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2 Engineering Research Center of Molecular and Neuro Imaging, Ministry of Education,Xi’an 710126 ,China
3 Innovation Center for Advanced Medical Imaging and Intelligent Medicine, Guangzhou Institute of Technology, Xi-
dian University, Guangzhou 510550, China
(hxie@ xidian. edu. cn)
Abstract Blended teaching is one of the essential teaching methods with the development of information technology. Constructing
a learning effect evaluation model is helpful to improve students’ academic performance and helps teachers to better implement
course teaching. However,a lack of evaluation models for the fusion of temporal and non-temporal behavioral data leads to an
unsatisfactory evaluation effect. To meet the demand for predicting students’ academic performance through learning behavior da-
ta,this study proposes a learning effect evaluation method that integrates expert perspective indicators to predict academic per-
formance by constructing a dual-stream network that combines temporal behavior data and non-temporal behavior data in the
learning process. In this paper, firstly, the Delphi method is used to analyze and process the course learning behavior data of
students and establish an effective evaluation index system of learning behavior with universality; secondly, the Mann-Whitney
U-test and the complex correlation analysis are used to analyze further and validate the evaluation indexes; and lastly,a dual-
stream information fusion model, which combines temporal and non-temporal features,is established. The learning effect evalua-
tion model is built,and the results of the mean absolute error(MAE)and root mean square error(RMSE) indexes are 4. 16 and 5.
29, respectively. This study indicates that combining expert perspectives for evaluation index selection and further fusing temporal
and non-temporal behavioral features that for learning effect evaluation and prediction is rationality,accuracy,and effectiveness ,
which provides a powerful help for the practical application of learning effect evaluation and prediction.
Keywords Blended teaching, Expert perspective indicators, Two-stream information fusion model
HESES G434

progress of courses because they are not informed of the
1 INTRODUCTION

students’ recent learning results in real-time, which in turn

With the rapid development of Internet technology,more
and more schools have gradually changed their education
methods from single offline teaching methods to blended
teaching methods combining online and offline. However. in
the rapid development of blended teaching,there are still some
problems that cannot be ignored. At the students level: many
students’ inattention in the process of online learning and the
learning efficiency is low, which leads to a significant down-
ward trend in academic performance compared to offline lear-

ning;at the teachers level: teachers are unable to judge the

2R H W :2024-03-14 & & H 1 :2024-07-01

leads to problems.such as “difficult” teaching. In this case.the
quality of students’ learning effects has become an essential
concern for society,and accurate prediction and evaluation of
students’ learning effects is one of the most important ways
to ensure the quality of their learning.

The current research on learning effect prediction and
evaluation can be mainly divided into two categories: the first
is the selection of features related to learning effect indicators;
and the second is the research on model algorithm design. Dif-

ferent learning effect evaluation indexes, comprehension, and

This work was supported by the National Key R & D Program of China (2022YFB3203800), National Natural Science Foundation of China
(62007026) s National Young Talent Program, Shaanxi Young Top-notch Talent Program,Key Research and Development Program of Shaanxi
(2022GY-313),Xi’an Science and Technology Project (23ZDCYJSGG0026-2023) and the Fundamental Research Funds for Central Universities
(ZYTS23192).
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typicality are the prerequisites for significantly improving the
accuracy of learning effect prediction results. The evaluation
indexes can be divided into two categories: classroom and
after-school life indexes. Parack et al.' started with the
students’ classroom performance. They realized the prediction
and evaluation of the students’ learning effects based on the
evaluation indexes,such as the students’ classroom attendance
rate, semester homework grades, and practical test scores.

L. B used traditional classroom indexes, such as the

Dien et a
average grade performance of students in the previous semes-
ters and the average grade performance in the earlier semes-
ters. They realized the prediction and evaluation of students’
learning effect. El Ahrache et al.™ performed an in-depth
analysis of student demographic data and processed the evalu-
ation metrics of various academic courses to achieve the evalu-
ation prediction function. Zhao et al. ““Jadded multiple types of
after-school life indicators to the classroom evaluation me-
trics, such as students’ work and rest time. to evaluate the
students’ learning effects. Hung et al.” normalized the
students’ original evaluation indicators. They converted them
into rankings to achieve higher accuracy in evaluating and pre-
dicting learning effects. The evaluation indicators cover diffe-
rent aspects and stages of students’ learning and life. How-
ever, these approaches are often based on existing platform
foundations or calculated after mathematical model training.
with a severe lack of correlation validation.

