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ABSTRACT

Behavior of different types of English learners tends to follow different patterns and characteristics,
and the analysis of behavioral data is one of the directions for improving English learning and teaching.
This study designs a set of behavioral analysis methods based on machine learning for English teaching
and learners. The learners' behaviors are firstly operated with feature extraction and quantification,
and the behavioral data are clustered by using the systematic clustering method (HCM) to improve the
SOM model. 1DCNN is used to process the learning time-series data and enhance the data mining and
performance prediction ability by BiLSTM and attention mechanism, respectively. This paper
distinguishes five categories of English learners, such as excellent, diligent, average, procrastinating
and negative, and filters out the factors that are highly correlated with English performance, such as
the download of learning resources and the number of times of teaching viewing. Comparison
experiments show that the ACC of this paper's achievement prediction model = 0.53, which is better
than other comparison methods. Therefore, the idea of this paper based on machine learning methods
to analyze the behavior of English teaching and learners has feasibility.

Keywords: 1DCNN, BiLSTM, attention mechanism, machine learning, HCM-SOM, behavior analysis

1. Introduction

Learned behavior, broadly speaking, refers to the behaviors that animals acquire through life
experience and learning due to genetic reasons and also through the influence of the environment in
which they live [1-2]. And in psychology, learning behavior is described as “the activities produced by
an organism under the influence of various internal and external stimuli” [3]. At present, the study of
learning behavior analysis is a hot topic in English teaching, especially in the context of the current
teaching reform, the analysis of learning behavior is crucial for the reform of English digital teaching.
However, learning behavior as an abstract concept, it is difficult for teachers to clearly use it as a
criterion to guide students, and how to apply the results of the study of learning behavior in teaching
has been the focus of research [4-6].
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As a multidisciplinary cross-discipline, machine learning is mainly through the implementation of
classifiers on existing big data, or algorithm training to achieve self-improvement, so that the decision
function to find out, so as to predict the unknown samples more accurately and quickly, and slowly
realize the goal of replacing manual work by it [7-10]. Machine learning techniques that are capable
of storing and processing huge amounts of data are valuable resources and useful tools that mark
another revolution in technology and can enhance the decision making, insight and discovery of the
user [11-14]. With the help of machine learning technology, students' learning status and results in a
certain period of time are faithfully reflected, thus helping English educators to implement more
effective work under the premise of following the laws of student development and learning,
implementing personalized parenting work, and achieving the goal of comprehensive and holistic
development of students [15-19]. In addition, machine learning technology can also lay a solid
foundation for the further improvement of the level of work of educational managers, and give
students an important impact on the current and future learning and growth process [20-22].

In recent years, there have been scholars and related institutions to study students' learning
behaviors and propose some effective mining and analysis methods. Literature [23] discusses the role
of cluster analysis statistical methods in the field of education, takes the student samples administered
by open-ended questionnaires as the research object, and proposes an unsupervised classification
method of student behaviors, which classifies students with common characteristics into the same
group, and provides support for the subsequent educational planning. Literature [24] uses cluster
analysis technology to classify student behavior data in online English courses, and by extracting
keywords of behavioral patterns in different learning scenarios and combining them with expert
analysis, it provides insights into the classroom learning behavior management model in virtual
learning environments. Literature [25] proposes an unsupervised integrated clustering framework to
extract features from student behavior data from both statistical and entropy perspectives, and
combines density-based spatial clustering with noise and k-means algorithms to summarize
behavioral patterns from behavioral features, which provides data support for educational
administrators to carry out services. Literature [26] shows that the educational process is an activity
that matches actual student behaviors with classroom-designed behaviors, and proposes a profile-
based clustering evolution analysis in which students can change their own learning behaviors by
observing migration patterns between behavioral categories, which is of practical value in curriculum
development as well as student assessment. Literature [27] input students' behavioral data into the
adaptive K-means algorithm, which can obtain common features related to students' learning from the
clustering results, providing a basis for the optimization of the teaching management mode and the
improvement of students' learning ability. Literature [28] combines three-layer feed-forward neural
network and proportional conjugate gradient algorithm to construct a student learning behavior
feature extraction model, and conducts correlation analysis between students' online learning
behavior features and course grades, which helps teachers to understand the real-time learning status
of the students, and gives timely help to students with learning difficulties. Literature [29] pointed out
that the learning style analysis method in the form of questionnaire survey is less accurate due to the
lack of students' preference awareness, and proposed the online learning style recognition method of
Felder and Silverman model, which was experimentally shown to have high performance in the
automatic detection and prediction of students' learning styles. Literature [30] analyzed the
application of tree-based models and different types of neural networks in the field of educational
analytics, and the emergence of virtual classrooms provides massive student behavioral data for
machine learning models, which helps to improve the quality of teaching and learning by constructing
a performance model to find the key factors affecting students' learning performance. Literature [31]
analyzes student behavior data by means of K-means clustering algorithm and Spearman correlation
analysis technique, which helps to understand the situational state of students in the teaching process
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in order to develop an online learning system suitable for the characteristics of students, and achieves
a better learning effect in teaching activities.

