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Blended learning which is an advanced teaching strategy integrating techniques used in Small Private Online Courses

(SPOCs) and those in traditional classrooms is increasingly adopted in many courses. The aim of this study is to evaluate

whether blended learning in a Practical IntroductoryEngineeringCourse can improve students’ performance, classification

and satisfaction. To do so, a blended learning mode was designed and the blended learning group (182 students) of the

academic year 2019–2020 was compared with the traditional learning group (226 students) of the academic year 2018–2019

in terms of the students’ performance and classification. Besides, we evaluated the students’ satisfaction in blended learning

using designed questionnaires. The results show that students in the blended learning group have better performance than

those in the traditional group. Regardless of the practical operation scores or the final grades, the interval distribution of

scores in blended learning group was about 5 points higher than that of the traditional learning group. We also utilized a

classifier based on our proposed deep learning model and verified through a comparative study that the classifier has the

best performance among several existing models. The results also reveal that comparing with traditional learning, the

accuracy of using the proposed model to classify students in blended learning was improved by 16.45%. As far as the

questionnaire survey is concerned, most students had a positive view of employing the blended learning in the course.

Overall, these results can serve as reference and guidance for future engineering practice courses.
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1. Introduction

In higher education, traditional face-to-face learn-
ing in which teachers are the imparters of knowl-

edge and students are the recipients of knowledge is

still the mainstream [1]. Educators strive to provide

effective instruction and adopt different teaching

strategies to improve students’ learning efficiency.

However, large sizes of classes, insufficient commu-

nication and interaction between teachers and stu-

dents, and weak ability of practical feedback make
it harder for teachers to develop students’ potential.

Traditional large-class education has difficulty in

providing personalized teaching, and its limitations

may even have negative effects on students’ perfor-

mance [2–4].

Electrical & Electronical Engineering Practice is

an introductory course for students majoring in

Electrical Engineering, Electronic Engineering,
and Automation. The course is inseparable from

theoretical teaching and practical teaching [5]. It is a

practical introductory engineering course designed

to cultivate students’ practical skills. However, due

to the large number of students, teachers cannot

take into account every student and those students

far away from the instructor cannot observe the

complete experimental process. Considering that
experiments are usually complex, the students

may not master some experimental skills after the

teacher conducts the experiment. This requires us to

introduce a new learning mode for this course, so as

to promote teaching efficiency through student-

centered learning. The new mode should also help

students better connect theory with practice, and

provide specific references furthermore for their
participation in engineering projects.

The emergence of the Small Private Online

Courses (SPOCs) [6–8] brings a wave of reforming

classroom teaching. It aims at small-class teaching,

which can not onlymake up for the shortcomings of

the Massive Open Online Course (MOOC) [9-10],

such as low completion [9], lack of face-to-face

communication and incomplete learning experience
[10], but also can be combined with offline learning.

It also focuses on the centrality of students and

transforms passivity into initiative in the learning

process so that students can review materials as

needed [11] and receive immediate feedback [12].
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Therefore, a blended Engineering Practice course

based on SPOC and traditional classroom was

designed. One form called the flipped classroom

[13–15] was adopted. It is a creative method pro-

moting active learning in which coursematerials are

provided online before the class.
Students’ performance, for instance, the final

grades, is the most direct way to know the

students’ learning progress. It is the main teaching

goal of the universities, and the excellent academic

achievements will lead to improving the quality of

that university. In engineering education, improve-

ment of students’ performance in relation to the

employment of blended learning is confirmed in
the literature, especially in terms of final grades

[16–18]. But these courses are based on program-

ming, software operation and so on. There are few

studies on blended learning of teaching engineer-

ing practices which focus more on practical opera-

tion. Generally speaking, educators not only pay

attention to the performance of students, but also

eager to analyze the daily learning data of students
in order to grasp the effect of learning in a timely

and accurate manner. Educational Data Mining

(EDM) is an application and development of data

mining technology in the education field and

transform raw educational data into useful infor-

mation that can significantly improve the efficiency

of the learning process [19]. Classification is one of

the major research issues in EDM and can be
viewed as development of a prediction model

[20]. To apply data mining to education, students

can receive information about their classmates’

performance and teachers can take advantages of

EDM to improve the educational environment.