After selecting evaluation indexes and collecting student
data,it is necessary to use appropriate algorithms to analyze
and discuss the corresponding model of student data. At this
stage,research on the design of model algorithms can be divi-
ded into two categories:machine learning algorithms and deep

.1 used the K-nearest

learning algorithms. Akcapinar et a
neighbor algorithm to predict whether or not 76 students ta-
king a computer hardware course would pass at the end of the
semester; Rodriguez et al. ") implemented an artificial neural
network model to predict the academic performance of
students in colleges and universities,and the model had an ac-
curacy of 82% in the high-achieving category and 71% in the
low-achieving category ; Yang et al. "®! proposed to transform
students’ course participation into image data and then model
and analyzed students’ image data based on convolutional neu-
ral networks ; Min et al. ') proposed that an evaluator based
on long and short-term memory neural networks could obtain
more accurate academic predictions ; Hashim et al. ' used the
main traditional characteristics of students as essential va-
riables in a dataset of machine learning algorithms and conclu-
ded that logistic regression algorithms are most accurate in
predicting students’ academic performance. Chitti et al. "'/ re-

viewed the development of educational data mining techniques

in a study that delves into how model “black boxes” makes
decisions and the role of interpretable artificial intelligence
techniques in making model results interpretable. To summa-
rize,at this stage,researchers focus more on improving of the
model algorithm, significantly improving the evaluation re-
sults. However,adopting the same treatment for temporal and
non-temporal types of data severely limits further improve-
ments in model performance.

In summary, in the current research stage, researchers
usually build a prediction model for learning effectiveness
evaluation by analyzing students’ learning behavior data and
using academic performance as the model label. Kou et al. 1%
pointed out that combining several learning units generates
learning behavior and that there is often an interrelationship
between these units. A large number of corresponding studies
have pointed out that there is indeed a great connection be-
tween the trajectory of students’ learning behaviors and their

[1316)  Therefore, existing studies have

academic performance
also identified the behavioral trajectory evaluation indexes cor-
responding to essential factors affecting students’ learning
outcomes through online learning data prediction models
L720]  However,since classroom learning involves not only the
process of students’ independent learning, but also the process
of teachers’ teaching,it is evident that relying solely on sim-
ple,un-screened indicators for learning effect evaluation pre-
diction cannot yield more interpretable results. Therefore, in
the selection and processing stage of learning effect evaluation
indicators,incorporating the teaching experience of teacher ex-
perts for further manual processing plays a vital role in impro-
ving the accuracy of model results and the rationality of data
processing. At the same time. although there are also re-
searchers who have discovered the importance of sequence da-
ta in the learning process and used lagged sequence analysis to

CPY from

explore students’ behavioral patterns. Jeong et al
Florida State University used sequence analysis to help ana-
lyze the sequences of student group information feedback in an
online learning environment. They combined the analysis re-
sults to propose a framework for evaluating students in a com-
puter-mediated environment, models, etc. Brooks et al. %
proposed a generalized approach to educational technology for
building predictive models based on time series log data. How-
ever, the sequence data in the current study often shows the
frequency information of switching from one behavior to
another and does not reflect the temporal information of the
learning process,making the corresponding data support in the
construction of the model missing. In addition, the virtual simu-
lation learning practice characterized by new information tech-

nology has been used increasingly along with the populariza-

tion of education information technology. However, there is
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still a lack of research systems demonstrating the impact of
virtual simulation learning factors on learning effects.

This paper proposes an innovative learning effect evalua-
tion method to address the methodological problems in pre-
vious studies. The process mainly consists of two main parts.

1) The establishment of the evaluation index system from
the perspective of experts. Firstly,from the background of the
blended teaching model based on the Delphi method™/, the
perspective of teacher experts is introduced,and a preliminary
evaluation characteristic index system is established. Subse-
quently, mathematical-statistical techniques such as the Mann-
Whitney U-test and complex correlation analysis are used to
conduct a fundamental analysis of these evaluation indicators.
Through these methods, the rationality and validity of the
evaluation indexes are preliminary verified.