In order to model and analyze the behavior of English learners, this paper firstly extracts and
quantitatively represents the features of English learning behavior. The HCM-SOM model is proposed,
and the results obtained from SOM are merged using the systematic clustering method to improve the
clustering quality of behavioral features. According to the clustering results, based on the machine
learning method, a predictive analysis model of students' English performance is proposed on the
basis of acquiring students' time-series behavioral data. One-dimensional CNN is used to improve the
efficiency of time-series data processing, and then BiLSTM is used to enhance the backward and
forward data correlation mining ability of the model, and the attention mechanism is used to screen
out the effective and significant behavioral features to improve the accuracy of performance prediction.
Examples of learner behavioral clustering are presented to test the behavioral features that affect
English performance, and finally the performance prediction effect of this model is validated.

2. Feature Extraction and Correlation Analysis of English Learning Behavior
2.1. Extraction and Quantification of Learning Behavioral Features

2.1.1. Learning behavior feature extraction. According to the theory of behavioral science, learners
use online English learning platforms for learning out of their own needs, and behavioral science
focuses on observable and measurable episodic behavioral activities. In the process of online English
learning, learners' operations can be observed and quantified, so the behavioral analysis of online
English learning takes online operations as a breakthrough, and researches them by observing,
describing and refining learners' learning operations.

Learners learning English online on the learning platform produce a series of different behaviors,
which lead to different learning effects, in which the subject of the behavior, the object of the behavior,
the behavioral environment, and the results of the behavior have universality, but the behavioral tools
and means and the behavioral process adopted by each learner have uniqueness. Therefore, according
to the behavioral tools and means and the behavioral process in the six elements, online English
learning behaviors are divided into five categories: course access, video viewing, homework
performance, usual performance and interaction. A total of 15 features were extracted based on
theories such as behavioral science and behaviorist psychology, as shown in Table 1.
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Table 1. Characteristics of English learning behavior

Feature category Behavior characteristics
1 Check-in rate

2 Active days

Course access )
3 Access duration

4 Learning resources download

5 Video watching frequency

6 Repeat watching frequency

Video viewin
& 7 Video watching speed

8 Viewing duration

9 Assignment submission

Assignment performance 10 Assignment repetition

11 Assignment submission moment
12 Post depth
13 The length of the post content

Interaction

14 Assignment score

Daily performance

15 Chapter test results

2.1.2. Quantifying Learning Behavioral Characteristics. The sign-in rate in the course access
situation can reflect the most basic learning situation of the learners:

k
Zmz«j

4 = J=1 i=12,..5j=12,.k) (1)

Z ny;

J=1

Where 4, is the attendance rate of the ind student, m; is the number of times the ith student
attended for the /th time, let n; be the number of times the ith student was not absent for the J
th time, & is the total number of times the teacher took attendance, and s is the total number of
students, and the learner who has reached 80% of the sign-in rate is recorded as 1, and those who
have not reached it are recorded as 0.

The number of active days can reflect whether the learner is logging in to the course or not. In
general, the number of days that the course lasts is the number of days that the learner should be
online and active, which is set to ¢, and the plural of ¢, is taken as the threshold value. The actual
number of days the learner is active is recorded as 4, and if @, 2 a, the expression is:

High activity A>a,
Active days = { Medium Activity a<A4<aq, (2)

Low activity A<a

If a,<a,then the expression is:

High activity A>a
Active days = { Medium Activity a,<A<a (3)
Low activity A<a,

The length of visit reflects the extent to which the learner has studied the course and mastered the
learning objectives. The median was used as the threshold, with visits greater than the median
considered long, those equal to the median considered medium, and those less than the median
considered short.
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The number of downloads of learning resources reflects learners' consolidation of classroom
content as well as their learning conscientiousness. The number of downloads is sorted from low to
high, and the median is taken as the threshold, which indicates a medium level of the number of
downloads of learning resources, and will not be affected by the extremely large and extremely small
values. For the number of downloads, the median is more appropriate. A number of downloads greater
than or equal to the median is labeled as “many downloads”, while a number less than the median is
labeled as “few downloads”. Considering that most learners may not like to post back, the number of
course updates is 7 as the standard value, and the number greater than or equal to ” is regarded
as a high level of attention to the forum and is labeled as 1, otherwise it is labeled as 0.

