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ABSTRACT

Machine learning-based learning analytics can fully use the learner learning behavior interaction data
recorded by online English teaching systems, providing support for observing students' learning process
from the perspective of learning behavior. In this paper, we construct a framework for recognizing college
students' English learning behavior patterns, propose an SGT-based feature extraction algorithm for
learning sequences, and use Gaussian mixture models to identify the extracted learning characteristic
sequences. Subsequently, a K-means clustering algorithm is used for sequence clustering and lag sequence
analysis. At the same time, the English personalized teaching method is designed by combining the
proposed personalized knowledge point recommendation method of multi-knowledge fusion in-depth
knowledge tracking and group feature collaborative filtering. The results show that college students'
English learning behaviors are classified as active, passive, and passive, and the behavioral sequences of
students in different modes are differentiated, in which the sequence residual value of active learners is
greater than 1.96. There is a significant difference between the personalized teaching mode and the
ordinary teaching mode in terms of the learning mode and the learning eftect (P<0.05), and it can achieve
a better English teaching effect.

Keywords: SGT; learning sequence feature extraction; Gaussian mixture model; deep knowledge tracking;
personalized teaching

1. Introduction

Nowadays, college students' English learning is no longer simply mastering basic language skills, but
involves the cultivation of interdisciplinary knowledge, cross-cultural communication and comprehensive
ability. Understanding and analyzing the data of college students' English learning behavior can provide
a reference for realizing personalized teaching and improving students' learning effect.
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Machine learning is based on one or more algorithmic models, and on the basis of massive data, through
continuous training and optimization of parameters, the model can fit the complex relationships in various
scenarios, so that the machine can be endowed with human intelligence [ 1-37. Under the background of
“Internet+”, the wide application of mobile communication technology in the field of learning and education
has become a general trend, and the massive label data accumulated by online education over a long period
of time creates the possibility of realizing personalized teaching [4-57]. The data of college students'
English learning time, the use of learning resources, and the choice of learning methods not only reflect
the students' learning dynamics, but also provide a strong basis for the improvement of educational
methods [6-77. The application of machine learning technology in the field of education can collect and
analyze students' learning record data, form a personalized learning portrait containing knowledge level,
learning context, learning behavior and other characteristics, provide educators with effective feedback on
students' learning, and customize high-quality and high-efficiency teaching strategies on this basis [8-117.
The comprehensive implementation of precision teaching provides a realistic path for students'
comprehensive development and personalized development, and has important research significance and
wide application value for promoting educational equity and cultivating innovative talents [ 12-147.

Educational artificial intelligence based on machine learning and other technologies provides
personalized learning for each student and enhances their learning experience by analyzing data,
identifying patterns and performance prediction [[157]. Hussain, M. et al. use machine learning algorithms
to analyze data on students' various behaviors in a digital design course in order to predict their grades,
which helps educators to identify students in need of additional help [167. Peng, H. et al. described a
technology-enabled personalized adaptive learning framework in which educators are able to make timely
adjustments to their teaching strategies based on the collected differences and changes in learners'
individual characteristics, individual performance, and individual development in a smart learning
environment constructed by smart devices and smart technologies [ 177]. Yagcl, M. proposed a machine
learning algorithm-based student academic performance prediction model to analyze undergraduate
students' midterm exam scores and predict students' final exam scores, noting that this data-driven
learning analytics framework helps educators implement instructional decisions [ 187].

Bin, Y. et al. explored the application of artificial intelligence technology in university English assisted
teaching system, taking the automatic grading system for English composition as an example, pointing
out that the integration of information technology and English courses creates an intelligent and
personalized English teaching environment for students [ 197. Li, H. developed an English learning system
under interactive education mode based on the improved fuzzy assisted hierarchical neural network system,
which can significantly improve English learning and teaching performance in an interactive mode
compared with the traditional teaching mode. teaching methods, the system can significantly improve the
efficiency of English classroom teaching [207].

This paper builds the English learning behavior pattern recognition framework from three aspects:
describing the behavior sequence, diagnosing the key events, and predicting the behavior results. The
English learning behavior pattern recognition method for college students will be proposed based on the
combination of the SGT and Gaussian mixture model. After sequence feature extraction, sequence
clustering, and lag sequence analysis, different learning behavior patterns of students in English learning
scenarios are mined. On this basis, a personalized teaching method is established, in which multiple
knowledge points corresponding to exercises are regarded as exercises' features, multi-hot coding is
introduced to represent the relationship between the exercises and the knowledge points, and the
knowledge status of learners with different patterns is modeled. By considering the knowledge level of the
target learners and the nearest neighbor information of the learning modes, similar learners are obtained,
and the collaborative filtering algorithm is used to obtain group learning preferences for knowledge point
recommendation. Finally, the effect of English knowledge tracking and personalized teaching strategy is
verified through relevant examples, which points out a new direction to promote the reform of English
teaching for college students.



