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Visual Interactive Mobile Analysis of Online 
English Learning Behavior Based on Lagged 
Sequence Analysis Approach

ABSTRACT
As online education and visualization continue to advance, the volume of information is growing 
exponentially. However, the current intelligent system for online learning visualization is con-
structed with a relatively one-dimensional approach, leading to a one-sided optimization effect. 
Therefore, this study designs an efficient model for constructing learning paths for online groups 
from the perspective of blended learning, utilizing lagged sequence analysis (LSA). In addition, 
the model incorporates lagged sequence analysis, data mining methods, the minimum spanning 
tree algorithm, and other techniques to propose the OGLPM-S strategy. The experimental results 
demonstrate that the strategy is feasible, exhibiting high efficiency and stability. In addition, the 
intelligent joint algorithm can generate various group learning paths based on the characteris-
tics of online English learners in the group. Through the novel LSA federation method, this paper 
establishes an online intelligent learning platform for group learning path construction services. 
It elaborates on the platform’s overall architecture, functional flow, strategy implementation, 
and construction results. The results show that the LSA-OGLPM-S strategy proposed in this paper 
can successfully construct group learning paths based on the behavioral data of online English 
learners. This approach is suitable for facilitating online learning among English learners.

KEYWORDS
lagged sequence analysis method (LSAM), OGLPM-S strategy visualization, intelligent systems, 
multi-scale design, online English learning

1	 INTRODUCTION

With the prevalence of online education and visualization development, the 
amount of information data is growing exponentially. By mining and analyzing 
online education data, we can uncover the significant value hidden within it [1]. 
In the context of “Internet +” education, online English education data has become a 
new element of teaching and learning. The development of online English learning 
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behaviors and their visualization elements has become a core asset for analyzing 
student outcomes [2]. At the same time, the expansion of visual learning status track-
ing databases, combined with data analysis procedures, assists teachers in identi-
fying patterns in learners’ online English learning behaviors, predicting learners’ 
performance and risks, and making timely and effective intervention adjustments. 
This enables personalized and visualized teaching possible [3]. Some scholars have 
discovered students’ learning time preferences and online course module access 
preferences through learners’ learning process data. Mining the association between 
learning behaviors and learning effects [4]. Learning behavior data is used to pre-
dict learners’ learning outcomes, etc. Many existing studies related to the prediction 
of learning effectiveness [5–7] are based on data on learners’ behavioral engagement 
during learning. the amount of effort and time learners invest in specific learning 
activities. These coarse-grained data do not reflect the learner’s cognitive engage-
ment level in detail, and some of the learning behavior data do not accurately pre-
dict learning outcomes. Recent studies have found that learning behavior sequences 
during the learning process better reflect learners’ trajectories, willingness, and cog-
nitive processes than student engagement. For example, learning behavior sequence 
analysis is used to study the behavioral patterns of the entire activity process as well 
as the behavioral patterns of different learning stages and to compare the behav-
ioral patterns of various learning achievement groups. At the same time, by utilizing 
learners’ learning behavior sequences to forecast their learning outcomes, teachers 
can identify the crucial behavior sequences necessary for monitoring and analyz-
ing the learning process. This enables them to monitor learners’ progress, promptly 
implement pedagogical interventions, and enhance learning outcomes [8].

Finding several learned behavior sequences that are significant can reveal pat-
terns in learners’ behaviors. The Lagged Sequence Analysis Method (LSAM) was first 
devised by Sackett [9]. It is primarily used to assess the likelihood of one event or 
behavior occurring before another behavior in people and to determine its statistical 
significance. Currently, LSA has been applied to analyze customer behavioral prefer-
ences in the sub-commercial field, study patient behavior and treatment in the medi-
cal field, and analyze player gaming behavior in the gaming field [10]. In recent years, 
researchers in the field of educational technology have started to focus on LSA and uti-
lize it for research on analyzing learning behaviors. Hwang et al. applied LSA to study 
the behavioral characteristics of elementary school students using mind mapping tools 
to discover knowledge in geography courses [11]. Jeong utilized LSA to analyze the 
behavioral patterns of group interactions among graduate students in asynchronous 
discussion forums [12]. Hou et al. employed LSA to extract sequences of manipula-
tive behaviors exhibited by elementary and middle school students in a role-playing 
game [13]. Eryilmaz et al. utilized LSA to examine the knowledge-construction behav-
iors of college students in online social interactions [14]. Yang et al. utilized LSA to 
compare the knowledge construction behavior patterns of college students at various 
collaborative stages during collaborative translation activities [15].