In the video viewing situation, the viewing frequency can reflect the learner's learning commitment,
in general, the total number of videos is taken as the minimum number of times the learner should
watch, setto ¢, take all the learners to watch the frequency of the plural £, if there are more than one
plural, the median is used as a candidate for the threshold is set to 70'. The learner's actual viewing
frequency is recorded as T, if ¢, 2¢, the expression is:

Many T>t,
Viewing frequency = Normal ¢<7 <¢, (4)
Less T<t
If ¢, <t,the expression is:
Many T>t
Viewing frequency = Normal ¢, <7 <t (5)

Less T<t,

The threshold for repeat viewing frequency is the plural. Taking the multitude can exclude the
number of repetitions caused by learners clicking on the video randomly or by mistake, and better
reflect the concentrated trend of learners' repeated viewing. Repeat frequency greater than the
threshold is recognized as multiple repetitions, equal to the threshold is recognized as normal
repetitions, and less than the threshold is recognized as fewer repetitions.

Watching time can reflect the learner's mastery of the course, set the total length of the video as |/,
that is, the length of time the learner should watch, take the plural /;, the actual length of time the
learner watches is L, if [, 2/, the expression is:

Long L>1,
Viewing duration =< Normal /<L </, (6)
Short L<l
If [, <[, the expression is:
Long L=,
Viewing duration =< Normal [, <L </ (7)
Short L<lI,

In assignment performance, the threshold of whether the assignment is submitted or not is recorded
as ™m,and ™ indicates the number of assignments assigned by the teacher, i.e., the number of
assignments that the learner should complete. The number of times a learner submits an assignment
that reaches the threshold, i.e., every assignment is completed and submitted, will be recorded as
excellent, those that reach 70% of the threshold will be recorded as average, and the rest will be
recorded as failing.
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Assignments can be submitted repeatedly on the online learning platform, and the reasons for
repeated submissions include errors in assignments that need to be revised and submitted again,
improvement of previous assignments, errors in submission of assignments, and submission of
assignments in response to a new request from the instructor. There are negative factors such as
learners' sloppiness, lack of seriousness, plagiarized assignments, etc., and it is difficult to distinguish
the specific reasons, so the feature threshold of whether the assignment is repeated is set to 1, and if
the learner has repeatedly submitted the assignment, it will be recorded as 1, otherwise it will be
recorded as 0.

Assignment submission time can reflect the learner's self-efficacy, set the assignment submission
period for d day, take the middle value of d days d' (such as d =10, then d'=5, rounded up
when there is a remainder), the assighment submission time ascending order, the learner's assignment
submission time is recorded as Job, due to the online learning platform learner's learning time is
different, so take the median of Job,,,if Job ,, <d', the expression is:

Positivity Job < Job,,
Job submit time =4 Normal Job , <Job<d (8)
Not active Job>d'

If Jobb,, >d', then the expression is:

Positivity Job<d'
Job submit time =4 Normal d'<Job < Job (9)
Not active ~ Job > Job,,

In usual performance, chapter test grades are scored out of 100, with a score greater than or equal
to 90 being excellent, average in the [80, 89] range, passing in the [60, 79] range, and failing in the less
than 60 range. Assuming that there is a total of * chapter chapter quiz, the plurality of each chapter
quiz grade is taken to determine the overall chapter quiz grade.

Assignment results can indicate the learner's attitude toward the course, set the total number of
assignments for v, the teacher of the learner's homework submitted for assessment, the assessment
grade is divided into “good and bad”, if the percentage system, is greater than or equal to 80 for
excellent, [60, 79] interval for good, less than 60 for poor, take the plural of all the assignment grades
The overall assignment grade for the learner is taken, and if the grades are exactly evenly divided or
there are multiple plurals, the assignment grade is recorded as good.

In the interactive case, the total post content length threshold is the median of the post content
contribution rate, and the post content contribution rate formula is as follows:

C, :L(izl,z,...,m;j =1,2,...n)

i n

S (10)

where C; is the contribution rate of the words of the Jrd post of the ind student to the total
individual posts, and f; is the number of words of the Jth post of the ith student.

The post depth threshold is the median post count contribution rate, and the post count
contribution rate is calculated as follows:

>
C=-""r—o
PAOIA!

=l j=1

(=1,2,0sm;j =1,2,...,7) (11)



CONSTRUCTION OF A MACHINE LEARNING-BASED MODEL FOR 3913

where C,; isthe contribution of the number of posts or replies of the ind student to the total number
of posts or replies of all students, f,, is the number of Jth posts of the ith student, m is the
number of students, and 7 is the number of posts.