MACHINE LEARNING-BASED ENGLISH LEARNING BEHAVIOUR PATTERN RECOGNITION 505

2. Machine Learning Based English Learning Behavior Pattern Recognition for
College Students

2.1.  Learning Behavior Pattern Recognition F'ramework

The study of learning behavioral patterns focuses on mining and extracting learners' operational
behavioral sequences based on identifying and characterizing online learning behavioral patterns and
constructing a prediction model based on typical learning behavioral sequences, which provides a basis for
the learning environment and the prediction of learning performance. This study proposes a three-
dimensional framework for online learning behavioral pattern analysis, including three dimensions:
describing behavioral sequences, diagnosing key events, and predicting behavioral outcomes. The learning
behavior pattern analysis framework is shown in Figure 1. Descriptive analysis characterizes the
composition of learning behavior patterns by identifying behavior sequences and completes the initial
description of the behavior patterns. Diagnostic analysis reveals the relationships and development paths
of the behavior sequences through the key behavior sequences based on the diagnostic analysis, which
reveals the key sequences and the intrinsic mechanism of the online learning process. Predictive analysis
turther takes the identified key behavioral sequences as independent variables to construct a model for
predicting learning outcomes. Learning behavior pattern analysis is interconnected in descriptive,
diagnostic, and predictive analyses, constituting a triangular cycle of interdependence and mutual
promotion, forming a triangular analysis framework of learning behavior patterns.

Describes the S :
Diagnose

sequence of
behaviours key events

Learning to
analyse
patterns of
behaviour

Predict behavioural
outcomes

Fig. 1. Learning behavior pattern analysis framework

2.1.1.  Describing behavioral sequences. The basic unit of learning behavior pattern analysis is behavior
sequence, so identifying and extracting behavior sequence should be the starting point of learning behavior
pattern analysis. Currently commonly used methods such as Lagged Sequence Analysis (LSA), which
statistically counts the probability of occurrence of behavioral sequences and conducts significance tests,
can extract significant behavioral sequences and construct behavioral patterns by combining the sequences.
The extraction and expression of learning behavior sequences identify learner-specific operational
behaviors, explain the behavioral sequence characteristics of a specific group, and analyze the changing law
of learning behavior sequences at different stages.
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2.1.2.  Diagnosis of critical events. In the specific study, the conversion relationships between behavioral
sequences are analyzed by drawing behavioral conversion diagrams, and behavioral sequences with
multiple sequential correlations can be initially defined as critical events. Diagnosing critical events The
study identifies critical events by looking for high-frequency behavioral transition sequences, establishing
the relationship between behavioral sequences and performance, and analyzing the behavioral differences
between high and low-level learning groups. By analyzing and interpreting the critical events and paths
in learning activities, the study helps teachers identify the core aspects of the learning activities, diagnose
the learning process, and analyze the intrinsic factors that contribute to the differences between high and
low performance.

2.1.3.  Predicting behavioral outcomes. The core of predictive learning outcome analysis lies in mining
typical behavioral sequences and improving model prediction accuracy. Due to the contingency and
variability of behavioral sequences in the mining process, it is difficult to establish a stable research path
for predictive research. However, predictive research can provide the basis and support for teaching
stakeholders to carry out accurate teaching interventions, help to teach stakeholders to identify learners at
risk in time and provide the basis for personalized online learning interventions.

2.2.  The Construction of English Learning Behavior Pattern Recognition Model for College Students

2.2.1.  Model for Identifying College Students' English Learning Behavior Patterns. This study takes
the classroom learning behavior video as the data source, uses the cluster analysis method and correlation
analysis method, and takes the data processing process as the analysis framework to design a learning
behavior pattern recognition model based on the classroom performance data and the learning behavior
pattern recognition model based on the classroom performance data is shown in Figure 2. This model
consists of three modules: (1) The learning behavior acquisition module is mainly done through video
equipment in the classroom to obtain classroom learning behavior data. (2) Learning behavior pattern
recognition module, which is the core component of the model. (3) In the behavior results visualization
module, the results presented on the teacher's end include class learning situation analysis and individual
learning situation analysis, as well as visualizing the current class and individual student learning status
through pie charts and histograms. After understanding students' learning status, teachers can adjust their
teaching strategies according to the real-time classroom status and take personalized interventions to
improve the overall efficiency of classroom learning.
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Fig. 2. Learning behavior pattern recognition model for classroom performance data

2.2.2.  Sequential correlation analysis of learning behaviors. Correlation analysis refers to the analysis of
two or more elements of a variable that possess correlation, thereby measuring how closely two variable

elements are related.
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Pearson's correlation coefficient is widely used to measure the correlation between two variables. The
overall correlation coefticient between two variables is defined as the quotient of the covariance over the
standard deviation between the two variables as shown in equation (1), where Ox , Oy represents the
standard deviation of the two variables:

- :cov(X,Y)zE[(X—ﬂx)(Y—ﬂv)] )

Oy Oy Oy Oy

Based on the overall correlation coefficient, estimating the covariance over the standard deviation of the
sample gives the Pearson correlation coefficient as shown in equation (2):

n

iz_ll(xi—i)(\(i—\?)
T, 2 | —\2 (2)
S0a-x) (3 (7)

i=1 i=1

As can be seen from the formula, the absolute value of the Pearson correlation coefficient is less than or
equal to 1. The closer the value is to 1, the more positive correlation is shown between the two variables,
and the closer it is to -1, the more negative correlation is shown between the two variables.

2.2.3.  Learning Behavioral Sequence Clustering. The input of sequence clustering algorithm is sequence
data, or a list of transitions of a series of events or state elements in the dataset, using word embedding
coding, sequential coding, etc., to encode the elements in the input sequence, and utilize the algorithms
such as EM, K-Means, and so on to perform clustering study, and finally obtain the corresponding category
output [217.