Lagged sequence analysis has promising applications in the field of learning 
behavior analysis. It can assist researchers and educators in accurately under-
standing the potential behavioral patterns of learners, explaining the reasons for 
technologically-enhanced learning effects from a behavioral perspective, and effec-
tively guiding the design and implementation of subsequent teaching and learning 
activities. Since collaborative filtering algorithms have demonstrated good recommen-
dation performance, they have also been widely applied in numerous applications 
in the field of learning path construction. Liu et al. [16] developed a collaborative 
filtering-based course recommendation method using learners’ learning behavior 
data and included a keyword resource search function. Zha et al. [17], on the other 
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hand, focused on students’ learning progress and characterized the learning behaviors 
of vocational high school students to create a more personalized recommendation 
model using the collaborative filtering algorithm. Zhao et al. [18] enhanced the collab-
orative filtering recommendation algorithm by considering the absence of the current 
learning system from both the user and learning topic perspectives. They conducted 
relevant experiments to demonstrate the reliability and effectiveness of the enhanced 
algorithm. Li et al. [19] associated the learner information, knowledge point infor-
mation, and learning resource data to create a multidimensional heterogeneous 
information matrix. This approach enhances recommendation accuracy by utilizing 
information-data similarity and score prediction to cater to the personalized learning 
needs of learners. Wang Yonggu et al. [20] proposed a resource recommendation 
model based on collaborative filtering technology to address the challenge of the low 
relevance of recommended learning resources in online learning. They recommended 
online learning resources with higher relevance to learners. Additionally, Wang Wei 
[21] analyzed the learning process data of online English learners, extracted implic-
itly useful data to enhance the scoring matrix, and applied the collaborative filtering 
optimization algorithm to achieve personalized recommendations. Personalized rec-
ommendation. Cai Qiang et al. [22] designed a collaborative filtering algorithm that 
effectively addresses the issues of cold-start and data sparsity to provide personalized 
learning recommendations and improve recommendation results. The collaborative 
filtering algorithm can be implemented without considering the user’s feature repre-
sentation, which reduces the complexity of the algorithm. However, when the interac-
tion data between the learner and the learning resources is not available or the data 
is limited, the “cold-start” problem may significantly impact the performance of the 
recommendation. Chen et al. [23] integrated a genetic algorithm into an e-learning 
system to enhance the level of personalization. Chen et al. [23] integrated a genetic 
algorithm into an e-learning system to enhance the system’s personalization degree. 
This algorithm can sort personalized courses by taking into account the difficulty level 
of the courseware and the conceptual continuity of the learning path. Tan et al. [24] 
integrated genetic algorithms into the process of creating and evolving online courses 
to achieve personalized learning for the learners. The proposed method primar-
ily includes a generating module for course initialization and an evaluating module 
for course development, each consisting of two parts. The course’s personalization is 
achieved based on the evaluation results of the students. Previous studies have over-
looked the dynamic changes in learners’ learning abilities. Dynamically, Li et al. [25] 
incorporated personalization factors into the e-learning process. This allows course 
generation to dynamically select learning resources based on learners’ abilities and 
create personalized e-learning courses. They achieved this by utilizing an algorithm 
that is both fast and accurate. Chang et al. [26] integrated genetic algorithms into the 
course generation process to enhance the level of personalization of the course, which 
is accomplished by assessing the learners’ abilities. Han et al. [27] utilized genetic algo-
rithms to enhance the level of personalization in learning approaches. They tailored 
guidance based on individual learner differences, employing intelligent algorithms to 
deliver precise teaching. Lin et al. [28] utilized order preference technology to enhance 
the genetic algorithm and incorporated it into the learning management system to per-
sonalize teaching by designing the learning process. Dwivedi et al. [29] highlighted that 
the personalized e-learning recommender system should not only suggest unordered 
learning resources to the learner but, more importantly, it should arrange them after 
recommending resources to provide the learner with a sequence of organized learning 
resources, known as the learning path. To enhance learners’ online learning outcomes, 
Yang and Wu [30] introduced an adaptive learning path recommendation method 
based on the graph-immunity algorithm. This method abstracts the learning path 
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construction issue as a multi-objective combinatorial optimization problem using con-
cepts and learners’ data. It employs a joint approach to problem solving. Additionally, 
other scholars, including Hsu et al. [31], have adopted a data-driven perspective. They 
analyze the learning process data collected from the learning platform as the research 
focus. By utilizing lag sequence analysis, they investigate the order and logic of occur-
rences among various behaviors, ultimately creating learning path diagrams.