2.2. Behavioral features HCM-SOM clustering

The SOM model used in this paper, i.e., self-organizing mapping model, is a kind of neural network
model, which can be used as data dimensionality reduction and clustering [32]. The data-processed
student behavioral descriptors are input into the input layer of the SOM model, and the steps of the
algorithm are shown below.

Step 1 Initialize the network. Initialize the network weights: the number of neurons in the input
layer, the number of neurons in the output layer 7%/ and the maximum number of cycles 7.

Step 2 Input training samples and normalize vectors. X is the input vector, which is calculated as
follows:

T

X
X, X, (12)

||X||: . ) RN = :
ij X;
= =

Calculate the distance d_/ from the competing layer neuron J:

X =

m

d = > (x,-w) (13)
i=1
Step 3 Calculate the distance between the input vectors and the neuron to find the winning neuron
¢. The distance is smaller when the area of the points between the vectors is maximized, as shown in
the following formula:

| X =W, |=min ., . {IX-W,} (14)
| X =1, |I=y20 -] X) (15)
VAV‘]]:)A( = mane{l,Z,“.,m} (W]TX) (16)

Step 4 The network outputs and adjusts the weight coefficients of the winning neuron ¢ with its
domain, 77 for the learning rate, ¢ for the iteration period, and continues the training process if 77
does not decay to zero:

W, (t+D) =Wt +n(X,—W,) (17)

Systematic clustering method (HCM), is a kind of hierarchical clustering method, which is used in
this paper to optimize the SOM model, and the main idea is to use systematic clustering to merge
classes of the results obtained from the SOM, and to validate the clustering results so as to improve the
quality of the clustering [33]. The specific steps of the process of HCM-SOM are shown in Fig. 1.
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Example Initialize the SOM
network

|

Normalized input vector

The distance between the
new class and other classes
is calculated, and a new
distance matrix Di is
obtained, and the total
number of classes is K

Y

T

The pedigree cluster
diagram is obtained

l The distance matrix D
between samples is
Calculate the distance d calculated, and the class A
from the input vector to the [€— with small spacing is Determine the classification
competing layer neurons merged into a new class result
f
l The weights of activated
The winning neurons were neurons were extracted and A
selected and the weights of used as the input of Combine the results with
the neighboring neurons systematic clustering the raw data of SOM
were adjusted method winning neurons
N ‘Whether the most

entered cycle number

Fig. 1. Flowchart of SOM improved by system clustering method

2.3. Correlation analysis

Correlation analysis is a method used to analyze two or more correlated variables to determine the
strength of the relationship between the variables and to determine the strength of the correlation
between two variable factors. The Pearson correlation test in correlation analysis used in this study is
explained.

Let the distribution function of the binary aggregate (X,Y) be the variances of F(X,Y) are
var(X) and var(Y), respectively, the overall covariance is cov(X,Y), and the overall correlation
coefficient is defined as:

_ cov(XY)
P \/var(X) -\/var(Y)

(18)

Let (X,.Y),(X,.},),...(X,.Y,) be an independent sample selected from each of the binary
aggregates (X,Y).The correlation coefficient of the samples can be calculated:

r =—S)2(Y
bt \/g\/g (19)

where S)z( and Sf are the variances of samples X and Y, respectively, and S;Y is the covariance
of sample XY.Inthe usual case, ¥y, computed from the samples is not zero, even when the random
variables X,Y areindependent. Therefore when pyy =0, itis not practically meaningful to use 7y

to measure the correlation of X,Y, so hypothesis testing is needed:
H,: =0

0+ Pxy (20)

H :pw#0

It can be shown that the statistic when (X,Y) isabinary normal totality and when H, is true:

¢ =lar

2
I-ry,

ryNn-2 (21)
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obeys a ’-distribution with degree of freedom n—-2.

The correlation of the data X,Y can be tested by utilizing the property that the statistic ¢ obeys
a t distribution with n—2 degrees of freedom. Since the correlation coefficient 7y, is known as the
Pearson correlation coefficient, the test is also known as the Pearson correlation test.

3. English performance analysis model based on CNN-BiLSTM-Attention

According to the different types of learning behaviors, they were counted separately, thus obtaining
the overall student-learning behavior data. Separately, the student's behavioral data was partitioned
into behavioral data according to weekly time units. From this, the student's time-series data was
obtained and the model labeled values were academic final grade V, »€10,1,2,3}, 0 means that this
student dropped the course, 1 means that this student did not drop but did not pass the course in the
end, 2 means that this student passed the course, and 3 means that this student ended up with a good
grade.