The K-Means algorithm is an unsupervised clustering algorithm that is widely used due to its simple
implementation and good clustering results. Assuming that the cluster is divided into (C,,C,,C,,...,C,),
the goal of K-Means is to minimize the squared error E, E whose expression is shown in equation (3).
Where f; is the mean vector of C;, also known as center of mass, and its expression is shown in equation

(4):
E=Y" > x-ul; ()

i=1 xeC;

1
Mngx (4)

For the K-Means algorithm, the most important point is to determine the number of class clusters,
usually, a grid search technique is used to determine the optimal number of clusters.

2.8.  Identification of College Students’ English Learning Behavior Sequence

Sequence data features are extracted using SGT algorithm and clustered using K-means clustering
algorithm and the extracted sequences are identified using Gaussian mixture model.

2.3.1.  Feature extraction based on SGT sequence data. The basic principle of the SGT algorithm is to
feature the sequence by extracting the positional infbrm&t't%ri of each event element in the sequence
[227]. The core of the SGT algorithm is the function

that Calgu(l 'Ses the relative positional
information of the two event elements.To apply the SGT algorithm, the

K function needs to satisty
the following three conditions:
(1) For any k>0, d >0, itis necessary to satisfy that the function value is strictly greater than 0, i.e.,

4.(d)>0.

(2) As d increases, the function value is strictly decreasing, that is, to meet the formula (5).
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(3) As Kk increases, the function value is strictly decreasing, that is, to meet the formula (6).
Then:

2 4@ <0 )

§¢k(d)<o (6)

Where condition 1 makes the algorithm have a better explanation in, condition 2 enhances the influence
of neighboring events, and condition 3 makes the algorithm have a better flexibility.

Combining the above three conditions, the exponential function is selected as the distance measure
tunction, and the function expression is shown in Equation (7):

é (d(1,m))=e*"" vk >0,d >0 (7)

In the SGT algorithm, the number of paths and corresponding positions between two event elements
will be counted first to form an unpaired centroidal matrix A of |V|><[V| For an element A, in the
matrix, it can be expressed by Equation (8):

Ay (&) ={(,m):s =u,s, =v,I <m,(I,m)el,..., L9} (8)

After calculating the relative position information between each pair of event elements, the SGT
algorithm performs an aggregation and normalization operation on each pair of relative position
information to derive the expression of the ¥ function as shown in Equation (9):

e7k|m777
SIS © length - sensitive
Ay, (3)
Vw (S) = e*klmﬂ] (9)
v(m)eA, (s) . . .
: 5— length -insensitive
|Auv(s)|/|—( )

Where u,veV  |A,, (S)| denotes the number of event elements in the sequence, i.e., the value of | .
The SGT algorithm takes into account the effect of sequence length on the results and gives two
algorithms, length-sensitive and length-insensitive, respectively. In the length-insensitive algorithm, the
effect of sequence length is eliminated by normalizing the elements in the matrix. Finally, the feature vector
of sequence S is represented by ‘¥(s)= [l//sv (S)]

2.3.2.  Learning Behavior Pattern Recognition Based on Gaussian Mixture Models. In order to solve the
problem of learning pattern recognition where existing work only considers behavioral sequences and does
not consider the learning payoft-harvest matching degree, this paper defines the learning payoft, learning
harvest, and learning efficiency calculation formulas. Specifically, the learning payoft and learning harvest
formulas are calculated based on the learner's behavioral data to derive the amount of payoft as well as the
amount of harvest of the learner, and further calculated based on both to derive the learning efficiency of
the learner.
The payott formula is shown by Equation (10):

Zn: a, xef”

effort" =1L — (10)

n
2.8
i=1
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where effort" denotes the learner's weekly payoff, @, denotes the learner's weighting factor on learning
behavior i, which is quantitatively described using the Pearson correlation coefficient. €f;" denotes the
learner's weekly payoft on learning behavior i in week w, and N denotes the learner's number of
learning behaviors.

Its harvest formula is shown by equation (11):

effect” — effect,,
effect” —effect”

max min

effect"” =

(1)

W
max

where effect?

min
program, and effect” is the lowest gain in the program. This study regards the unit test scores as weekly

represents the weekly gain of the learner in week W, effect — is the highest gain in the

gains. The Pearson correlation coefficient is shown by equation (12):

oy R:nl_lizl:[xia:i](vi;?j .

X and 5x are the standardized score, mean, and standard deviation for the X,

Where, ,
sample, respecéi&/ely.

Based on the learners' weekly give and weekly take, the weekly learning efficiency ratio" is calculated
tfor each English course and each learner, and the learning efficiency formula is shown by Equation (13):
_ effect”

ratio" = - (18)
effort

Where, effort” denotes the weekly gain of the learner in week W of the course and effort” denotes
the weekly give of the learner in week W of the course. The rate sequence
E a0 = (ratiol, ratio,..., I‘atiOW) , where W represents the number of weeks in the program.

In this paper, the data of learners' behavioral activities in a course of study are classified into give-and-
take type features and gain-and-take type features. First, weekly payoffs are derived using the learning
payoft formula based on the payoft-type features and when they occur. Then, based on the learner's test
scores, i.e., the gain class features, the weekly gain was derived using the learning gain formula. Finally,
weekly learning efficiency is derived using the learning efficiency formula based on weekly payoffs and
weekly harvests, and then weekly learning efficiencies are merged to generate learning efficiency sequences.

