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PAPER

The Dynamics of Community Engagement in Distance 
Education: A Sociological Analysis Based on Online 
Learning Platforms

ABSTRACT
The rapid advancement of information technology has redefined distance education as a 
fundamental component of modern education systems. The extensive deployment of online 
learning platforms has further propelled this transformation, catalyzing innovation in educa-
tional methodologies while simultaneously presenting novel challenges and demands in the 
realm of community engagement. In the sphere of online learning, considerable research has 
been conducted on the efficacy of these platforms. However, studies specifically dedicated 
to the effective cultivation and maintenance of community engagement through these plat-
forms are notably scarce. Recognized as pivotal for educational outcomes, student satisfac-
tion, and enduring academic success, community engagement within the context of distance 
education warrants comprehensive exploration. This study delves into this exploration by 
developing a dynamic model of interaction and a coupled network evolutionary game model 
that incorporates the nuances of social group dynamics. Initiating with a critical review of 
existing literature on community engagement in distance learning, the study identifies prev-
alent limitations. These limitations include an over-reliance on qualitative data, the absence 
of dynamic analyses, and an oversight of the intricacies of group interactions. To bridge 
these gaps, we propose a data-driven interaction dynamics model tailored for online learn-
ing platforms. Additionally, we suggest a network evolutionary game model that considers 
the interplay among social groups. These models collectively deepen our understanding of 
the evolution of community engagement over time and elucidate how both individual and 
collective behaviors influence the communal health of online learning environments.
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1	 INTRODUCTION

In the digital epoch of the 21st century, distance education has been recognized 
as an integral element of the global educational framework. The advent of the 
COVID-19 pandemic marked a significant shift in online learning platforms, tran-
sitioning from emergency alternatives to pivotal components of daily educational 
experiences for numerous learners. Despite the increased adoption of these plat-
forms, research dedicated to optimizing their educational efficacy and enhancing 
sustained community engagement remains inadequate. The correlation between 
community engagement and educational effectiveness is profound, playing a cru-
cial role in fostering inclusive, supportive, and lasting learning environments [1–12].

Exploring and enhancing community engagement within the realm of distance 
education holds substantial significance for both academic research and practi-
cal application. With the increasing prevalence of online education, researchers 
and educators face the challenge of designing and implementing online learning 
platforms that promote deeper learner interaction and engagement [13, 14]. The 
impact of community engagement extends beyond academic achievement, influ-
encing students’ social skills, self-efficacy, and enduring dedication to education. 
An engaged online learning community is essential for promoting a comprehen-
sive understanding of knowledge, enhancing critical thinking skills, and preparing 
learners to navigate the complexities of the 21st-century landscape [15–17].

Prevailing research methodologies in the study of community engagement 
within distance education reveal notable deficiencies. Predominantly, a substantial 
number of studies have focused on qualitative data, such as interviews and surveys, 
giving less emphasis to quantifiable interaction data [18–20]. Furthermore, the prev-
alent use of cross-sectional study designs has resulted in an oversight of the tem-
poral dynamics inherent in community engagement [21, 22]. Additionally, there is 
a lack of attention given to the intricacies of interactions among social groups in 
online learning environments and their resulting impact on learner behavior and 
the overall well-being of the community.

This paper aims to address these research gaps by developing a model that 
focuses on the interaction dynamics within online learning platforms, with a spe-
cific emphasis on engagement. The initial segment presents an innovative mode of 
interaction dynamics, illustrating the development and progression of community 
engagement in online learning communities, supported by data-driven approaches. 
Subsequent investigations delve into the dynamics of groups within online learning 
networks. This exploration involves an analysis of how behaviors at both individual 
and group levels influence community engagement. It is facilitated through a cou-
pled network evolutionary game model that encompasses social groups. The study 
not only provides models based on empirical data but also formulates equations 
outlining game dynamics. These equations are crucial for clarifying and predicting 
the dynamics of community engagement, thus offering significant implications for 
practices and policies in online education.