3.1. Model for predictive analysis of English performance

The purpose of the machine learning based learning method investigated in this paper is to be able to
be by the students' learning behaviors and to obtain potential behavioral features that can predict
students' academic performance. Different from the existing methods for predicting students'
performance, this study argues that we get the cumulative click data in weekly units, thus obtaining
the students' time-series behavioral data, and proposes a new model for predicting students'
performance CNN-BiLSTM-Attention The model consists of three important components: 1D-CNN,
BiLSTM, and Attention. the existing studies have shown that 1D-CNN has strong ability in feature
extraction in time-series data processing, and the introduction of CNN can enhance the prediction
ability of the whole model.BiLSTM has the function of forward and backward data relevance
mining.BiLSTM network is introduced to mine the temporal and periodic features embedded in the
data. It is based on the principle of giving different levels of attention to different features, i.e., using
different weights to increase or decrease the importance of features to the overall data. The workflow
of the model is shown in Figure 2.

FW
— — — [
L OO0

Forecast
result

-

— —

i Ii
Data set CNN BilSTM Attention Fully

mechanism  connected layer

Fig. 2. Model frame

In this model. First, a lightweight 1D-CNN structure is used, which can significantly reduce the
network complexity. Each 1D-CNN network processes only one week of temporal behavioral
information. This approach enhances the predictive power of the model while ensuring a concise
network structure. The study categorized the overall behavioral data of the students on a weekly basis
into 32 weeks of behavioral data. Then the 32 weeks of behavioral data were fed into 32 1D-CNN
networks in parallel, from which high-dimensional features of the behavioral data were obtained, and
then 1D-CNN outputs were accessed in a BiLSTM network, which obtained weekly time-series
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behavioral correlation features, and finally, the BiLSTM network output attention mechanism as well
as the fully connected layer were processed to obtain the final results.

3.2. Convolutional neural network feature extraction

Convolutional Neural Networks (CNNs) are a special class of artificial neural networks that are
different from other models of neural networks in that they are mainly characterized by convolutional
arithmetic operations. So CNNs have outstanding performance in many areas of applications,
especially image related tasks such as, image classification etc., semantic segmentation of images,
image retrieval etc., object detection and other computer vision problems. CNNs have a pivotal role in
the field of computer vision and CNNs can also be applied to time series. The difference is that the
convolutional kernel applied to an image is two dimensional and the convolutional kernel applied to a
time series has one dimensional properties, i.e., a one-dimensional convolutional neural network,
referred to as a 1D-CNN [34]. The CNN performs convolutional operations and pooling operations on
the input data to capture implicit features. Then the extracted features are integrated and sent to the
fully connected layer. Finally a partial activation function is used to introduce nonlinear output in the
neuron.

Convolutional layers are an important part of CNN. Each convolutional layer has a number of
convolutional kernels that are convolved to the input information to capture the hidden features and
form the feature map. The feature map is used by a nonlinear activation function to produce an output
at the convolutional layer. The convolutional layer can be expressed as:

m, = f(w *x,+b,) (22)

Inside the formula w, denotes a weight matrix, * denotes dot product operation, 5 denotes a
bias vector, f denotes an activation function, there is more than one CNN activation function,
generally ReLU function is used as an activation function, 7; is a feature map. Mathematically ReLU
is defined as:

m, = f(k;) =max(0,k,) (23)

Inside the formula % is the element of the feature map in the convolution operation.

Pooling operations have the effect of reducing the dimensionality of the feature map, avoiding
overfitting, and so on. Among them, maximum pooling is the most common. By calculating the
maximum value in a prescribed region on the feature map based on the equation:

p(m;,m;_,) = max(m,m,_) (24)
¢ = /’l(mi’mi—l)+77i (25)

Inside the formula # is the sampling function in the pooling layer. 7 is the offset, and ¢ is the
pooling layer output. Finally the features obtained by convolution and pooling operations are
transferred to the fully connected layer and then the final output vector is computed.

vi=fve+4) (26)

In the formula »; denotes the final output vector, 4 is the offsetand Vv, is the weight matrix.

3.3. BILSTM network

LSTM is a kind of RNN.LSTM is well suited for temporal data modeling due to its design characteristics,
such as BiLSTM, which consists of a combination of forward LSTM and backward LSTM.Each LSTM cell
has a total of three gating structures, namely, forgetting gate and output gate.