In this paper, we use Gaussian mixture modeling to achieve the classification of potential groups of
learners based on learning efficiency sequences, and further observe and analyze to infer the learning
patterns of potential groups [237]. Gaussian mixture model (GMM) can be regarded as a cluster analysis
method for linear combinations of multiple Gaussian distributions. In this paper, we define the Gaussian
mixture model (GMM) as P(Eraﬁo |t9), and its specific representation is shown by Eqs. (14) and (15):

P(Efatio|0):Zak¢(Eratio|Hk) (14)

2
exp| — ( Eratio _zuk )
27Z'5k 25k

¢(Eratio|0k): (15>

¢(Eraﬁo|t9k) is the knd Gaussian distribution function and ¢, is its non-negative mixture weight.
Where E, is the learning efficiency sequence, 6, = (,uk \ 5,3) is the parameter of ¢(Eraﬁo |(9k ) ,and [,
3¢ denote the mean and variance of this distribution, respectively. K is the number of clusters. In this
paper, the determination of the number of clustering clusters K is achieved using an expectation
maximization algorithm.
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This process represents the convergence of a large number of discrete points to K clusters through a
Gaussian mixture model, which is similar to the process of abstracting learners into several different
potential groups based on the learning efficiency sequence.

2.3.3. Lagged series analysis. Lagged Sequence Analysis (LLSA) is a method of studying the sequential
relationship between behaviors based on statistical theory.LSA is mainly used to study behavioral patterns
in psychology and sociology. The method can be used to test whether the occurrence of one state in an
unknown system is statistically signiﬁcanst after the appearance of another state in its wake. For example,
if the state of a system at moment { is “t| the purpose of LSA is to analyze whether the state occurring
at moment [+LU+2...t+n 4 significantly related to moment t [247]. The specific steps of LSA
analysis are shown below:
1) Encode all behaviors in the sequence and create a frequency conversion table for each behavior by
calculating the frequency of transitions between behaviors in the sequence.
2) Using the frequency conversion table in step 1, calculate the conditional probability of the behaviors
encoding each other's transitions to obtain the conditional probability table.
3) Using the frequency conversion table in step 1, calculate the expected value of the conversion process of
the whole sequence of behaviors to get the expected value table.
4) Using the frequency conversion table, the conditional probability table, and the expected value table
obtained in the first three steps, calculate the Z-score, i.e., Z-score, also known as the adjusted residual
value, of the sequence transformation, and obtain the residual table.
5) From the residual table, screen out the behavioral conversion pairs with residual values greater than
1.96 as the frequent patterns of behavioral sequences, and draw a behavioral transter diagram based on the
screened-out behavioral conversion pairs, in which each point represents a kind of coding behavior, and
the connecting line between the two points represents the transferring residual value from one point to
another, and the larger the residual value is, the more significant it is on behalf of such transferring.
Finally, the lagged sequence analysis is further analyzed and investigated through the frequent pattern
transfer diagrams obtained.

3. A case study of LSA-based English learning behavioral model analysis
3.1.  Sequential Analysts of English Learning Behavior Patterns

3.1.1.  Coding English Learning Behavior. English students' learning behaviors focus on five segments:
chapter study, discussion, activity, homework, and test. Based on the analysis of students' behavioral
situations, the types of incidental actions were removed, and the 21 interactive actions were grouped into
six behaviors, which were used as behavioral data for behavioral sequence analysis. In this study, the six
behaviors were coded, and the coding content is shown in Table 1, including behavior type, description,
interaction action, and coding.
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Table 1. Encoding content

Online learning behavior type name Interactive action Code
(Video learning) Seek-video, load-video, pause-video, Click-progress VL
(Document learning) Click-document, Close-document DL
(Section test) Click-Test, Edit-answer, Save -answer, Submit- test ST
(Forum discussion) Click-forum, Create-comment, Delete-comment FD
Assignment &practice Problem-get, Problem-check, Modify- answer, Save AP
g p g N
(Check notifications) Browse-notifications, Close-notifications CN

Overall analysis of behavioral sequences. The frequency of all the behaviors generated by the students
in the course of the learning process, the frequency of behavioral sequences as shown in Table 2, the
starting behavior for the columns of the table, the rows indicate that the starting behavior occurs after the
occurrence of the behavior, that is, from the columns of the behavior to jump to the rows of the behavior is
called a behavioral sequence, the numbers in the table for the columns of the behavior to jump to the rows
of the behavior occurs frequently. Among the behavioral sequences that were generated more frequently
were the Document Learning (DL) followed immediately by the next Document Learning (DL) behavior,
which is abbreviated as DLDL and has a frequency of 1,337 times, the Assignhment Practice (AP) followed
immediately by the next Assignment Practice (AP), which is abbreviated as APAP and has a frequency of
607 times, the Assignment Practice (AP) followed immediately by the Document Learning (DL) behavior,
which is abbreviated APDL, which has a frequency of 456 times, etc. According to the input theory of
learning behaviors, it was found that students invested more in collaborative behaviors and problem-
solving behaviors, indicating that students favored the process of knowledge construction and used it for
problem-solving during the learning process.