2) Establishment of evaluation and prediction methods.
This study proposes a two-stream information fusion learning
effect evaluation model that integrates the temporal and non-
temporal behavioral features produced by students in the
classroom to realize the prediction and evaluation of students’
learning effects. We can assess students’ learning effects more
accurately by fusing these two features in the processing. In

this study, we collects online and offline learning behavior data

jors,and different courses, construct an evaluation index sys-
tem with typical relevance, and establish a deep network
structure that integrates the temporal and non-temporal lear-
ning behavior data in a two-stream manner, which provides
theoretical support and practical application for improving the

learning effects of students and the teaching level of teachers.
2 METHODOLOGY

Most undergraduate students live on campus and are
trained in blended online and offline teaching. For offline
teaching scenarios,the teacher’s end will collect and accumu-
late some of the behavioral data. At the same time.as the fre-
quency of using the Rain Classroom APP in online teaching in
colleges and universities increases, for online teaching scena-
rios, the backend side of the software collects more behavioral
data,such as the number of words posted in class,the number
of discussions in class, the length of the virtual simulation
operation, the number of conversations after class, and the
number of questions asked after class. In this study, we first
screen the data using an expert perspective to select effective
metrics; then, we construct a two-stream temporal and non-
temporal deep network structure to evaluate the learning

effect using the screened data. Fig. 1 shows the overall flow of

from 3 852 students from different universities, different ma- this study.
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Fig. 1 General overview of evaluation methodology

2.1 Dataset
The data selected for this study comes from the online

and offline behavioral data of 3852 students from 6 universi-

ties,dozens of majors,and different courses. It is worth noting
that,to avoid the problem that students’ final grades may not

be able to truly reflect students’ learning effects due to the
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randomness of the difficulty and level of the questions asked
by a single teacher for the small group of major and elective
courses, the different courses selected for this study mainly fo-
cus on the entire course group with a standardized set of ques-
tions. The curriculum group standardizes the proposition of
the university-wide unified offering of multi-parallel shifts of
large classes of basic courses or professional basic courses. In
addition, unlike traditional research, the current research on
the prediction of academic performance mainly focuses on the
teaching of theoretical classes. However, with the continuous
maturity of virtual simulation technology, there are already a
large number of theoretical courses in the teaching process to
integrate the relevant knowledge points of the virtual simula-
tion online practice learning. Moreover, no relevant research
has been seen on predicting virtual simulation learning factors

in evaluating students’ learning effects, so this study intro-

Table 1

duces a virtual simulation learning module for the course.
The course mainly focus on the introductory natural
sciences course, such as advanced mathematics, university
physics.and other introductory course,and to carry out fur-
ther research. This study randomly selects a student’s data
for display in the specific form shown in Table 1 and Table 2.
Each student’s data can be categorized into two types:tempo-
ral behavioral data and non-temporal behavioral data. Non-
temporal behavioral data refers to the information recorded by
Rain Classroom. In contrast, temporal behavioral data relates
to the data obtained by students during regular learning ses-
sions on the self-designed virtual simulation platform, inclu-
ding the duration of the virtual simulation, the number of
questions asked, and the frequency of operations performed.
As learning progresses. new temporal behavioral data continues

to emerge.

Examples of data on students’ non-temporal behaviors
p p

Percentage of
Student TD awe
completion/ %

Number of in-class

postings

Number of after-

school discussions

12 89.8
212 59.4
2074 32.3

19 4
5 ee ()

5 4

Table 2 Examples of data on students’ temporal behaviors

. Number of virtual
Student ID . .
simulations 1

Number of virtual

simulations 2

Number of virtual

simulations 13

12 2
212 4
2074 4

1 29
1 12
5 4

2.2 Indicator Selection

To ensure sufficient sample capacity for the algorithm,
this study initially collects data from multiple courses under
the complete blended teaching model from different pilot
schools, totaling 5 859 students. Only the behavioral data of
students’ learning under the full-process blended teaching
mode are selected, removing the data with incomplete con-
struction of blended course resources, the serious missing of
practical features,and learning data generated in a short period
concentrated at the end of the semester. At the same time,
based on the regular learning behavior characteristics genera-
ted by the learning platform, combined with the teaching ex-
perience of several senior first-line teacher experts, the Delphi
method is applied to determine the final learning effect evalua-
tion index system. The specific process of the Delphi method
in this study is as follows:

1) Literature analysis method. According to the research
results on online learning/blended learning, learning evalua-
tion systems, and course evaluation systems at home and
abroad,we analyze, generalize,and summarize 89 initial obser-
vation indicators for evaluation. Through consulting 11 ex-

perts and 37 first-line teachers who have been teaching for

more than 10 years,we determine 63 effective observation in-
dicators for assessment.