Each LSTM cell has a forgetting gate, input gate and output gate a total of 3 gating structures. each
gating structure of the LSTM cell, the output of the hidden layer, the transfer process of the cell state,
for example, formula (27) to formula (32) [35]:
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Inside the forgetting gate Eq:

So=oW,[h_,x]+b,) (27)

Enter the formula inside the door:
i, =c(W, [h_,x]+b) (28)
¢, =tanh (W, -[h,_,,x,]+b.) (29)
C=1Ci+i*e (30)

Output gate inside formula:

o,=c(Wy[h,_,x,1+b,) (31)
h, = o, *tanh(C,) (32)

where X denotes the input timing data. f,,i,0, denotes the outputs of the forgetting, input and
output gates, respectively. W,,W,,W, is the weight matrix of the three gates, and b;.5,b. is the
corresponding three bias cells. o is the sigmoid function. tanh is the hyperbolic tangent function. *
denotes the inner product operation. ¢, denotes the candidate vectors created through the tanh layer,
w,,b, corresponds to the weight matrix and bias cells of that layer, respectively. C, is the cell state.
h, denotes the hidden state.

However, LSTM only feeds the information in the forward sequence into the neural network for
prediction, and it is difficult to perceive the backward content of the data during the training of the
model. The emergence of Bidirectional Long Short-Term Memory Network (BiLSTM) technique solves
the problem of insufficient attention to backward information. By bi-directional, it means, there are
forward LSTM units, backward LSTM modules set up within the said BiLSTM, each LSTM unit conforms
to the construction of the LSTM as described above and the two units of forward and backward shift
are independent of each other.

3.4. Attention mechanisms

Attention mechanism is like the visual processing module of human eye, human eye will notice the
more interested images in the picture when viewing the picture, attention mechanism emphasizes the
significance of these features on the prediction result by giving higher weight value to the important
features. Attention mechanism has good predictive effect on machine learning and better processing
for text categorization and language recognition. The Attention Mechanism module encodes a small
number of features with good results, and when predicting grades in this study, the Attention
Mechanism module tightens the core features and gives a greater proportion of important features to
improve the prediction accuracy.

The Attention Mechanism utilizes the input feature values to help the model filter out valid and
significant features. To filter out important features, the attention module combines the attention
score module with the attention focus module to filter out significant features. For the hidden layer
state of the neural network, different weight vectors are assigned to the features based on their
influence on the final prediction results. In this study, important student behavioral features were
given more weight based on the effect of different student time-series behavioral data on performance
prediction.

The input to the Attention layer is the hidden layer state # computed by the BiLSTM layer, m,
represents the value of the probability distribution of attention determined by 4, & is the value of
the attention weights, and the output of the Attention layer at the moment of ¢ is s, as specified in

Eq:
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m, =s,,xh, (33)
exp(m,)
: 7 34
= exp(m)) (34)
5, =Y ak (35)
i=1

The fully connected layer is chosen as the output layer and sigmoid is chosen as the activation
function to output the predicted value of the score at the 7+1st moment, denoted as ¥, which can be
expressed as:

y' = sigmoid(w, +b) (36)

Where: @ isthe weight matrix. b is the bias.
4. Analysis and Prediction Results of English Learning Behavior

4.1. Cluster Analysis of Learning Behavioral Characteristics

In this study, the behavioral data of 100 students from a university's business school were collected
from March to June 2023, totaling more than 500,000 records of online English learning behaviors on
the SuperStar Learning Channel platform, and the students' personal information was encrypted.

4.1.1. Descriptive statistics of clustering results. In order to mine and analyze students' online
English learning behavioral features, this study uses the proposed HCM-SOM clustering algorithm to
cluster and analyze 15 behavioral features after the above feature selection. Five clusters are obtained,
and the results of some behavioral features are shown in Table 2, and Figure 3 shows the statistics of
clustering results.

The clustering results of 100 students are in five categories, and the number of cluster 5 has the
highest percentage (42%). Observing the data characteristics of different clusters, it is found that
Cluster 4 students have the most active days and Cluster 2 students have the least active days, and the
more active days indicate that students are more active in online English learning. Cluster 5 students'
behavioral characteristic values of the number of instructional video viewings, video playback
multiplier speed, and video viewing duration are better than other students, indicating that Cluster 5
students are more active in completing the video task and use their class time to complete the video
task. On the other hand, all behavioral eigenvalues of Cluster 2 students, except for the eigenvalue of
completing daily performance, were lower than those of other students, indicating that Cluster 2
students were less active in all online English learning behaviors, and needed to be improved through
personalized advice to ultimately improve their learning outcomes.
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Table 2. Partial behavior characteristics result