2	 DEVELOPMENT OF A COMMUNICATION INTERACTION 	
DYNAMICS MODEL CENTERED ON ENGAGEMENT

Recognized as vital for the efficacy of online learning, community engagement 
significantly contributes to enhancing student performance and fostering a sense of 
belonging and satisfaction. This study investigates the communication interaction 
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behaviors and their dynamic mechanisms among group members on online learn-
ing platforms, uncovering the development and transformation of community 
engagement. A mathematical model has been formulated to simulate the discussion 
processes among platform users, scrutinizing the influence of varying group sizes on 
communication interaction dynamics. Additionally, this study conducts a compar-
ative analysis of online learning platforms and other educational communication 
systems. The aim is to thoroughly comprehend and quantify the dynamic attributes 
of student communication interactions in online learning contexts. These analy-
ses provide insights for designing and improving online learning environments to 
enhance community engagement.

Fig. 1. Interaction process within the group (with Y indicating interactive tasks, and N non-interactive tasks)

In this context, community engagement is demonstrated when individuals initiate 
and respond to communication tasks on online learning platforms. A multi-agent inter-
action queue model, based on queuing theory, has been developed to analyze scenar-
ios involving a fixed number of group members in an online learning environment. 
The model delineates how individuals probabilistically initiate new topics over time 
and engage in interactions with fellow members. Within this framework, each par-
ticipant is not only obliged to respond to interaction tasks initiated by others, thereby 
contributing to community dialogues, but also to manage their personal task lists. 
These lists encompass non-interactive tasks for individual completion and interac-
tive tasks that require collaborative efforts. Community engagement is characterized 
by individuals’ ability to balance interactive and non-interactive tasks on their lists 
and their proactivity in initiating and participating in community discussions. This 
approach enables a quantitative assessment of community engagement, elucidating 
interaction patterns and participation dynamics within online learning communi-
ties. Subsequently, it guides the enhancement of pedagogical strategies and platform 
architecture. Figure 1 illustrates the individual communication interaction process 
within a group, encompassing both interactive and non-interactive tasks.

In the developed multi-agent queue model, grounded in task queue theory, the 
task initiation rate of an individual is defined as the frequency of initiating new tasks 
within a given time frame. According to the model’s design, the task initiation rate is 
directly proportional to the temporal distribution of speech volume. The process for 
calculating the task initiation rate involves several steps. Initially, data concerning 
the temporal distribution of individual speech volumes is collected. This data is then 
analyzed to determine the temporal trend of speech volumes. Subsequently, a pro-
portionality coefficient is determined, which translates the speech volume within a 
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specific time unit into a task initiation rate. The final step involves multiplying the 
time distribution data by this coefficient to calculate the task initiation rate for each 
unit of time. It is posited that within a specific time interval, the frequency and distri-
bution of an individual’s speech behavior are proportionally related to their inclina-
tion to initiate new tasks. The task initiation rate, denoted as η(s), along with group 
engagement (Λ), response rate (w), and the total number of individuals in the group 
(l), are incorporated into a formula to calculate each individual’s initiation rate.

	 �( )
* ( )

s
v s

l
�
� 	 (1)

The evaluation of engagement in group interactions on online learning platforms 
in this study utilizes the statistical distribution of speech time intervals as a method 
to differentiate between initiating messages and responsive ones. This approach is 
based on the observed patterns of group speech behavior. The concept of character-
istic time, which serves as the demarcation between power-law and Poisson distri-
butions, is crucial in determining whether a time interval indicates active dialogue 
exchange or the initiation of new topics. In groups characterized by bimodal distri-
bution, if the interval between two successive messages surpasses this characteristic 
time, the subsequent message is regarded as the initiation of a new topic. Conversely, 
if the interval is shorter than the characteristic time, it is considered a response to the 
preceding message. To estimate community engagement, the study incorporates not 
only bimodal distribution groups but also double power-law and single power-law 
groups. This is achieved by comparing their speech volumes to gauge engagement 
levels. The speech volume ratios of groups following double exponential-law and 
single exponential-law distributions, relative to those of bimodal distribution groups, 
provide a comparative measure of group activity. This facilitates the estimation of 
engagement levels across different types of groups.