2)Formation of an expert panel. The expert panel of this
study consists of 11 teaching masters who have been deeply
involved in online teaching and blended teaching for a long
time. This study first combines the expert self-assessment
questionnaire to survey the degree of specialist authority. The
survey results show that 8 experts have an authority coeffi-
cient of Cr=0.89,and 3 experts have an authority coefficient
of Cr=0. 73, all in line with the requirements of the Delphi
method of an expert authority coefficient of Cr=0. 7.

3) Combining the expert assessment opinions, the basic
framework of the learning effect evaluation index systemis de-
termined under the blended teaching mode, including 4 first-
level indexes and 13 second-level indexes.

4) The established frameworkis distributed to 11 experts,
respectively. After several rounds of soliciting opinions and
adjusting the relevant indicators, the 11 experts finally agree
to form an effective indicator system for evaluating the lear-
ning effect of courses based on the blended teaching mode,in-
cluding 3 first-level indicators and 10 second-level indicators.

The specific learning effect evaluation index system is
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shown in Fig. 2. The evaluation indexes finally used in this
study are all based on the first-level and second-level evalua-
tion indexes and filtered by teachers’ expert recommenda-
tions. The finally evaluation indicators are divided into two
categories: non-temporal evaluation indicators and temporal
evaluation indicators. The non-temporal evaluation indicators
include the pre-course learning video completion rate, the total
length of the pre-course learning video,the number of posts in
the class,the number of words in the post, the number of re-
plies in the class,the number of words in the reply,the num-
ber of pop-ups in the class, the number of words in the pop-
ups,the number of unintelligible words in the class, the num-
ber of discussions in the class, length of discussions in the
class, total number of words in the discussions, the average
score of the test in the class,length of virtual simulation ope-
ration,the number of virtual simulation operations, the num-

ber of clicks on the virtual simulation,and an average score of

| ‘ MOOC Pre-course study video !

the test in the class, the average score of virtual simulation ope-
ration, the number of virtual simulation clicks, the average
score of virtual simulation operation, the average score of vir-
tual simulation theory, the number of post-class discussions,
the length of post-class discussion, the number of words for
post-class debate, the number of post-class questions, the
number of post-class replies, the average score of post-class
assignments, the average score of the chapter test; temporal
evaluation indicators are based on some of the non-temporal
evaluation indicators, which can be realized in detail for each
classroom. The evaluation indexes include the length of lear-
ning in each classroom,in-class discussion,in-class test, virtual
simulation operation length, the number of virtual simulation
operations,the number of virtual simulation clicks, the score
of virtual simulation operations,the score of virtual simulation
theories, the post-course discussion, the post-course home-

work, the chapter test,and the average score of the chapter test.
After-course
assignment

In-course
interactions

I After-course
1 In-course test

completion rate seminar
Pre-course ! In-course After-course
characteristics B characteristics characteristics
Total length of MOOC pre-course |, In-course |
B ! ! § ! Chapter test
learning videos 1 seminar |
In-course Virtual simulation
questions practice

Level 1 indicators Level 2 indicators

Level 1 indicators  |Level 2 indicators

1

Level 1 indicators Level 2 indicators

Fig. 2 Evaluation index system of course learning effects in blended teaching mode

To minimize the influence of subjective factors in the pre-
diction of learning effects evaluation and to highlight the ad-
vantages and objectivity of the two-stream information fusion
learning effect evaluation model proposed in this study in
large-scale learning effect assessment, this studydoes not carry
out the assignment of the weights of the indexes relying on
the experience of experts.