Video Assignment
L . ) . Chapter
Grade Sign-in rate Active days watching submission
test results
frequency moment
B 1 High Many Positive Excellent
A 1 High Many Positive Excellent
C 1 Medium Normal Average Normal
B 1 Medium Many Positive Excellent
A 1 High Many Positive Excellent
D 1 Low Few Passive Failed
D 0 Low Few Passive Passed
I Cluster!
I Cluster2
. . I Cluster3
.5 ° 15% Cluster4
7% Cluster5

31%

42%

Fig. 3. Clustering results

4.1.2. Visualization of Learner Behavioral Characteristics. In order to better analyze the learning
effects of students in different clusters, this paper presents the learning effects, and Figure 4 shows
the analysis of the learning effects of each cluster. It can be seen that the upper limit, average value and
lower limit of the learning effect of each cluster are decreasing in the order of Cluster 4, Cluster 5,
Cluster 3, Cluster 1 and Cluster 2. Therefore, the online English learning groups in this paper are
categorized into the following five types: excellent students (Cluster 4), diligent students (Cluster 5),
average students (Cluster 3), procrastinating students (Cluster 1), and negative students (Cluster 2).
1) The excellent type of students accounted for 15% of the total number of students and their learning
outcomes were higher than the other types. The values of several behavioral characteristics of this
type of students are higher than those of other types, which shows that the online English learning
behaviors of excellent type students are positive and active. Excellent students have good self-
discipline, can actively and positively complete various course learning tasks, and obtain excellent
learning results through their own efforts in learning. For the excellent type students, the network
learning resources should be enriched, the depth of learning should be broadened, and the students
should be guided to a wider and deeper level of development.

2) The learning effect of diligent students is only lower than that of excellent students, and several
behavioral characteristics are also better. It can be seen that diligent students can make full use of the
learning resources on the Internet and actively participate in online English learning, so as to obtain
better learning effect. For diligent students, they should strengthen pre-study before class and review
after class, make full use of the time to study in class to increase their knowledge reserve, and actively
participate in teacher-student interactions to accumulate learning experience so as to improve their
academic performance.
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3) Students of the average type have moderate learning effects and perform well in many online
English learning behaviors. The behavioral characteristics of this type of students, such as
participation in discussions, number of active days, and video completion rate, are lower than those of
diligent students, which indicates that average students have poor learning initiative, are not strongly
motivated, and lack communication with teachers and classmates. For general type students, they
should improve their independent learning by actively participating in group collaborative learning,
teacher supervision and homework counseling to enhance their interest in learning, improve their
learning ability, and then improve their learning effect.

4) The learning effect of procrastinating students is slightly higher than that of negative students, and
the value of learning behavior characteristics is in the middle. For procrastinating students, they
should be reminded in time to complete the course learning tasks, rationalize the study time, and
improve the learning enthusiasm and initiative, enhance the independent learning ability, and
strengthen the learning of basic knowledge related to the course. Teachers should encourage this type
of students to actively participate in the study of display courses, avoid delay in completing learning
tasks as much as possible, and improve their academic performance to some extent.

5) The number of negative students is small, only 5% of students. Such students have poor learning
results, rank last in quiz scores, hardly participate in discussions, and have far fewer active days and
check-in rates than other students. For negative students, they can improve their learning motivation
through self-motivation, make personalized learning plans, optimize the learning level of
advantageous subjects, improve the learning ability of disadvantageous subjects, and strengthen
communication with teachers and students, improve learning initiative, complete learning tasks by
heart, and gradually improve their learning performance and complete their studies successfully.

I Clusterl

100 - [l Cluster2
I Cluster3

] Cluster4

80 - Cluster5

Yo el
}_q

Study effect

60 -
- zé
40 - i
20 -
0_ T T T T T

Clusterl Cluster2 Cluster3 Cluster4 Cluster5
Cluster

Fig. 4. Analysis of the learning effects of various clusters
4.2. English performance correlation analysis

4.2.1. Analysis of Factors Affecting English Achievement. English learning achievement is an
important content of teaching concern, in order to more intuitively analyze the factors affecting
achievement, this paper selects a few more typical characteristic attributes as analytical references:
cumulative video viewing time, cumulative number of video viewing times, video viewing progress,
and number of course interactions. In order to explore the relationship between the above four
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variables and grades, scatter plots of each variable and grades are drawn, and the relationship between
the four variables and grades are shown in Fig. 5(a)~(d), respectively.
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Fig. 5. Scatter diagram of variable and grade

The descriptive statistics of the four characteristics of cumulative video viewing hours, cumulative
video viewing times, video viewing progress and number of course interactions are shown in Table 3.
It can be seen that the distribution of students' video viewing hours is more centralized, with some
fluctuations of a smaller magnitude. The number of video viewing times fluctuates to a greater extent,
with a distribution from 100 to 550. Learning progress of a majority of students have completed the
progress requirements, there are a small number of students did not finish watching the course, which
is distributed more dispersed. The number of course interactions was mostly zero except for a few
values, which means that student activity in the forums during the course was low, and most students
did not ask or answer questions in the forums.