The aforementioned studies have enhanced the efficacy of constructing group 
learning paths to some extent [31–33]. However, the construction approach is rel-
atively simplistic, leading to a cone-sided optimization effect. Moreover, there is a 
scarcity of studies focusing on optimizing models and conducting data analysis in 
conjunction with visualization. Therefore, this study proposes a visual analysis sys-
tem for online English learning behavior based on the lag sequence analysis method 
and conducts relevant analysis and discussion.

2	 ONLINE	GROUP	LEARNING	PATHWAY	CONSTRUCTION	MODEL

The purpose of group behavioral sequence correlation analysis is to group 
learners based on learning process data and online English learner characteristics, 
calculate the probability of occurrence of behavioral sequences within the group, 
and determine whether there is a statistically significant relationship. This analy-
sis mainly consists of two parts: clustering of online English learners and lagged 
sequence analysis. Although the K-means clustering algorithm has its limitations, it 
is considered a well-established clustering algorithm that has been widely applied in 
various fields such as stock analysis and geographic information services. By utiliz-
ing this algorithm, online English learners with similar learning behaviors and char-
acteristics can be grouped together to achieve homogeneity within the group and 
heterogeneity among different groups. Specifically, characteristics of online English 
learners and their corresponding learning process data are integrated through stu-
dent numbering. The K-means algorithm is then applied to perform clustering after 
normalizing all data variables. Group behavior data are obtained by integrating the 
learning process data of online English learners in the same group based on the 
clustering results. The specific pathway flow is shown in Figure 1.

Fig. 1. Online group learning path construction strategy flow
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Using LSA to analyze the group behavior data, which includes information on 
online English learners, learning behaviors, and learning time, enables the extraction 
of a series of learning behavior sequences of online English learners in the group in 
chronological order. Based on processing and coding the group behavioral data, it is 
imported into the lagged sequence analysis tool to calculate the frequency table of 
the behavioral sequences and the adjusted residual values. This process helps obtain 
the frequency and probability values of the behavioral sequences of the online 
English learners in the group. First, the K-means algorithm is used to cluster and 
group the online English learners. Since the learning process data and the character-
istics of online English learners use different scales, it is necessary to normalize all 
the attributes based on the integration of the two datasets. The profile coefficients for 
various classification quantities are presented in Table 1.

Table 1. Table of LSA profile coefficients for different numbers of classifications

K 2 3 4 5 6

SC 0.304 0.259 0.239 0.182 0.238

Secondly, the learning behavior data of online English learners is integrated based 
on their grouping. The frequency of learning behavior sequences generated by learners 
in each group is then counted using the lag sequence analysis tool. This process results 
in the behavior sequence frequency matrix presented in Tables 2 and 3. The matrix 
counts the frequency of transitions between behavior sequences and specifies the num-
ber of transitions before and after behaviors in the learning log data. The number of 
jumps. The rows in the table represent the preceding behaviors, while the columns rep-
resent the subsequent behaviors following the occurrence of the corresponding preced-
ing behaviors. The transitions from the preceding behaviors to the following behaviors 
form the behavioral sequences, and the data in the table indicate the frequency of these 
learning behavioral sequences. For example, the number “2196” in row 1 and column 2 
of Table 3 indicates the frequency of the behavior sequence CA, i.e., the number of times 
that the lesson (C) behavior is followed by the homework practice (A) behavior.

