’ learning enthusiasm based on combinatorial optimization algorithm, expounds
in detail the main manifestations of students’ learning enthusiasm, predicts the inten-
tion of students to participate in learning behaviors based on the enumerated behaviors,
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so as to judge students’ learning enthusiasm, and gives the construction method of
the prediction model. This article constructs a network model for the evaluation of
students’ learning autonomy, and finally outputs the grade results of students’ learning
autonomy evaluation. Based on the obtained intention predictions of students’ partici-
pation in learning behaviors and the evaluation results of students’ learning autonomy,
a combined model is established through the weighting of the inverted error method to
predict the regression of students’ learning enthusiasm.

Combined with the experiment, it makes the descriptive analysis of the change of
college students’ learning enthusiasm in the behavior dimension, and gives the corre-
sponding analysis results. It verifies the validity of the prediction model of students’
participation in learning behaviors. By adjusting the two parameters of the hidden layer
dimension of the LSTM network and the number of multi-heads of the self-attention
module, the evolution of two model evaluation indicators of Recall @10 and MRR is
observed, and finally a reasonable parameter setting value is given. It draws the normal
distribution PP diagram of students’ online learning autonomy, verifies that the four
dimensions and students’ online learning autonomy are in a normal distribution, and
carries out the model prediction performance comparison analysis in the next step. The
comparison and analysis of the prediction results of intention prediction model of the
students’ participation in learning behaviors and the student learning autonomy evalua-
tion model before and after improvement verifies the effectiveness of the single models
and combined models constructed in this article.
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