Table 2. Behavior sequence frequency

N VL DL ST D AP CN
VL 360 143 100 38 109 33
DL 206 1337 433 T4 405 146
ST 145 268 114 46 208 39
FD 54 62 33 379 42 143
AP 59 456 75 138 607 393
CN 36 309 73 31 324 50

3.1.2.  Behavioral Sequence Transformation Analysis. Using GSEQ to carry out with lagged sequence
analysis method for preliminary calculations to obtain the frequency table and residual table, Table 3 shows
the adjusted residual table (Z-score), these data for the formation of a behavioral sequence between the two
behaviors; this sequence is based on the frequency of occurrence of the adjusted calculation of the residual
value. A residual value greater than 1.96 indicates that this behavioral sequence occurs with significance.
It can be seen that the frequency of occurrence of 14 behavioral sequences such as FDFD (jumping from
one exchange discussion to another), VLVL (jumping from one video study to another), and APCN
(accessing the notification immediately after the homework practice) is significant (Z > 1.96). To more
clearly observe the behavioral paths occurring in the course learning process of students, based on the 14
behavioral sequences screened by the residual values, based on which the behavioral sequence
transformation graph is drawn, the behavioral sequence transformation is shown in Figure 3. Each node
represents the corresponding behavior, and a line between the nodes indicates that the behavioral sequence
is meaningful, and the connected arrows indicate the sequence of behavioral transformation. Students'
behavioral sequence transitions on the English learning platform are diverse. Among the six learning
behaviors, FD (communication and discussion), VL (video learning), DL (document learning), and AP
(homework practice) have more significant sequences, which include unidirectional and bidirectional jumps.
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The behavioral sequence transitions can determine the learners' potential learning behavioral habits,
patterns, and preferences.

Table 3. Adjusted residual difference scores

N VL DL ST FD AP CN

VL 34.83 -9.21 2.2 2.08 -6.02 -7.68
DL -6.09 21.25 11.1 -12.61 2.09 -11.26
ST 5.54 -0.93 4.65 -5.92 1.99 -3.74
FD -7.07 -12.86 2 38.82 -7.86 10.88
AP -12.01 2.1 -9.96 2.05 13.87 17.46
CN -7.86 1.9 -3.34 -2.93 11.11 -4.36

Fig. 3. Behavioral sequence conversion

3.2.  Analysis of Learning Achievement

8.2.1.  Correlation analysis of learning behavior and performance. In this study, the chi-square test was
used for feature attribute selection. Feature selection based on the chi-square test is done by calculating
the chi-square statistic between each feature attribute and the achievement category to indicate the
correlation between the two, with the larger chi-square statistic indicating the greater correlation between
the two. Table 4 shows the chi-square test results obtained after the feature attributes and categories are
sorted by the size of the chi-square value. From the table, it can be found that the three behavioral sequences
most closely related to English learning eftectiveness are CNCN (0.5378), STCN (0.5508), VLAP (0.5554),
and the least correlated are the five characteristics of STST, FDDL, DLAP, CNDL, and APVL, whose chi-
square values are less than 0.03. The Pearson correlation coefficient test leads to the same conclusion. To
select different behavioral sequence attributes for modeling, the study generates 36 feature subsets based
on the size of the chi-square value, i.e., the first feature subset contains only one behavioral sequence with
the largest chi-square value, the second feature subset contains the two sequence features with the largest
chi-square value, and so on, and the 36th feature subset contains all the behavioral sequences.

Table 4. Results of the chi-square test for feature properties

Feature

APFD 0.09

Feature Chi-square

FDVL

Feature Chi-square

DLFD

Feature Chi-square

VLVL

Chi-square

0.8454 0.0377 0.3928
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VLDL 0.1051 DLAP 0.0205 FDDL 0.0175 APAP 0.2582
VLST 0.4702 DLCN 0.0981 FDST 0.3581 APCN 0.83774
VLFD 0.4493 STVL 0.2112 FDFD 0.1861 CNVL 0.4473
VLAP 0.5554 STDL 0.2047 FDAP 0.0841 CNDL 0.0212
VLCN 0.367 STST 0.0086 FDCN 0.1818 CNST 0.0498
DLVL 0.0333 STFD 0.4837 APVL 0.0275 CNFD 0.1947
DLDL 0.4294 STAP 0.0306 APDL 0.277 CNAP 0.0814
DLST 0.2886 STCN 0.5508 APST 0.0362 CNCN 0.5378

3.2.2.  Cluster Analysis of Learning Behavior Patterns. The study is based on software that uses the K-
Means algorithm for clustering analysis. Weka is a free and open-source data analysis software with
multiple data mining methods. The K-Means algorithm is a commonly used clustering algorithm that
classifies data into specified categories based on the Euclidean distances between the data. The K-Means
algorithm is used to cluster and classify students' learning behaviors, and Figure 4 shows the clustering
results of students' learning behavior patterns. According to the clustering results, the learners can be
divided into three categories: cluster 1 is lower than Cluster 2 and Cluster 3 in the degree of participation
in each English learning behavior, which is called “passive,” accounting for (9/32). Cluster 2 is lower than
Cluster 3 in passive participation in English language learning behaviors and higher than the other two
clusters in active participation in English language learning behaviors, so it is called “active,” accounting
for (9/32). Cluster 38 is lower than Cluster 2 in active participation in English language learning behaviors
but the most active in passive participation behaviors, so it is called “active-passive,” accounting for (14/32).