On this basis, teachers can also adopt different

teaching strategies for students with different

learning levels, such as providing opportunities
for students with excellent performance to partici-

pate in the project, and giving warnings for

students with poor performance. To achieve this

goal, researchers explored data obtained from

traditional universities and online learning and

came up with various methods. Most methods

used academic features (e.g., grades, quizzes and

weekly homework) and non-academic character-
istics (e.g., age and gender) as input. The above is

from the perspective of educators, while satisfac-

tion is student-centered. Besides improving learn-

ing efficiency, another important goal of our

education policy is to improve students’ satisfac-

tion with the learning environment [21]. We

designed questionnaires to get students’ feedback

on their learning experience. According to the
questionnaires, the learning mode is constantly

improved so that students can more actively

engage in the process of learning.

The contributions of this paper are as follows:

1. We applied blended learning to the engineering

practice course, and explored the impact on

students’ performance, classification and satis-

faction. This study provided an example for the

design of blended learning and showed the

potential of personalized teaching.

2. This paper focuses not only on the paper exam

scores, but also on the experimental scores.
3. Machine learning models and deep learning

models were compared to study which model

is more suitable for classifying students.

2. Related Work

In blended learning, most researchers focus on the

impact on students’ performance, especially their

final grades. The effectiveness of blended learning in

terms of students’ performance is well established in

multiple disciplines, including physiology [22, 23],
anatomy [24, 25], nursing [26, 27], physics [28, 29],

and mathematics [30, 31]. Moreover, this learning

mode has been also shown to improve learning

outcomes in engineering education [16–18]. Alkha-

tib [16] proposed the blended learning method in

the form of flipped classrooms for engineering

course. The effectiveness of this learning method

was verified through a quantitative assessment of
program learning outcomes before and after apply-

ing the method. And the results showed an average

of learning outcomes improved from 3.9 to 4.4 on a

scale of 1–5. Martı́nez et al. [17] used a parallel

online group from face-to-face learning to blended

learning in an engineeringMaster’s program. There

were two learning methods, asynchronous (lecture

capture) or synchronous (face-to-face or live broad-
cast lecture) and students selected one of them. The

results demonstrated that the blended learning

significantly improved students’ average grades.

Onofrei et al. [18] confirmed that blended learning

can enhance students’ learning ability in an under-

graduate engineering computer-aided design

(CAD) module. Compared with students partici-

pating in traditional face-to-face learning, the use of
blended learning had a significant impact on the

final grades in the CAD module. However, these

engineering courses focus on software and are

rarely practice-oriented.

Generally, we learn about students’ views on the

blended learning through questionnaires. Jen-Her

et al. [26] [32] used a questionnaire survey of 212

participants in a blended e-learning to show that
learning climate and performance expectations sig-

nificantly affect learning satisfaction. Prifti et al.

[33] focused on student satisfaction resulting from

the introduction of a blended course, which was
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implemented in ‘Management’ course and proved

that Learning Management System has a positive

impact on students’ satisfaction. Peng et al. [34]

conducted a questionnaire to 960 students who

study English as a Foreign Language students,

and 10 of them participated in an interview. The
results revealed that the learning motivation within

a blended learning environment can improve stu-

dents’ English linguistic competence and facilitated

their psychological development of English learn-

ing.

EDM focuses on the exploit of statistical algo-

rithms, machine learning, and deep learning to

analyze educational data, explain educational phe-
nomena, and provide services for educators, lear-

ners and managers [35]. De Albuquerque et al. [36]

applied artificial neural networks (ANNs) to pre-

dict student’s performance and achieved high accu-

racy (85%) by using grades, periods of study and

school scores as inputs. Yu et al. [37] applied

machine learning methods to predict students’ out-

come using the click-stream data ofMOOCs videos
and the K-Nearest Neighbor (KNN) method was

used to classify the data. Nespereira et al. [38]

utilized Random Forest (RF) and Support Vector

Machine (SVM) methods to discover the under-

lying relationship between students’ past course

interactions with Learning Management Systems

and their tendency to pass/fail.

Recently, deep learning models have been widely
used for classification in many fields. In the aca-

demic field, deep learning model is used to predict

and enhance the student performance [39]. Long

short-term memory (LSTM) is a deep learning

method, which consists of several non-linear

layers that contribute to learning the representa-

tions from the input data. Limited studies have used

these methods for early prediction of dropouts [40,
41]. Ahmed et al. [42] employed the LSTM network

on a set of implicit features to predict learners’

weekly performance. Results showed that accuracy

of the proposed model was 82%–93% throughout

course week. Aljohani et al. [43] proposed a deep

LSTM model to classify students’ outcome, and

achieved the best result with 0.7579 recall score and

0.9346 precision score, and their learning accuracy
outperformed the baseline LR and ANNs by

18.48% and 12.31%, respectively. Most of the

studies are for either traditional face-to-face learn-

ing or online MOOC teaching, and few literatures

focuses on blended learning of engineering practice

courses. Moreover, the rapid development of deep

learning has also provided us with opportunities to

explore effective methods for predicting learners’
academic performance under blended teaching. It is

essential to find a suitable deep learning model to

classify students.