In the process of estimating v(s), which represents the temporal distribution of 
speech volume, considerations include individual lifestyle habits and time prefer-
ences, along with external influences such as community dynamics and platform 
features. Figure 2 demonstrates the simulated outcomes of individual speech tim-
ing sequences within a group. This distribution, indicative of a complex interplay 
between individual behaviors and group interactions, mirrors the active engage-
ment and participation dynamics prevalent in online learning communities. The 
initial step involves tallying the count of speeches within each time segment to 
construct a preliminary distribution chart. Advanced statistical methods are then 
applied to explore the dynamic changes in speech volumes. A three-peak curve 
model is used to estimate speech volumes at different times throughout the day. 
Assuming d1(s), d2(s), and d3(s) symbolize three distinct normal distributions with 
varying parameters, the formula is presented as:

	 v s
d s d s d s

1

1 2 3
0 315 0 36 0 35

3600
( )

. ( ) . ( ) . ( )
�

� �
	 (2)

To elucidate the factors driving these variations, it may be necessary to employ 
qualitative research techniques such as surveys and interviews to collect feedback 
from community members. Should the distribution of daily speech volume v2(s) 
be consistent at various times across a week, it is required to meet the condition 
<v2(s)>s = 1/7. Consequently, the final expression for the temporal distribution of 
speech volume is established as:

	 v(s) = 7v1(s) * v2(s)	 (3)
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Fig. 2. Simulated individual speech timing sequences in a group

Furthermore, the task initiation rates of individuals within distinct groups on the 
online learning platform are assessed, considering potential influences from group 
traits, platform design, group size and diversity, intended objectives, and exter-
nal factors. The process begins with defining and quantifying standards for mea-
suring initiation rates. The individual response rate, denoted as w, and the group 
response rate, represented as W, are incorporated into the formula: w = W/(l − 1). 
If V represents the average daily speech volume of the group, then W is defined as 
W = (V − Λ)/V. The initiation rate is defined as the ratio of the number of newly ini-
tiated topics to the total message count within a specified time frame. Subsequent 
steps involve performing statistical analyses for each group to determine their 
initiation rates, followed by the application of appropriate statistical methods for 
comparative analysis between the groups. Moreover, qualitative analysis might be 
required to decipher the sociopsychological factors influencing initiation rates. The 
final stage involves combining quantitative data and qualitative insights to form 
comprehensive analytical conclusions.

3	 EVOLUTIONARY GAME ANALYSIS IN ONLINE LEARNING 
NETWORKS INVOLVING COUPLED SOCIAL GROUPS

To facilitate a comprehensive understanding of decision-making within complex 
social structures and to improve the effectiveness of collaborative efforts in educa-
tional settings, a strategy update rule that incorporates collective wisdom has been 
formulated and implemented in network evolutionary game analyses. Collective 
wisdom, in this context, signifies the decision-making capacity that emerges from 
group interactions, transcending individual intelligence. Optimal response strategies 
are defined as the most advantageous choices made by individuals, influenced by the 
current environment and the actions of others. Consequently, the study elucidates 
the process of strategy updates in evolutionary games through a series of algebraic 
equations, accomplished via mathematical modeling. This algebraic representation 
not only allows for a formal and precise description of the strategy update rules but 
also facilitates a thorough and methodical examination of the evolution of strategies 
over time and the adjustments in individual behavior guided by collective wisdom.

In real-world scenarios, individual decision-making is often influenced by others, 
with individuals drawing upon group insights to enhance the quality of judgment 
and decision-making. The advantage of collective wisdom is particularly evident in 
complex problem-solving situations, where relying on group insights can signifi-
cantly enhance decision quality. Therefore, a strategy update rule incorporating 
collective wisdom has been introduced to achieve more accurate simulations of indi-
vidual learning and adaptation within real decision-making environments. The pro-
posed rule consists of two main components: the game interaction and the strategy 
update process. During the game interaction phase, participants engage with their 
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peers within the online learning group, accruing payoffs from these interactions. 
This process allows them to assess the efficacy of their strategies through interper-
sonal exchanges. During the strategy update phase, individuals first analyze their 
counterparts’ previous strategies to develop their optimal responses. Subsequently, 
they integrate opinions from other group members, employing a majority criterion 
to decide on the adoption of the most favored optimal strategy for future actions.