2.3 Definition of Academic Performance

In the current study, college students’ course grades are
generally composed of ordinary grades (A) and exam grades
(B) ,generally A+ B=100. According to different course re-
quirements,ordinary grades often cover multiple features(at-
tendance, online learning data, classroom performance, group
seminar, homework completion,chapter test,etc. ). Therefore,
in order to avoid the final grades given by some course in-
structors, they have included some of the features of this study

in the final grades determination, which leads to the problem

of false accuracy of the intelligent evaluationgrades caused by
the intersection of the features between the final grades of the
course and the intelligent evaluation grades in the study. In
this study, the course grades of the 3852 eligible students
used to conduct the study are defined as final grades.
2.4 Network Construction

This study proposes a two-stream information fusion
model for student learning effect evaluation prediction in the
hope that student behavioral data’s temporal and non-tempo-
ral features can be processed in parallel. Then, the feature in-
formation can be extracted to realize the fusion and complemen-
tarity to enhance the scientific accuracy of the model prediction.
The framework of the two-stream information fusion learning
effect evaluation model proposed in this study is shown in Fig. 3,
which is an integrated system of parallel processing of information
and mainly includes two modules: the temporal feature extraction

module and the non-temporal feature extraction module.



124 Computer Science THEHLFIZ  Vol. 51.No. 10, Oct. 2024
f777P777 71777\ (a>\ K? ————— e N (b>
| re-v1rt‘ua‘ | | Pre-virtual |
| characteristics | | characteristics )

Non-chronological data

T el » it i A S e e
| In—Vlrtl‘lal‘ | In-class discussions K Tn-virtual \‘ N

400 (SR
|__ characteristics ) | characteristics ) 10

200 e 1
s o | [ & el
| After-virtual | 135 7 9w 77 After-virtual i
| characteristics | | characteristics J

layerl
l l layer...
LSTM LSTM -
l l layer4
| / | s
v : =
) d)
layerl 2 (I I IIIITIIITTT] &
layer4

Fig. 3

Firstly, the model needs to perform a time node alignment
operation for the length of the time axis of the temporal be-
havior data,and the specific alignment operation used in this
study is forward zero complements which are shown in Fig.
3(d). At the same time,it needs to increase the dimensions of
the one-dimensional temporal behavioral data of different ca-
tegories and splice the temporal behavioral data of different
categories in the increased second dimension, which is then in-
put into a IDCNN for extracting the feature information and
the extracted features are further input into the LSTM"*) neu-
ral network; then, for the non-temporal behavioral data, it is
input into the fully connected neural network to extract the
feature information;next, the extracted feature information of
the two tributaries is spliced and input into the final fully con-
nected neural network;and the loss is computed to achieve the
parameter training according to the MSE loss function.

In the temporal feature extraction module, input X; =
(X s Xizsors Xy » 2o » Xiny ) » which X, represents the temporal
behavioral data of the i classmate, N represents the number
of temporal features and X, represents the temporal feature
vectors with different lengths of time.

The corresponding timeline lengths are inconsistent,such
as when the virtual simulation operation length contains 13
time nodes and the after-class discussion contains 18 time
nodes. To avoid the defect of redundant network structure
caused by inputting different temporal behavioral data into
multiple LSTM neural network with other time periods, this
study employs forward padding alignment operations that can
be forgotten by the LSTM “gate” structure to address the is-
sue of inconsistent lengths of the time axis in behavioral data
across different periods.

To further extract sufficient information among features

in X{ after forward padding operations, temporal behavioral

Overview of algorithm construction section

data between different periods of the same feature are initially
processed through convolutional operators in 1IDCNN to ex-
tract high-level features. This structure comprises 4 modules,
each containing a convolutional layer, a batch normalization
layer, and a LeakyRelLU activation layer. The computation
process is illustrated in Equation(1) :
XS™=LEReLU(BN(W,; X +4b)) (D
where LkReLLU represents the LeakyRelLU activation func-
tion, BN represents the batch normalization layer, W, repre-
sents the convolutional kernel,and b denotes the bias term de-

picted as Equation (2) —Equation (7).

I, =c(XSS™W,, +H, W, +b) (2)
F, =c(XIS™MW_ +H,_\W,, +b,) (3)
0, =c( XMW, +H,_ . W,,+b,) (4
C, =tanh(X'S™MW_ +H, W, +b) (5)
C,=F,0C.,+1,0C, (6)
H;, =0,®tanh(C,) <)

where F; represents the output of the forget gate, I; denotes

the output of the input gate,a, stands for the candidate me-
mory cell, O, signifies the production of the output gate,C;
represents the memory state,and H denotes the hidden state.