3. Methods and Data Collection

The study protocol was approved by the Institu-

tional Review Board Committee at Tiangong Uni-

versity. Blended learning in the form of flipped

classroom was introduced in the Electrical & Elec-

tronical Engineering Practice course for 182 first-

year Communication Engineering students in the
2019–2020 academic year, while 226 first-year stu-

dents from the same major in the 2018–2019 aca-

demic year still adopted traditional learning. The

course contained 40 class hours of traditional learn-

ing in the academic year (2018–2019), while 8 class

hours of online learning and 32 class hours of offline

learning in the following academic year (2019–

2020).

3.1 Design of Blended Learning

SPOC combines with traditional classrooms to

implement the transformation of student-centered

teaching methods according to the development of

blended learning. Various online and offline activ-
ities are designed to achieve a deep combination of

online and offline learning, as shown in Fig. 1.

These activities included self-paced learning, such

as watching videos, doing quizzes etc. The activities

marked with * are online learning activities and

carried out on the SPOC platform while other

activities are mainly offline activities.

In online learning, students mainly learned on the
SPOC platform. They must preview the course by

watching videos, completing the question and

answer (Q&A) in the platform. They can freely

choose the time and place to repeatedly review the

online course materials, but the latest videos must

be completed within 3 hours before class. The

teacher checked the results of online learning, and

found out the weak links of the students.
In offline learning, the teacher organized the

students to discuss the key points and difficulties

of this lesson individually or in groups. And stu-

dents started to do the experiment after under-

standing the precautions. Finally, the teacher

evaluated the scores of the experiment.

After-class activities were designed to help stu-

dents digest and consolidate what they had learned.
They were asked to complete the homework corre-

sponding to the teaching content of each unit

deployed on the SPOC platform within the speci-

fied time. During this period, students could selec-

tively review the videos and consult relevant

materials.

3.2 Design of Questionnaire Survey

We applied a questionnaire survey to collect the

satisfaction of the blended learning by the blended

learning group. The questionnaire survey was

Zhenqian Shen, Huijuan Zhao et al.1732



mainly in four aspects, namely online learning,

online homework, Q&A, and learning method to

investigate students’ satisfaction. Students were
required to rank items on a scale from 1 = very

dissatisfied to 3 = neutral to 5 = very satisfied.

Students answered the questionnaires anon-

ymously.

3.3 Data Collection

In face-to-face learning, the final grade consisted of

the following parts. Practical operation and offline

homework were worth 55% and 5%, respectively.
The rest were a test accounted for 20%, daily

performance accounted for 10%, and an experi-

mental report accounted for 10%. In blended learn-

ing, videos and the courseware were published on

the SPOC platform in advance. Among them, the

corresponding score was obtained according to the

completion time of each video, and finally all the

scores were averaged to obtain the video score,
which accounted for 10%. To fulfill the course

requirements, students had to take the test, worth

20%. As the assessment in this course, practical

operation and online homework were worth 45%

and 5%, respectively. Moreover, students were

requested to prepare one experimental report,

accounting for 10% of their final grade. Daily

performance accounts for 10%. We collected all
the data of the above students. A total of 182

students in blended learning group were asked to

take part in the questionnaire and 155 question-

naires were returned.

4. Data Analysis

4.1 Correlation Analysis

Pearson correlation coefficient is often used to
express the linear correlation between dependent

variables and independent ones. The greater the

absolute value, the stronger the correlation. In

blended learning, we studied the correlation of

video scores, online homework scores, test scores

and practical operation scores, which are shown in

Fig. 2. Pearson coefficient between the video scores

and the test scores is 0.31, belonging to weak
correlation. Correlation between the video scores

and the practical operation scores is 0.41, which is

medium correlation. It can be seen that video

learning has a certain effect on the experimental

operation. Compared with the video scores, the

online homework scores are weakly correlated

with the practical operation scores. Through cor-

relation analysis, teachers may understand which
behaviors are correlated with student perfor-

mance.