Table 3. Descriptive statistics of various indicators

N Minimum Maximum Mean Se. Sd.
Interaction frequency 100 0.0 10.0 0.062 0.0381 0.6212
Video viewing schedule 100 0.48 1.00 0.9846 0.00389 0.06798
Video viewing duration 100 38358 182721 80358.37 645.397 11091.736
Video viewing frequency 100 102 548 237.39 3.352 56.338
Course evaluation 100 32.2548 100 86.338 0.7388 12.4821

4.2.2. Visualization of the correlation coefficient matrix. The degree of linear correlation between
each learning behavior characteristic and achievement is analyzed through correlation coefficient
matrix analysis and heat map visualization, and the heat map of correlation analysis is shown in Figure
6.

From the figure, it is found that check-in rate, active days, login duration, learning resources
download, and viewing times are highly correlated with English grades. Video multiplier, video
viewing duration, homework submission, homework repetition, homework submission time, chapter
test scores, post length and depth are moderately correlated with English achievement. Whereas, the
number of video repetitions and posting length had low correlation with English achievement.
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Fig. 6. Correlation analysis heat diagram

4.3. Experimental analysis of machine learning models

Table 4 shows the experimental results of machine learning algorithms. By studying the prediction of
users' online English learning effect, this paper analyzes the prediction effect of the multi-classification
model with the value of [0,10] in the machine learning model, and compares the prediction effect of
the CNN-BiLSTM-Attention machine learning model, which has a good effect in the performance and
prediction of online English learning effect. In the model construction of machine learning, CNN-
BiLSTM-Attention can effectively classify the learning effect of users according to the relevant features
of online English learning, so as to improve the prediction effect of users' online English learning,
through the comparison of the effect in the model found that the CNN-BiLSTM-Attention has been
improved in terms of the accuracy rate to reach 0.53. At the same time, in the calculation of Deviate,
CNN-BiLSTM-Attention also shows better model effect, CNN-BiLSTM-Attention effectiveness
prediction discrete, indicating that in the prediction process of the model, the online English learning
effectiveness prediction data has better convergence in data deviation, so CNN-BiLSTM-Attention
model is suitable to be used for the analysis of online English learning behaviors. English learning
behavior analysis.

Table 4. The experimental results of the deep learning model algorithm

ACC Pre Recall F1 MCC Deviate MeanAE EVS
RNN 0.050 0.013 0.114 0.011 -0.103 13.959 3.404 -0.532
GRU 0.286 0.046 0.167 0.086 0.000 5.539 1.712 -0.015
LSTM 0.075 0.007 0.160 0.022 0.004 2.723 1.498 0.014
FCN 0.119 0.015 0.171 0.038 -0.003 4.322 1.826 -0.016
ResNet 0.260 0.095 0.219 0.110 0.099 3.632 1.498 -0.248
ResCNN 0.068 0.042 0.187 0.029 0.003 2.803 1.519 -0.024
TCN 0.079 0.020 0.171 0.024 0.003 2.740 1.504 -0.002
XceptionTime 0.140 0.197 0.167 0.042 0.036 4.325 1.827 0.016
0S-CNN 0.055 0.010 0.167 0.006 -0.006 13.456 3.296 -0.006
LSTM-FCN 0.295 0.039 0.166 0.089 -0.004 5.546 1.708 0.002
CNN-BILSTM-Attention 0.530 0.132 0.170 0.150 0.166 2.762 0.987 -0.120
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5. Conclusion

In this paper, English learning behavior features are extracted, quantified and clustered to operate, and
an English performance prediction model is proposed to predict English performance based on
learning behaviors. Using an online learning platform to collect English learning behavior data, 15
behavioral features were selected for clustering to distinguish students of excellent, diligent, average,
procrastinating and negative types, and to propose corresponding learning suggestions. The Pearson
correlation coefficients (PCCs) between the behavioral features were calculated, and it was found that
the number of active days, login hours, learning resources downloads, and the number of viewings
were highly correlated with English performance. The ACC value of the achievement prediction model
in this paperis 0.53, which is higher than that of other models and shows good prediction performance.
Overall, this study completes the analysis of learner behavior based on machine learning and lays the
foundation for improving English teaching.
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