In the non-temporal feature extraction module, the input
Y =(;sY2s Y, Yx),where Y, represents the non-
temporal behavioral data of the i classmate, N represents the
number of non-temporal features and Y; represents the speci-
fic value of the j* non-temporal feature of the /" classmate. In
the non-temporal feature extraction module, we utilize a multi-
layer perceptron(MLP) consisting of 4 layers,with the number

of neurons in each layer being 64,32.16.and 8, respectively.

The computation process is illustrated in Equation(8) :
M
A,=2W,,Y,, (8)
p=0

where p serves as the index of the neurons in the previous
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layer,q is the index of the neurons in the current layer,and M
represents the number of neurons in the current layer.
Finally, the network concatenates the temporal and non-
temporal information across the channel dimension at the fea-
ture level and processes it through a four-layer MLP. Em-
ploying a multi-layer neuron structure facilitates effectively
blending the concatenated features and further making assess-

ments.

3 RESULT

3.1 Indicator Validity Test

To preliminarily investigate the rationality and validity of
the evaluation index system obtained by screening under the
Delphi method, teacher-expert perspective in this study, first-
ly,students are categorized into two major groups: excellent
and sound, with a cut-off of 75 points for students’ academic
performance for the Mann-Whitney U-test'”® to observe
whether there is a significant difference between the different
categories of students under the selected evaluation indexes.
The Mann-Whitney U-test is a non-parametric statistical test,
which is used to compare whether there is a significant differ-
ence in the medians of two independent samples.

This study conducts a normality test for the selected
dataset and then determines the required significant test. Since
the sample size of the dataset is 3852, the Kolmogorov-
Smirnov test is used. The results show that the significance
p-values of the K-S test results are less than 0. 001, meaning
that all evaluation indicators do not satisfy the normal distri-
bution. Therefore. this study next analyzes the evaluation indi-
cators using the Mann-Whitney U-test. The analysis results
show that the significant p-values of the Mann-Whitney U-
test are all less than 0. 001. There are substantial differences
between different categories of students under each type of
evaluation index in the evaluation index system proposed in
this study. From this, the various evaluation indexes in the
system have a certain degree of validity in categorizing
students’ academic performance.

3.2 Indicator Correlation Test

After completing the Mann-Whitney U-test analysis and
initially verifying the validity of the evaluation index system,
since the pre-testing process is mainly based on the classifica-
tion of students’ academic performance for statistical analy-
sis,the next part of this study is to use the students’ specific
academic performance as a metric to further determine whe-
ther the evaluation index system is in line with the theory of
statistical analysis.

Since the first-level and second-level indicators in the
evaluation index system are interrelated and affect each other,
this study only utilizes regression models to carry out com-

pound correlation analysis based on the 3 broad categories of

t26) Compound corre-

indicators in the evaluation index system
lation analysis is employed to investigate the intricate relation-
ships among multiple independent variables and a dependent
variable. This method allows for the simultaneous considera-
tion of the impact of multiple independent variables on the de-
pendent variable and the interaction effects among these inde-
pendent variables.

The results are shown in Fig. 4. The p-values of the re-
gression models are less than 0. 001.indicating that the ana-
lyzed models are valid. In addition, there is a correlation be-
tween all two types of evaluation indexes and academic per-
formance,and the correlation between the evaluation indexes
of in-class learning and academic performance is the largest,
with a compound correlation coefficient of 0. 962, which is in
line with the actual teaching concept. Meanwhile, the virtual
simulation factors are analyzed separately in this study, and
the results are shown in Table 3. The results show that the
compound correlation coefficient between virtual simulation
factors and academic performance is 0. 566. Virtual simulation
factors also affect students’ academic performance to a certain

extent,proving the necessity of studying them.

15

10 sokok

05

0 . T r

PL IL AL VSm

Multi-correlation coefficient

Note: PL,indicators for evaluating pre-course learning;IL,in-
dicators for evaluating in-course learning; AL ,indicators
for evaluating after-course learning; VSm, evaluation

metrics for virtual simulation.