6.0 * IClus{erl I
Cluster 2
55+ . ¢« Cluster 3 .

»; ! *

1.0 1.5 20 25 30 35 40 45 5.0
Feature

Fig. 4. Cluster results of student learning behavior patterns
3.8.  Behavioral Sequence Analysts for Various Types of Learners

3.3.1.  Sequence Analysis of Proactive Learning Models. Sequence identification of students with
different learning behavior patterns: Table 5 shows the sequence residuals of proactive learning patterns.
Students preferred document learning, video learning, homework practice, and chapter tests in the learning
process, and their behavioral patterns were more inclined to document learning followed by document
learning, video learning followed by video learning, and document learning followed by chapter test, and
the vast majority of the residual values were greater than 1.96. In short, students with proactive learning
patterns invested more in collaborative behaviors, were more accustomed to document learning, video
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learning, and chapter tests through independent study learning materials, and were accustomed to repeated
document video materials, video learning, or document learning followed by other tasks, and accustomed
to internalizing knowledge before solving problems.

Table 5. The sequential residual values of active learning patterns

N VL DL ST FD AP CN
VL 13.562 -4.77 -0.81 -3.24 -2.48 -2.5
DL -4.09 6.94 5.22 -2.56 -4.36 -2.89
ST 1.13 -0.31 1.52 -2.52 -4.39 -2.93
FD -3.6 -4.19 -2.15 13.16 -2.11 3.79
AP -3.94 -0.15 -3.86 -0.97 3.83 5.47
CN -3.62 -0.21 -1.6 -0.23 5.84 -0.97

3.3.2.  Sequential Analysis of Active-Passive Learning Patterns. The effectiveness of the active-passive
type in learning English is at the average level, and the residual values of the active-passive learning
pattern sequence are shown in Table 6. They prefer document learning, homework practice, and chapter
tests. They are more accustomed to continuing document learning after document learning, homework
practice after document learning, chapter tests after document learning, and document learning again after
homework practice. In conclusion, active-passive learners also invested more in collaborative behaviors
and preferred to internalize knowledge before solving problems as active students; active-passive learners
preferred document learning compared to active learners and were used to practicing after document
learning, used to learning before practicing, and would practice homework again and again through
document learning.

Table 6. Sequence residual values of active and passive learning patterns

N VL DL ST D AP CN

VL 22.71 -6.99 0.73 -4.6 -2.76 -5.64
DL -3.92 12.69 8.47 -10.33 -6.72 -6.64
ST 3.93 -0.23 1.64 -4.31 0.84 2.58
FD -5.87 -9.08 -5.01 28.01 -5.72 7.55
AP -8.39 -4.83 -7.11 1.71 8.31 11

CN -5.18 2.01 -1.64 -2.21 6.45 -2.74

Sequential Analysis of Negative Passive Learning Patterns. Negative-passive learners are less

effective in learning English, and the residual values of the negative-passive learning mode sequence are
shown in Table 7. Compared with the proactive and active-passive types, the negative-passive learners'
learning frequency is not high, and most residual values are less than 1.96. Some learners' learning tasks
are incomplete, prefer document learning and homework practice. They are more inclined to continue
document learning after document learning, homework practice after homework practice, and homework
practice after it. In conclusion, the negative and passive learners have a single learning mode. Their input
in operational, collaborative, and problem-solving behavior is all lower, and their learning is lazier.

Table 7. Sequence residual values of passive learning patterns

N VL DL ST FD AP CN
VL 6.37 -0.02 2.63 -0.93 -2.19 -1.55
DL 1.81 9.5 1.49 -2.01 -6.11 -5.25
ST 1.87 0.49 2.75 -1.45 -1.38 -0.95
FD -0.98 -3.32 -1.63 4.76 -2.32 6.36
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AP -3.47 -7.81 -2.24% 2.6 4.71 5.99

CN 1.02 0.81 -1.44% -1.78 5.04 -2.87

4. Individualized teaching strategies based on learning behavior pattern
recognition

4.1.  Personalized instruction based on learning behavior pattern analysis

The quantitative analysis of learning behavior is based on the data of students' learning behavior patterns,
and a multidimensional analysis model is established, as shown in Figure 5. Quantitative analysis and
precise evaluation of students' independent learning effects are carried out from the dimensions of students,
knowledge points, and assessment results to support teachers' student-centered personalized teaching.
Student-centered, record and analyze the assessment results and mastery of students for each knowledge
point, teachers will refine the teaching content into several actionable knowledge points, design the
assessment questions to analyze the mastery of students for each knowledge point, for the assessment
results to find out the teaching difficulties of different batches and classes of students, to change the
situation of the difficulty of traditional teaching is unchanged, and carry out targeted teaching activities to
help students master the difficulty. The teaching activities will be targeted to help students master the
difficult points. The student's assessment results on the knowledge points are based on the knowledge
point assessment questions designed by the teacher, which are divided into excellent, good, medium, and
unqualified grades. Teachers can focus their teaching on the knowledge points with unsatisfactory
assessment results of most students and on teaching them through seminars, lectures, Q&A, and other
activities to help the students understand and apply the knowledge points. For most students, assessment
results are good knowledge points. A flipped classroom can be used in a relatively small amount of
classroom time, in the classroom or after school, for a small number of students to tutor and answer so that
the teaching activities are more flexible and elastic.
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Fig. 5. A multidimensional analysis model for learning behavioral pattern data
4.2.  English Knowledge Points Tracking and Recommendations

4.2.1.  Knowledge tracking based on multiple knowledge fusion coding. The model proposed in this paper
uses an RNN network with V. as input. The state h, and output Y, of the hidden layer of the network
are described as in the 1 timestep:
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h, =tanh (thxt +Whhht—1+bh) (16)
Y, =0 (Wh +b,) (17)

(16)-(17) where: th is the input weight matrix, Whh is the recursive weight matrix, Wyh is the
output weight matrix, hidden layer bias B, and output layer bias b, .