Table 2. LSA Group 1 behavioral sequence frequency matrix

n C A F Q P R

C 296 219 8 8 4 3

A 180 402 110 230 49 6

F 415 659 581 31 5 2

Q 3 259 0 984 0 2

P 0 55 1 0 63 5

R 4 10 1 0 4 13

Table 3. LSA Group 2 behavioral sequence frequency matrix

n C A F Q P R

C 3201 2296 7 18 3 16

A 1770 436 1274 329 43 7

F 563 648 829 51 9 3

Q 9 380 1 50 1 1

P 1997 4 4 1 80 7

R 3 30 0 2 2 12
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The frequency matrix was then analyzed using lagged sequence analysis, and 
the behavioral sequence residuals obtained are shown in Tables 4 and 5. The 
data in the tables represent the residual values of behavioral sequences (Z-score), 
and Z-score > 1.96 indicates that the frequency of the corresponding behavioral 
sequences is significant. The frequency of occurrence of the behavioral sequences 
indicated by the bolded data in the two tables reached a significant level. It can 
be observed that there are fewer significant behavioral sequences related to taking 
the test (Q), more significant behavioral sequences composed of the same behav-
iors, and a difference in the probability of the occurrence of behavioral sequences 
that involve bi-directional jumps. The significant residual values are normalized, 
and the resulting values indicate the probability of occurrence of the corresponding 
behavioral sequences.

Table 4. LSA Group 1 behaviorally adjusted residuals

n C A F Q P R

C 26.08 25.56 −38.75 −32.44 −9.16 −3.82

A 9.31 −29.71 33.84 −9.72 2.18 −1.33

F −17.15 8.48 25.39 −12.62 −3.3 −1.25

Q −32.69 −7.66 −15.26 83 −3.85 −0.74

P −9.85 3.46 −4.32 −3.85 54.57 8.27

R −3.56 0.13 −1.81 −1.95 6.35 44.8

Table 5. LSA Group 2 behaviorally adjusted residuals

n C A F Q P R

C 35.98 30.43 −39.8 −42.46 −9.09 −0.96

A 9.68 −26.13 36.8 −16.48 0.83 −2.06

F −12.83 3.97 34.02 −19.31 −2.86 −1.73

Q −42.88 −13.74 −22.59 4.85 −4.5 −1.65

P −9.41 2.26 −4.76 −5.16 67.0 79.4

R −4.77 5.35 −2.94 −2.41 2.17 28.75

To simplify the data on significant behavioral sequences, behavioral sequence 
conversion diagrams were created for different learning groups using the 
adjusted residual values, as depicted in Figures 2 and 3. The nodes in the fig-
ure represent learning behaviors with a significant frequency of occurrence of 
behavioral sequences, which can be determined from the adjusted residual value 
table. Arrows connect these significant behavioral sequences, with the arrow 
direction indicating the conversion direction of the significant learning behav-
ioral sequences. Arrows labeled with numbers indicate the probability of con-
version of the behavioral sequences. Figure 2 illustrates the behavioral sequence 
transformation diagram of Group 1. It is evident that the behavioral sequence of 
online English learners in Group 1 is relatively straightforward, following a lin-
ear trend. The potential behavioral sequences include viewing the course, practic-
ing homework, browsing the page content, and checking resources (C→A→P→R). 
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After reviewing the course syllabus, learners in this group typically engage in 
direct homework practice to identify their weaknesses and then utilize related 
resources for learning. The online English learners in the group tended to repeat 
the discussion, resources, and quiz. The quiz module was relatively independent, 
and the learners had a higher probability of retaking the quiz (Q–Q) and conclud-
ing the study upon reaching the learning goal without engaging in any further 
behaviors. There is a close connection between behaviors, and the reverse behav-
ioral sequence, which consists of significant behavioral sequences, also has a high 
probability of occurring. The likelihood of the same behavioral patterns is higher. 
For instance, learners will practice their homework after studying the related 
resources. If the practice is unsuccessful, they will revisit the related resources, 
indicating that online English language learners in the group possess a strong abil-
ity for retrospective learning. They are skilled at continuously summarizing and 
reflecting during the learning process.