Fig. 4 Correlation indices and whether there is a significant
correlation between the indicators of assessment of learning
outcomes obtained through screening and academic performance

under the Delphi method teacher experts’ perspectives

Table 3 Compares 10-fold cross-validation for single modal
DNN., single modal 2DCNN, single modal LSTM, single

modal 1IDCNN-LSTM,and two modal models( TTE)

methods MAE RMSE R2
DNN 11. 306 13. 642 0.394
2DCNN 13.137 16. 115 —0.217
LSTM 12.179 14.777 —0.169
1DCNN-LSTM 12.439 15. 046 —0.054
TIECours) 3.308 4.574 0.897

The results of the compound correlation analysis in Fig. 4
show that the learning effect evaluation index system obtained
from the screening under the perspective of teacher experts by
the Delphi method is in line with the scientific nature of the
screening by manual teacher experts,and also in line with the

theory of mathematical statistics. Therefore, the learning
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effect evaluation index system proposed in this study can be
used as a reference for further research on learning effect eva-
luation and prediction at a later stage.

3.3 Validation of TIE Validity

Due to the dual-stream structure adopted by the TIE
model, temporally filtered behavioral data and non-temporal
behavioral data,{rom the expert perspective,are merged,com-
plementing each other, and subsequently, the model parame-
ters are trained. Initially, we conduct comparative experiments
on the TIE model; specifically, we test the performance diffe-
rences among the TIE model, single-modal deep neural net-
work(DNN) . single-modal 2DCNN, single-modal LLSTM, and
single-modal 1IDCNN-LSTM.

The various models mentioned above are commonly used
in educational assessment. The specific mean absolute error
(MAE)and root mean square error(RMSE) indices compared
with the TIE model are shown in Table 3. The research re-
sults indicate that the MAE indices for predicting percentile
math scores using the models above are all above 10. In con-
trast,the proposed TIE model in this study exhibits an ave-
rage error of only 3. 2,demonstrating the effectiveness of this

model and the dual-stream data. On the other hand, the
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Fig. 5
3.4 Verification of model structure effect

Subsequently, this study conducts a second comparison
experiment. Since the TIE model is designed with the power-
ful function of a convolutional neural network to extract fea-
ture information, the IDCNN module is added to the TIE
model in this study. In addition, the TIE model utilizes the
“gate” structure principle in the LSTM neural network by
placing the zero-complement operation at the start position of
the data.

In this study, the model without the 1IDCNN is abbre-
viated as “TIEC”,and the model with the zero complementary
operation placed at the end position of the data is abbreviated
as “TIEB”. Experimental comparisons are conducted,and the
results are shown in Table 3 and Table 4. The TIEC and TIEB
models are better than the TIE model in MAE and RMSE in-
dexes,in which the MAE index reflects the prediction error of
the average grade under the percentile system. In the R2 in-

dex,the TIE model shows higher values, which indicates that

R-squared ( R2) indices for 2DCNN, LSTM, and 1DCNN-
LLSTM in predicting negative academic performance indicate
overfitting, suggesting that using only spatial or temporal
models cannot effectively determine academic performance.

The TIE model, which combines the two data types,im-
proves the R2 index to 0. 9,suggesting that the model can fit
the data exceptionally well based on academic performance. To
visually assess the effectiveness of grade prediction, this study
uses a scatter plot in Fig. 5(a) to show the prediction results of
different models. We can judge the prediction effect by obser-
ving the proximity of the scatter points in the scatter plot to
the line. The prediction results are better if the points in the
scatter plot are closer to the straight line.

According to the results in Fig. 5(a) , the predicted values
of the two-stream model proposed in this paper are more con-
centrated on the straight line, which intuitively proves that the
two-stream model has significant superiority in grade predic-
tion. Therefore, the proposed TIE model is superior to any
unimodal model in terms of performance, and it also proves
the necessity and effectiveness of fusing two-stream features
for the analysis of predictive modeling for learning effect eva-

luation.

100
% /
80
70 /

60

50

Predicted score
\

40
30
20 °
10 20 30 40 50 60 70 80 90 100
Real score

(b

Demonstration of the prediction effect of IDCNN-LSTM, DNN, TIE,and TIEB, TIEC, TIE models

the model better fits academic performance through the beha-
vioral data. To visually present the prediction effect of the mo-
del, this study adopts a scatter plot to show the prediction re-
sults of the three models, shown in Fig. 5(b). By observing
the distribution of scatter points in Fig. 5(b),we can see that
the prediction results of the model proposed in this paper are
more concentrated around the straight line, which is closer to

the actual value.