The model outputs the knowledge level matrix at the moment of learner t, noting that the knowledge
level vector of learner i is U, =[pl, P,,ees pm] ,and P, denotes the mastery level of learner i on the
mth knowledge point. According to the sequence of knowledge points (= {ka, Ky, knum} contained in
the exercise @ practiced by learner i at moment t+1, the prediction value {pa, [OEEEN pnum} of the
corresponding knowledge point is found from vector U;, and the prediction value 0, of the exercise at
moment t+1 is determined by taking the average value. Using 0. as a response to the exercise, 1 for
a correct answer and O for an incorrect answer, a threshold of 0.5 was used to predict the learner's a,
performance in answering the question at the t+1 moment. The performance of the knowledge tracking
model is evaluated by comparing the learner's @, predicted answering performance at the t+1 moment
with the actual answering @ performance. Satisty the following 2 constraints:

pa+ pb+"'+ pnum

= 18
qpre num ( )
0 9,.<05
pre = P (19)
1 05<q,.=<1
In equations (18)-(19), i denotes the number of learners, M denotes the number of knowledge points,

and through the output of the model, this paper obtains the learner's knowledge level matrix (J e R"™.
Matrix U is used to describe the learner's mastery of difterent knowledge points [257. Based on matrix
U, this paper can more accurately assess the knowledge status of learners and provide a basis for
personalized knowledge point recommendation.

4.2.2.  Knowledge Point Recommendation Based on Collaborative Filtering of Grouped Features. Based
on the knowledge level matrix U output from the MDKT model, the target learner's knowledge level
vector U; can be obtained, and the knowledge points suitable for the learner are recommended by
analyzing U;. However, since the knowledge level vector may be sparse, i.e., the target learner may not
have enough data on certain knowledge points, the number of recommended knowledge points is not
enough to meet the learners' needs. To solve this problem, this paper introduces the Pearson correlation
coefficient method, which measures the degree of association between two learners. This method generates
a set of nearest neighbor learners of the target learner and analyzes their knowledge level vectors by
sorting them in descending order of similarity. In this paper, the knowledge status of the nearest neighbor
learners is utilized to mine additional knowledge points recommended to the target learners to meet their
learning needs. The specific constraints are as follows:

Zm:(pii‘ﬁi)(pjn‘ﬁi)

corr (U;,U; ) = ——=L (20)

2o -n) [Ele )

n=1 n=1

In Eq. (20), Ui:[pil,piz,w,pim] represents the knowledge mastery vector of Learner i

represents the

Uj = P Py pjm] represents the knowledge mastery vector of learner ], P,

mastery of learner 1 on the Nth knowledge point, P; represents the average mastery of learner 1 on
all knowledge points, and the similarity between any two learners can be obtained through calculation.
Obtain a sequence of similar learners to the target learner i, which contains the knowledge level vector



518 Y. ZHOU

of each learner in the learner group U; and the similarity with the target learner Sim;. The similarity
weights are obtained by utilizing the similarity with the following two constraints:

Sim,

% = - . (21)
Sim,, +Sim;, +...+3im;,

A+ +...+oy =1 (22)

In this paper, we multiply and sum the knowledge level vector U; of similar learners with the
corresponding weights ¢, to balance the contributions of different learners in the group to obtain vector
Q, which reflects the learning preferences of the learner group:

Q= Zn:anU o (23)

Take vector U; and vector Q and weight them to get the current learner's personal knowledge level
vector F:

F=pU+(1-p)Q (24)

The recommended knowledge points for the target learners are determined by first determining an
appropriate recommendation interval [/4;,/,], which can be based on the knowledge level and learning
objectives of the target learners. The weighting between individual knowledge levels and group learning
preferences is adjusted by using parameter £ . In the recommendation process, this paper will prioritize
the knowledge points located in this interval and recommend them in order of size to meet the learning
needs of the target learners. The final recommendation set R={k;,K,,...,k,} is obtained for top-K
recommendation.

4.8.  Feedback on Personalized English Instruction

4.3.1.  English Knowledge Tracking Effect. This paper designs an experiment to analyze learners'
knowledge state visualization while answering questions to verify whether a knowledge-tracking model
that incorporates learner competencies can better model learners' learning states. We performed some
preprocessing and chose the five most frequent knowledge concepts practiced by students for 30 questions
because it is difficult to clearly illustrate all concepts if we visualize them in a single diagram. These
concepts are tense, sentence structure, pronouns, vocabulary, and lexical expressions. The visualization of
the knowledge state obtained from the changes in the learner's knowledge state when answering the
questions and practicing is shown in Figure 6. The knowledge state of the 30 questions ranges from 0.20
to 0.88. On the left side of this figure, the first column indicates the initial mastery level of the learner on
the five concepts without any practice, where the mastery state of each concept is different. Then, the
learner started to perform 30 exercises on these concepts.