In the domain of game theory, the actions of each participant are aimed at max-
imizing utility, usually represented by payoff functions. These functions generally 
depend on the strategies chosen by the participant and those of other participants. 
In formulating expressions for payoff functions, consideration is given to the game’s 
characteristics (such as zero-sum, non-zero-sum, cooperative, or non-cooperative 
nature) and potential strategy combinations. Payoff functions may adopt linear 
forms or more intricate non-linear structures, possibly incorporating probabil-
ity distributions to account for elements of uncertainty. The following expressions 
illustrate the payoff function for participant nu, where u ranges from 1 to v1:

	
�

n u k n e
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k u
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e

u k

n
k

a s b s k VF N Z b s a s

N
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�
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u
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1
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For each block within ′N
nu

 and ′N
qu

, the smallest label identifying the maximum 
value is characterized by indices k = 1 to kv2 and k′ = m to jv1. Following the establish-
ment of payoff functions, the focus shifts to ascertaining each participant’s optimal 
response strategy. The optimal response strategy, based on the strategies of others, 
is defined as the one that maximizes the participant’s payoff function. This process 
typically involves maximizing the payoff function. Depending on the context, the 
optimal response could involve making an explicit strategic choice or may require 
solving differential equations or applying numerical methods to identify the most 
advantageous strategy. The following expressions represent the optimal response 
strategy for participants at a given time s:
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In social and economic contexts, individual behaviors are inevitably influenced 
by the people around them. Therefore, it is imperative for individuals to observe 
and interpret the responses of others within the group. Participants adhere to the 
principle of conformity to the majority. The subsequent stage involves documenting 
the frequency of various optimal response strategies manifested within the group. 
This documentation can be achieved through direct observation, survey methods, or 
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reliance on predefined models. This phase is essential for understanding the diver-
sity of strategies within the group and the potential emergence of collective wisdom 
phenomena. The quantities � �M w n w

nu j u jv nu
� [ ], , ,

,1 2
   and � �M w q w

qu j u jv qu
� [ ], , ,

,1 1
   

are utilized to represent these frequencies. To compile this data, the following 
matrices are computed:
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Upon analyzing the optimal response strategies of individuals and their fre-
quencies, the focus shifts to developing equations that delineate how each partic-
ipant revises their strategy. These equations typically involve temporal dynamics, 
depicting the evolution of strategic adjustments over time. For constructing such 
equations, methods such as differential equations, difference equations, or adaptive 
dynamic systems might be employed. The most frequently selected strategy, denoted 
by the smallest row label, is represented by βt,VI = MIN argmax1<=β <=j ROβ (COt(Hnu)), and 
α = MIN argmax1<=β <=j ROα(COt(Hqu)). The following expressions outline the strategy 
update equations for participants:

	 a s b s M b s
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The algebraic expressions for the game dynamics of participants within 
the two-layer framework are further derived, with CO M CO M

k

jv

u k nu
( ) ( )

1

1

1
 =

=
  

and CO M CO M
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jv

u k qu
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2

2
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 =

=
:

	 a(s) = M1b(s − 1), b(s) = M2a(s − 1)	 (14)

The ultimate objective is to amalgamate the strategy update equations of all par-
ticipants, forming an algebraic system that encompasses the network level. This 
system elucidates the game dynamics across the entire participant network. This 
endeavor may involve creating a sophisticated multi-agent model where the actions 
of each agent are influenced by their specific strategy update equations and their 
interactions with other agents. The algebraic expression representing the game 
dynamics for the entire network is as follows:
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where, M M U M Q
j j j
v v v

� �
1 22 1 2
( )

[ , ]
. The above equation can be expanded to:

	 a(s) b(s) = Mxa(s − 1)b(s − 1)	 (16)
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4	 EXPERIMENTAL RESULTS AND DISCUSSION

In the analysis of the data presented in Table 1, a distinction in the power index 
was observed. The power index is a metric commonly used to quantify the distri-
bution between a minority of active users and a majority of less active ones in a 
community. The data revealed notable differences in the levels of activity among 
the three groups. The bimodal distribution group showed more balanced participa-
tion, while the double and single power-law distribution groups were marked by 
a small subset of highly active users. In the double power-law distribution group, 
it was observed that lower early-stage power indices (e.g., 1.59) corresponded to 
lower average daily speech volumes (789.1), while higher early-stage power indices 
(e.g., 1.84) aligned with larger average daily speech volumes (2789.4). This trend 
indicates that groups with a larger early-stage power index are inclined towards 
higher daily average speech volumes. This suggests that a more heavy-tailed dis-
tribution in the early stage leads to increased overall engagement because of the 
presence of a greater number of moderately active users. The relationship between 
the size of a group and its activeness, although presumed to provide more oppor-
tunities for speech and thus greater activeness, was not found to be strictly linear. 
The interaction dynamics model for online learning platforms, which focuses on 
engagement and was developed in this study, effectively elucidates the relation-
ship between diverse speech patterns and participation behaviors. It sheds light on 
why different community participation structures result in varied communication 
interaction dynamics.