Figure 3 illustrates the behavioral sequence transformation diagram for Group 2. 
It is evident that Group 2 online English learners have well-defined learning objec-
tives, with homework practice behavior being central. There is a strong interac-
tion between the homework module and other modules. The potential behavioral 
sequences include checking the course, homework practice (C–A), browsing the 
page content, homework practice (P–A), checking the resources, homework prac-
tice (R–A), homework practice, and participating in discussions (A–F). Learners 
in this group typically engage in homework practice after engaging in activities 
such as viewing the course, browsing page content, and checking resources. They 
enhance their practice through communication and discussion. The probability 
of the occurrence of a behavioral sequence consisting of repeated behaviors is 
higher than that of engaging in homework practice for online English learners, sim-
ilar to the behavioral sequence transformation diagram of Group 1. Online English 
learners tend to participate in discussions repeatedly, access learning resources 
multiple times, and retake quizzes. The quiz module is relatively independent, and 
learners in online English groups are more likely to retake quizzes (Q) before con-
cluding the learning process upon achieving the set learning objectives, with no 
further behaviors observed thereafter. No other behaviors occurred afterward. In 
addition, the likelihood of the reverse behavior sequence, which includes signifi-
cant behavior sequences, is relatively low. This mainly occurs between checking 
the course-homework practice, browsing the page content—checking resources, 
and participating in the discussion for homework practice. This indicates that 
online English learners in Group 2 are willing to switch between different types 
of resources, repeatedly check the course syllabus for homework practice, and are 
also willing to reflect and summarize through discussion and exchange to enhance 
their practice level.

Fig. 2. Behavioral sequence transformation diagram for Group 1
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Fig. 3. Behavioral sequence transformation diagram for Group 2

Based on the mapping relationship between learning behaviors, learning activ-
ities, and knowledge points, data mining techniques are used to extract the inter-
connections among knowledge points and visualize them. Figure 4 represents the 
knowledge point association graphs of Group 1 and Group 2, where nodes symbolize 
knowledge points and connected edges depict the associations between them. It can 
be seen that each knowledge point has multiple edges connected to it, indicating 
that there are various associations between knowledge points. In addition, there 
are differences in the associations between knowledge points identified by various 
learning groups.

Fig. 4. Group knowledge points correlation chart

Table 6 shows the final results of each algorithm for constructing learning paths. 
The numbers indicate the number of knowledge points, the arrows point to the next 
knowledge point to be learned, and the last row in the table represents the teacher’s 
preset course learning path. Comparing the predefined group learning paths, it can 
be observed that the group learning paths produced by the Prim algorithm and the 
topological sorting algorithm differ significantly from the predefined paths. This sug-
gests that OGLPM-S can efficiently extract various connections among knowledge 
points and create unique group learning paths. Comparing the inter-group learning 
paths, the learning paths of Group 1 and Group 2 constructed using the same algo-
rithm are quite different. This indicates that the OGLPM-S clustering grouping is 
effective, and the algorithm can generate diverse group learning paths based on the 
characteristics of online English learners in each group.
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Table 6. LSA learning group paths generated by different algorithms

Arithmetic Clusters Learning Path

Prim Group 1 1→2→7→3→5→8→12→10→4→9→15→18→13→23→29→28
→30→36→14→16→17→19→6→20→11→21→22→34→27→31
→24→25→26→32→37→33→35→39→38→40→44→41→42→43

Group 2 1→10→3→4→6→9→2→7→5→8→11→12→14→16→20→21→22
→15→13→19→18→17→23→29→28→24→30→26→27→31→25→4
1→34→32→35→33→43→42→37→38→39→40→44→36

Topological 
Ordering (T.O.)