From the correlation analysis, it is observed that

the video scores are related to the test scores and the

practical operation scores, as shown in Fig. 3. The

video scores are divided into three categories,

namely 40�60 points, 60�80 points and 80�100
points, labeled 0, 1 and 2 respectively. Fig. 3(a)
shows that the students whose video scores are in

the middle had the best test scores overall. Fig. 3(b)

shows that the higher the video scores, the better the

practical operation scores.

Impact of Blended Learning on Students’ Performance, Classification and Satisfaction 1733

Fig. 1. Flowchart of the blended learning mode.



4.2 Students’ Performance

Fig. 4(a) showed that students achieved better

practical operation scores in the blended learning

mode, and the scores were mainly from 80 to 90

points. In the face-to-face learning mode, the prac-

tical operation scores were mainly between 75 and

85 points. Fig. 4(b) showed that the final grades in

the blended learning mode were mainly distributed
between 80 and 90 points. In the face-to-face

learning mode, the final grades were mainly con-

centrated on 75�85 points. The overall score range
under blended learning had improved by about 5

points.

4.3 Students’ Classification

The proposed model was divided into three stages:

data preprocessing, model design and model eva-

luation. The model framework is shown in Fig. 5.
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Fig. 2. Pearson coefficient between multiple variables. The bar on the right represents the correlation coefficient, the darker the color, the
higher the correlation coefficient value. Each square represents the correlation coefficient between two variables.

Fig. 3.Distribution of (a) test scores and (b) practical operation scores in three video scores categories. The video scores are divided into
three categories, namely 40�60 points, 60�80 points and 80�100 points, labeled 0, 1 and 2 respectively.



(1) Data Preprocessing

(1) Data cleaning

In the collected raw data, the missing values

and outliers of students’ grades are deleted.

(2) Data normalization

The results are normalized to the hundred

percentage point system.

(3) Feature extraction and selection

In order to improve the classification efficiency of

the model, this study performed the feature extrac-

tion. The performance of the classification model
depends on the significant features (input variables)

that describe student characteristics, and can be

used to predict the performance of the students.

We extracted five features (X1, X2, X3, X4, andX5)

from students’ data in traditional face-to-face

learning and six features (S1, S2, S3, S4, S5, and

S6) from students’ data in blended learning, as

shown in Table 1.
After the data preprocessing, the data of 182

students were retained under the blended learning,

and the data of 226 students were retained under the
face-to-face learning. According to the final grades,

the students’ classification is determined. The stu-

dents’ scores were all above 60, so 60�80 was

divided into medium students, the label was set to

0; 80�100 was divided into good students, the label
was set to 1. The preprocessing data was split into

the ratio of 7:3, i.e., 70% of the data was used to

train the model, and the remaining 30% was used to
test the proposed model.

(2) Model Selection and Design

LSTM is a type of Recurrent Neural Network

(RNN) [44], and it ensures that the entire loop

network can proceed more stably. Moreover,
LSTM solves the problem of gradient disappear-

ance and gradient explosion of long sequences by

selective memory. Through selective memory

mechanism, it can ensure the effective use of the

information mostly, learn its deep characteristics,
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and then make student performance prediction

better.

Although LSTM can learn previous information,

it can only learn forward information. The bidirec-

tional Long Short-Term Memory (Bi-LSTM)
model is an improvement on LSTM, which effec-

tively solves this problem and further improves the

learning ability of LSTM. Bi-LSTM structure as

shown in Fig. 6. Bi-LSTM combines LSTMwith the

bidirectional network. Therefore, Bi-LSTM can not

only have the advantages of LSTM, but also carry

out accurate analysis of sequence data in the reverse

direction [45]. This property allows Bi-LSTM to
make full use of the information, so that make it

possible to do the predictive task effectively.

As illustrated in Fig. 6, the states of forward

hidden sequence and the states of backward

hidden sequence are calculated by the Bi-LSTM

iteratively. The output sequence y from the back-

ward layer and the forward layer then can be

updated, where w represents the hidden layer

parameters, Xt represents input value, ~ht and ht
represent the output of the two LSTM layer at time

t,~b denotes bias, andYt represents the output value.

The formulas of the Bi-LSTM model are shown in
the appendix.

In this work, a model based on Bi-LSTM net-

work was proposed to classify students. The pro-

posed model consists of two LSTM layers with 128

and 32 hidden units, respectively. And the dropout

layers are set to avoid overfitting and the dropout

ratio are set to 0.25. The fully connected layer is

followed by a softmax layer to produce a distribu-
tion over the 2 (e. g. good and medium) class labels.