Table 4 Comparison of 10-fold cross-validation results obtained
with different zero-completion operations and removal of the

1DCNN fraction

MAE RMSE R2
TIEC 5.660 7.067 0.763
TIEB 4.007 5.016 0.879
TIECours) 3.308 4.574 0.897

The above results show that,based on the learning effect
evaluation index system screened under the Delphi method

teacher-expert perspective for student behavioral data collec-
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tion,and after the training of the TIE model proposed in this
paper,its prediction effect on MAE and RMSE is better than
that of other neural network models,which can realize the ef-
fective prediction of students’ academic performance in diffe-

rent courses under the blended teaching mode.
4 DISCUSSION

Current research on learning effect evaluation and predic-
tion is limited to single and unreasonable tasks,such as using
machine learning algorithms to determine the indicators affec-
ting students’ learning effects based on a large volume of plat-
form data and constructing a student learning effect evaluation
model based on non-time series feature data. Our research is
firstly based on the course that incorporates virtual simulation
online practice learning, based on the expert perspective and
using the Delphi method to determine the evaluation indexes,
combined with statistical analysis methods to evaluate the
evaluation index system to assist the side of the validation.
Secondly.our research in the fusion of two-stream data fea-
tures at the same time to join the model optimization strategy,
which also makes the model’s predictive effect has been fur-
ther improved, the whole study in terms of rationality and ac-
curacy. The entire research shows excellent results in terms of
rationality and accuracy.

Based on the results of the comparative experiments,
since the features used in this study have the assistance of ex-
pert judgment and data analysis at the same time and show the
best results,our future research will be able to formulate cor-
responding evaluation standards for the evaluation of blended
courses, especially those that incorporate virtual simulation
practice learning,and then be able to judge the effect of the
whole learning process of the students more effectively, and
better realize the evaluation of the entire process of the lear-
ning of the students,which fills in the gaps of the current as-
sessment and prediction of the learning effect of the factors on
the virtual simulation of learning.

At the same time, the model proposed in this paper has
great potential for application in the future. Since the initial
training of the model is based on the training and testing of
different courses,the model can be well generalized to various
classes for the same students to carry out the corresponding
intelligent evaluation, which also makes the model well used in
the process of student learning evaluation and then pushes
personalized course learning programs for students to address
the problems encountered by the students in the process of
learning. The model can be applied to students’ process lear-
ning evaluation and push personalized course learning plans
for students to solve the pain points and difficulties encoun-
tered by students in the process of learning and improve

students’ academic performance;at the same time, the model

prediction results can be pushed to the teacher’s end in a more
timely manner, so that the teacher can also achieve a timely
understanding of the students’ learning situation and control,
and then to do the teaching to enhance the overall learning at-
mosphere and learning level of the class.

In addition, there is still room for further improvement in
this study. In the researcher’s previous research work, it is
found that the level of academic performance is not only af-
fected by the student’s learning behavior data but also has a
specific correlation with the students’ background factors,
such as family factors, metacognitive ability factors, learning
strategy factors. Consequently . there still needs to be a gap in
evaluating and predicting learning ability’s learning effect. In
the following research step, we will optimize the question-
naire,collect and accumulate more data, and then construct a
reasonable neural network model algorithm to incorporate the
students’ background factors under the Delphi hybrid course
learning evaluation index system to get better prediction re-
sults. We are also committed to developing a real-time evalua-
tion platform to provide algorithmic support for the applica-
tion and promotion of evaluation and the prediction of

students’ learning effects.

5 CONCLUSION

Exploring how to scientifically and accurately evaluate
students’ learning outcomes in blended learning is an emer-
ging but significant field. Our study firstly utilizes the Delphi
method to determine the indicator system of students’ lear-
ning effect evaluation, and secondly uses statistical analysis
methods to further validate the evaluation system with data,
and discovers the reasonableness of using the Delphi method
for indicator screening as well as the importance of the virtual
simulation factors on academic performance. Moreover, the
two-stream information fusion learning effect evaluation model
constructed by combining temporal and non-temporal features
can show the best performance on the predictive effect com-
pared with other models, which shows that the integration of
temporal data has a significant impact on the performance im-
provement of the learning effect evaluation model. Our study
reflects that combining expert perspective and multimodal data
for learning effect evaluation and prediction can produce more
scientific and accurate evaluation results, which provide speci-
fic theoretical and applied values for the further development
and promotion of blended teaching and corresponding learning

effect evaluation and prediction.
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