Group 1 1→2→7→3→5→8→12→10→4→9→15→18→13→23→29→28→30
→36→14→16→17→19→6→20→11→21→22→34→27→31→24→25
→26→32→37→33→35→39→38→40→44→41→42→43

Group 2 1→10→3→4→6→9→2→7→5→8→11→12→14→16→20→21→22
→15→13→19→18→17→23→29→28→24→30→26→27→31→25→4
1→34→32→35→33→43→42→37→38→39→40→44→36

Predefined 
learning paths

/ 1→2→3→4→5–6→7→8→9→10→11→12→13→14→15–16–17→18 
→19→20→21→22→23→24→25→26→27→28→29→30→31→32→3
3→34→35→36→37→38→39→40→41→42→43→44

To better analyze the differences between the group learning paths, the group 
learning paths constructed by each algorithm are visualized using a line graph, as 
shown in Figure 5. In the graph, the horizontal axis represents the sequence in 
which knowledge points are learned, while the vertical axis represents the value of 
the knowledge points to be learned. From the distribution of knowledge points in 
group learning paths, the learning paths of Groups 1 and 2 are shown in Figure 5. 
In this study, we observed that there were fewer instances of the same knowledge 
points among groups following the same learning sequence, and the learning tra-
jectories of different groups using the same algorithm exhibited lower levels of 
similarity. In the clustering process of the K-means algorithm, the behavioral char-
acteristics and implicit traits of online English learners are considered. The impact 
of intra-group homogeneity and inter-group heterogeneity becomes more pro-
nounced after grouping. The inter-group knowledge point associations identified 
through the process are also distinct. Consequently, the variations in learning paths 
among groups formed by the same algorithm are evident, further confirming the 
validity of the clustering grouping of the OGLPM-S. The learning paths of the two 
groups in Figure 5 show an overall upward trend. The two groups of learning path 
trends are more random. The reason for the difference is that in the construction 
process, the Prim algorithm can generate the smallest tree of knowledge points 
based on the adjusted association value of the knowledge points, ensuring the max-
imum correlation between the knowledge points based on the logical structure of 
the knowledge points. On the other hand, the topological sorting algorithm doesn’t 
take into account the association value of the knowledge points. It only sorts from 
the forward and backward pointing relationship of the knowledge points, which 
generates a greater conflict between the path and the original logical structure of 
the knowledge points, leading to an overall fluctuation of the path and the knowl-
edge points. The logical structure has a significant conflict, and there is considerable 
fluctuation overall.

https://online-journals.org/index.php/i-jim


iJIM | Vol. 18 No. 10 (2024) International Journal of Interactive Mobile Technologies (iJIM) 43

Visual Interactive Mobile Analysis of Online English Learning Behavior Based on Lagged Sequence Analysis Approach

Fig. 5. Comparison of group learning paths

As shown in Table 7, when the group size is 2, the correlation between the group 
learning paths constructed by the Prim algorithm and the topological sorting algo-
rithm is 8.832 and 8.7774, respectively. The correlations are 0.577 and 0.241, indi-
cating that the learning paths constructed by the topological sorting algorithm have 
a small correlation and do not align with the learning characteristics of the online 
English learners in the group. In contrast, the correlation between the two learn-
ing paths constructed by the Prim algorithm is higher. This demonstrates that the 
method proposed in this paper is more effective. It can not only generate various 
learning paths based on group characteristics but also guarantee that the constructed 
group learning paths have a high correlation.