Meanwhile, the learner's mastery of concepts gradually changed during the steps. Specifically, when the
learner answered an exercise correctly (incorrectly), her state of knowledge of the corresponding concept
increased (decreased), e.g., she gained knowledge of “tense” when she answered the exercise on the concept
of “tense.” In the learner's exercises, we can see that the learner gradually masters the concept of “tense.”
Still, because the learner has answered all the exercises correctly on “tense” but not on “sentence structure,”
she has gained knowledge of the concept of “tense.” However, since the learners did not answer all the
exercises correctly on “Sentence Structure,” their mastery of the concept of “Sentence Structure” is worse
than that of “Tense.”
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Fig. 6. Knowledge state visualization

Feedback on Personalized Instructional Experience. This study conducted a questionnaire survey on the
learning path satisfaction of sophomore students who participated in English learning in the spring
semesters of 2020, 2021, and 2022 at University H using the two dimensions of learning style and learning
effect. Among them, the learning style dimension reflects students' satisfaction with the personalized
teaching mode, the satisfaction with the learning method and the smoothness of the learning process, and
its scoring items, which are three. The learning effect dimension reflects students' satisfaction with
academic performance, knowledge mastery, and ability improvement after the personalized teaching mode,
and its scoring items are also three. The questionnaire is scored on a 5-point Likert scale, and 1~5 points

are used to indicate "strongly disagree," "disagree," "unclear," "agree," and "strongly agree." 200
questionnaires were distributed, and 200 valid questionnaires were returned, with an eftective rate of 100%.
In this study, the student satistaction evaluation of the individualized and general teaching modes was
divided into two groups and used as grouping variables. The learning style and learning eftect were used
as the test variables, and SPSS carried out the independent sample t-test. The results of the independent
sample t-test are shown in Table 3. The significance of the Levine variance equivalence test of the two data
groups in each evaluation dimension was > 0.05, which can be considered to satisfy the homogeneity of
variance. Under these conditions, the significance of the mean equivalence t-test of all evaluation items was
< 0.05, and the mean difference was positive, indicating that there were significant differences in the
evaluation of the personalized teaching mode in all aspects: in the dimension of learning style, there were
significant differences in students' satisfaction with the two teaching modes, and the students were more
satisfied with the learning style of the sexualized teaching mode, indicating that the recommended learning
style had a positive effect on learning. In terms of learning eftect, there is also a significant difference in
students' satisfaction with the two teaching methods because personalized teaching based on learning
behavior pattern recognition can reduce the learning haze and cognitive overload caused by the individual
differences of similar learners and match students with learning resources suitable for both learning
difficulty and popularity, which helps to improve students' concentration and self-confidence, thereby
generating higher learning satisfaction. Therefore, the personalized learning mode of this paper can
stimulate learning interest, relieve learning pressure, and focus learners' attention on understanding and

mastering subject knowledge to achieve better English learning results.

Table 8. Results of the independent samples' t-test

. . Levin variance T-test
Term Dimension Item X X
Sig. Sig. MD
Learning resource satisfaction 0.058 0.000* 0.878
The Spring of 2020 | Learning style Study method satisfaction 0.831 0.000* 1.037
Learning process 0.116 0.018 1.083
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Satisfaction with academic
. 0.453 0.000%* 0.993
L . fect achievement
earning eftec - . -
& Satisfaction with knowledge 0.598 0.000* 1.069
Satisfaction with improved ability 0.098 0.016 0.873
Learning resource satisfaction 0.241 0.000* 0.895
Learning style Study method satisfaction 0.962 0.000* 0.907
Learning process 0.088 0.000* 0.94
The Spring of 2021 Satisfaction with academic
. 0.738 0.000* 1.065
L ) fFect achievement
earning eftec . -
& Satisfaction with knowledge 0.081 0.000%* 0.932
Satisfaction with improved ability 0.279 0.014 1.049
Learning resource satisfaction 0.998 0.000%* 0.897
Learning style Study method satisfaction 0.486 0.000* 0.934
Learning process 0.079 0.002 1.016
The Spring of 2022 Satisfaction with academic
. 0.058 0.000% 0.909
. X achievement
Learning effect L .
Satisfaction with knowledge 0.348 0.008 0.898
Satisfaction with improved ability 0.162 0.000* 0.813

5. Conclusion

Based on college students' English learning behavior sequence data, this study uses machine learning to
identity the English learning behavior patterns in conjunction with the given framework of student
behavior pattern recognition. It forms a personalized teaching model by tracking and recommending
English knowledge points for different students' English learning behavior patterns. The behavioral
sequences of students in different modes are differentiated, in which the behavioral patterns of active-
passive students prefer document learning followed by document learning, video learning followed by
video learning, and chapter testing after document learning. Active-passive learners preferred document
learning followed by homework exercises and chapter tests. Negative passive learners prefer document
learning homework practice, document learning followed by document learning, homework practice
tollowed by homework practice, and document learning followed by homework practice. There is a
significant difference between the personalized and ordinary teaching modes regarding learning styles and
learning effects (P<0.05). The personalized learning mode in this paper can stimulate learning interests,
alleviate learning pressure, and make learners focus on understanding and mastering the subject
knowledge, allowing them to achieve a better English learning eftect.
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