The binary cross-entropy loss function is employed.

In addition, Adam is chosen as the optimizer

because of less memory requirements and has the

advantages of both AdaGrad to deal with sparse

gradients and RMSProp to deal with non-station-

ary targets.
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Table 1. List of features used in the study

Features Description

X1. Practical operation scores Average of all experimental scores

X2. Experimental report scores An experimental report submitted at the end of the semester

X3. Offline homework scores The offline homework at the end of each unit

X4. Daily performance scores Daily performance is rated based on lateness and absenteeism

X5. Test scores The final exam at the end of the semester

S1. Practical operation scores Average of all practical operation scores

S2. Experimental report scores The same as X2

S3. Online homework scores The online homework at the end of each unit

S4. Daily performance scores The same as X4

S5. Test scores The same as X5

S6. Video scores Rate according to each video completion

Fig. 6. Structure of the Bi-LSTM network.



(3) Classification Model Performance Evaluation

Accuracy is treated as an evaluation metric to

evaluate the student classification model. And the

higher the accuracy, the better the classification of
the model.

The main analysis tool is a curve drawn on a two-

dimensional plane, Receiver Operating Character-

istic (ROC) curve. The abscissa of the plane is false

positive rate (FPR), and the ordinate is true positive

rate (TPR). The performance analysis is carried out

using the ROC curve. The area under the ROC

curve is called the Area Under Curve (AUC). The
larger the AUC value, the better the model classi-

fication effect.

The following terms are fundamental for under-

standing the results of model evaluation:

True Positive (TP): The model correctly predicts

the class of good students.

False Positive (FP): The model incorrectly pre-

dicts the class of good students.

False Negative (FN): The model incorrectly pre-
dicts the class of medium students.

True Negative (TN): The model correctly pre-

dicts the class of medium student.

TPR measures false negatives against true posi-

tives and refers to the ability of the model to

identify good students correctly.

ð1Þ

FPR measures true negatives against false posi-

tives and refers to the ability of themodel to identify

medium students incorrectly.

ð2Þ

Fig. 7(a) and Fig. 7(b) show the accuracy plots of
the Bi-LSTM model under blended learning and

face-to-face learning, highlighting the test accuracy

of 89.09% and 72.55%, respectively. It is obviously

that the accuracy in blended learning increases

steeply from epoch 0 to 5, with minimal changes

and gradual improvement from epoch 5 onwards.

The experimental results show that the blended

learning has better classification effect.
In order to verify the superiority of the proposed

model, several deep learning models were selected,

such as LSTM model, RNN model, and machine

learning models were also used, such as ANN

model, SVM model, Logistic Regression (LR)

model, KNN model, and the RF model. The

experimental results on the final grades are shown

in Table 1. The results show that the classification
accuracy of the Bi-LSTM model was significantly

better than the other models regardless of the

learning mode. Obviously, using the same model

to classify the students under two learning modes,

the classification accuracy of the blended learning

was better. In summary, the students’ classification

based on the Bi-LSTM model had higher accuracy

under the blended learning, and the accuracy was
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Solid line: The accuracy curve of the testing set.

Table 2. Comparison of classification accuracy of multiple models on the final grades

Model Bi-LSTM LSTM RNN ANN SVM LR KNN RF

Face-to-face learning 72.55% 72.06% 70.59% 67.65% 61.76% 64.71% 64.71% 61.76%

Blended learning 89.09% 83.64% 81.82% 78.18% 81.00% 81.27% 80.63% 81.74%



89.09%, which was at least 5.45% higher than other

models.

As revealed in Fig. 8(a), the ROC curve of the Bi-

LSTMmodel had a maximumAUC of 0.79 in face-
to-face learning. This also confirms that the Bi-

LSTMmodel had better classification performance.

As shown in Fig. 8(b), the ROC curve of the Bi-

LSTM model had a maximum AUC of 0.84 in

blended learning. It shows that students’ classifica-

tion has better performance on the Bi-LSTM

model. In general, compared with face-to-face

learning, all models performed better in students’

classification under blended learning. And the Bi-

LSTM model was better than the other models.

4.4 Students’ Satisfaction

Fig. 9 showed the following satisfaction levels in

each aspect: online learning was 4.07, online home-
workwas 3.96, Q&Awas 4.03, and learningmethod

was 3.92. Most students were satisfied or very

satisfied with the blended learning mode in the

course.
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Fig. 8. ROC curve for (a) face-to-face learning and (b) blended learning. The area under the ROC curve is the value of the Area Under
Curve (AUC).