Table 7. LSA group learning path correlations

Algorithm/Grouping Group 1 Group 2

Prim 8.332 8.777

topological ordering 0.577 0.241

3	 INITIAL	REALIZATION	OF	A	PLATFORM	FOR	BUILDING	
LEARNING	PATHS

With the development of network technology, learning platforms can integrate 
multidimensional data, and online learning-based platforms have become an inev-
itable trend. In this paper, the core computing system of the intelligent learning 
platform mentioned above is constructed in the preceding chapter. Based on this, 
the overall construction and expansion of visualization are carried out, and the 
overall architecture of intelligent interaction for online English learning is shown 
in Figure 6. The platform was entirely developed in Java. The front-end utilizes 
HTML and jQuery technologies to customize the video player. The back-end follows 
the classic three-tier architecture, consisting of the Web layer, business layer, and 
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persistence layer. In this architecture, the Web layer transfers data from the front-
end to the business layer. The business layer interacts with the persistence layer, 
which in turn communicates with the database through logic processing.

Fig. 6. Comparison of group learning paths

In the platform shown in Figure 6, personal information of online English learn-
ers, behavioral records, and time records are stored using the LSA method. Teachers 
can upload and modify courseware, edit attributes, view records, and perform other 
operations. Online English learners can study the course, bookmark it, practice the 
exercises, and discuss the specific learning process with other students. Exercises 
with a high error rate and frequently discussed knowledge points will be collected 
by the database and eventually displayed in the popular section. Teachers can estab-
lish course requirements and assign knowledge labels. Based on the behavior of 
online English learners and teachers, data on online English learners and knowl-
edge points can be collected. Online English learners can be grouped using a group 
learning path construction engine. Subsequently, group behavior can be analyzed 
using lagged sequence analysis. The association between group knowledge points 
can be identified based on this analysis. Finally, group learning path recommen-
dations can be generated using the minimum spanning tree Prim algorithm and 
then recommended to online English learners. English learners. Among them. Based 
on the learning log to retrieve the behavioral data of online English learners, the 
data contains attributes such as online English learner ID, type of learning behavior, 
and time of behavior. This data is transformed into a two-dimensional matrix and 
analyzed using the K-means clustering algorithm for clustering analysis of online 
English learners. Subsequently, based on the grouping information, the behavioral 
data of online English learners is integrated. Intergroup data containing attributes 
such as learning behavior and time of behavior are stored and analyzed. The inter-
group data containing learning behavior, behavior occurrence time, and other attri-
butes is stored in the database. The group learning behavior data is coded using 
letters. Specific learning behavior types are converted into coding symbols recog-
nizable by lag sequence analysis. The behaviors are then arranged based on the 
time of the online English learner ID and the time of the learning behavior. This 
process results in a set of coded behavioral data organized systematically. The coded 
behavioral data are imported into the lag sequence analysis tool through an external 
interface, and after the analysis is completed, the probability of occurrence between 
different behavioral sequences is judged, and the residual values of the significantly 
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occurring behavioral sequences are stored in the database. The LSA-OGLPM-S strat-
egy proposed by the above idea can successfully construct a group learning path 
based on the behavioral data of online English learners, which is suitable for online 
English learners to carry out online learning.

4	 CONCLUSIONS

Here, an efficient model for online group learning paths based on LSA with a 
blended learning perspective is devised. The model incorporates techniques such as 
the lagged sequence analysis method, data mining method, and minimum spanning 
tree algorithm to propose the OGLPM-S strategy. The experimental results demon-
strate that the strategy is feasible, efficient, and stable. Among them, when compar-
ing the inter-group learning paths, the learning paths of Groups 1 and 2 constructed 
using the same algorithm are significantly different. This suggests that the OGLPM-S 
clustering grouping is effective, and the algorithm can generate diverse group learn-
ing paths tailored to the characteristics of online English learners in each group. 
The online intelligent learning platform is designed for providing group learning 
path construction services. The paper describes the overall architecture, functional 
process, strategy implementation, and construction results of the platform. It demon-
strates that the OGLPM-S strategy proposed in this paper can successfully create 
group learning paths based on the behavioral data of secondary school students. 
This approach is suitable for online English learners engaging in online learning. 
In summary, research on online group learning paths combined with LSA behavior 
analysis, data mining, and other personalized service technologies can effectively 
utilize potential information to provide personalized online services to English 
learners. This, in turn, can enhance the online learning experience and effectiveness 
of English learners.
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