Fig. 9. Students’ satisfaction about four aspects of the blended learning: (a) online learning, (b) online homework, (c) Q&A, and (d)
learning method.



5. Discussion

This paper verified that blended learning can be

successfully implemented in engineering practical

education. There are three advantages of the

blended learning mode, (i) students arranged their

time flexibly according to their learning needs, (ii)

online materials could be studied repeatedly, and
(iii) they had the opportunity to host group discus-

sions. These activities change the role of students

from passive listeners to active learners. They can

take the main responsibility for their own learning

and at the same time make the learning process

more collaborative.

Compared with previous researches, this study

not only paid attention to the final grades, but
also focused on the practical operation scores.

The analysis of the results showed that the

blended learning group achieved better perfor-

mance. This study also contributed to classifying

students as good students and medium students

through the Bi-LSTM model. The input features

of blended learning combined the features of

traditional face-to-face learning with online learn-
ing. No matter which learning mode was

adopted, we compared the proposed model with

the baseline model and obtained the best accu-

racy. And the proposed model had achieved a

better classification effect under the blended

learning mode. The final questionnaire survey

showed subjectively that most students had a

positive attitude towards the implementation of
blended learning. The improvement in students’

performance might be due to the following rea-

sons. First, students selected to pause and re-

watch the videos to understand the materials.

The correlation analysis also confirmed that the

video score affected the practical operation

scores. Second, teachers provided more targeted

guidance in classroom based on the online

answering situation. Third, the Q&A format

made students full of energy for learning.

It can be seen that compared with traditional

learning, most students prefer blended learning,
and this learning mode does improve learning

efficiency. However, our research still has some

limitations. One is to adopt two learning modes to

evaluate teaching effects for two consecutive years

separately, and it is in discussion how much the

differences between the two groups of students

affects the results. In addition, the study is only

conducted in this course, so the results may not be
applicable to other courses. Thus, our future work

would focus on those two problems.

6. Conclusion

This study compared the performance of the

blended learning group (182 students) of the aca-

demic year (2019–2020) and the traditional learning
group (226 students) of the academic year (2018–

2019). The blended learning was implemented in

this study, combining SPOC and traditional class-

rooms showed better results regarding students’

performance, classification, and satisfaction.

Although the introduction of blended learning in

engineering education requires meticulous course

design and a lot of time for teachers to prepare and
provide courses, our implementation of the blended

learning model was successful based on students’

performance, classification, and satisfaction.
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Appendix

Abbreviations

SPOC: Small Private Online Course.
MOOC: Massive Open Online Course.

EDM: Educational Data Mining.

CAD: Computer-aided design.

ANNs: artificial neural networks.

KNN: K-Nearest Neighbor.

RF: Random Forest.

SVM: Support Vector Machine.

LSTM: Long short-term memory.
Q&A: Online question and answer area.

RNN: Recurrent Neural Network.

Bi-LSTM: Bidirectional Long Short-Term Memory.

ROC: Receiver Operating Characteristic.

FPR: False Positive Rate.

TPR: True Positive Rate.

AUC: Area Under Curve.

TP: True Positive.
FP: False Positive.

FN: False Negative.

TN: True Negative.

LR: Logistic Regression.

Students’ classification – Model Selection and Design

(1) Using input xt and the previous hidden state ht�1, the forget gate decides what to keep or forget from the

previous states.

ð1Þ

(2) The input gate determines what new information will be stored in the cell. First, the cell calculates a

memory cell candidate ~ct. Next, the current state ct depends on the result of the previous forget gate and the
input gate.

ð2Þ

ð3Þ

ð4Þ

(3) The output gate ot decides how much information will be transferred into the next cell.

ð5Þ

ð6Þ

where W denotes weight matrices, b denotes biases, � is the logistic function.
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The original signal is fed into the information directly into the Bi-LSTM network through the input layer.

The sample signal is calculated by the forward LSTM to get a value, and the reverse LSTM calculation

obtains a value. The value of the incoming hidden layer is determined by those two values. The formulas are as

follows:

ð7Þ

ð8Þ

ð9Þ

wherew represents the hidden layer parameters,Xt represents input value,~ht and ht represent the output of the
two LSTM layer at time t,~b denotes bias, and Yt represents the output value.
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