Table 1. Comparison of speech situations on different online learning platforms

Speech Time 
Distribution Pattern Power Index Average Daily 

Speech Volume
Total Number 

of Speakers

Bimodal distribution

1.04 12.8 175

1.36 54.2 215

1.51 73.6 736

1.52 215.5 336

1.64 326.8 412

Double power-law 
distribution

1.59 (early stage): 2.26 (late stage) 789.1 2458

1.69 (early stage): 2.23 (late stage) 945.7 1895

1.71 (early stage): 2.37 (late stage) 1245.3 1123

1.82 (early stage): 2.21 (late stage) 1896.3 1069

1.84 (early stage): 2.45 (late stage) 2789.4 2457

Single power-law 
distribution

2.24 1895.3 3269

2.26 4215.1 2578

2.17 5689.4 4623

2.36 7145.3 847

2.38 9235.7 3268

Figure 3 illustrates the probability distribution of individual engagement, reply 
rate, and group engagement within bimodal groups. The graphical representation 
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of the probability distribution for individual engagement and reply rates within 
these groups indicates significant heterogeneity. This diversity indicates significant 
differences in engagement levels among members of online learning communities. 
A minority of individuals often start discussions and engage in interactions, while 
the majority show minimal or no participation in communicative activities. A com-
parative analysis of the observed group with 14 other bimodal distribution groups 
revealed minor disparities in power indices but no significant divergence in their 
overall distribution patterns. The probability distribution of individual engagement 
follows a power-law distribution, a common occurrence in the social sciences. This 
pattern indicates that a small group of active individuals dominates the majority of 
communication interactions.

From these observations, it is inferred that the dynamics of group communica-
tion interactions in online learning communities are predominantly driven by a 
limited segment of highly active participants. The vast majority of the group shows 
decreased engagement in discussions and interactions, which can be attributed 
to factors such as time constraints, reduced motivation, or lack of confidence. 
Enhancing group engagement necessitates intervention by platform administra-
tors or educators, who should consider implementing strategies such as incentive 
programs, more effective interaction designs, or tailored participation approaches. 
Given that the majority of individuals tend to be reserved in communication inter-
actions, there is a strong need for platform designs to concentrate on engaging these 
individuals. This could be achieved through improved incentive mechanisms or by 
creating a learning environment that promotes inclusivity and support.

Figure 4 illustrates the correlation between individual engagement, reply rate, and 
group engagement in bimodal groups. The analysis revealed a positive correlation 
between individual engagement and overall group engagement. This suggests, that 
individuals who actively initiate discussions and interactions within the group tend 
to exhibit higher engagement levels across the group. Conversely, the correlation 
between an individual’s response rate and group engagement was less noticeable. 
This suggests that high activity in initiating learning tasks does not necessarily cor-
relate with maintaining a high reply rate in conversations, and vice versa; individuals 
with a high reply rate are not always those who frequently initiate learning tasks. 
The group interactions reveal two distinct participant roles: those who primarily 
contribute to advancing learning tasks (termed as active speakers) and those who 
engage more in responding and interacting, thus facilitating the completion of learn-
ing tasks (identified as active responders). It is inferred that individual participation 
within groups is multifaceted, encompassing various activities such as initiating top-
ics and responding to peers. Activity in one dimension does not inherently translate 
to activity in others, indicating the need for a multidimensional approach to assess-
ing engagement. Sole reliance on a single behavioral metric, such as the frequency 
of initiating discussions, does not comprehensively reflect an individual’s engage-
ment within the community. Various levels of activity are observed across different 
interaction aspects. The roles of promoters and completers within learning commu-
nities are complementary, collectively fostering the group’s educational progression 
and development. Hence, understanding the interplay of these roles is pivotal for 
the effective design of online learning platforms. To enhance overall community 
engagement, customized motivational and guiding strategies should be developed 
to cater to the distinct roles. For example, individuals who often start discussions 
but receive fewer replies could be encouraged to improve their participantion in 
conversations by providing them with targeted feedback and support.
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Fig. 3. Probability distribution of individual engagement, reply rate,  
and group engagement in bimodal groups

Figure 5 illustrates the distribution of individual engagement across various 
scenarios, highlighting differences in engagement levels among individuals. This 
heterogeneity is characterized by diverse rates of learning task initiation and 
reply rates among members, which impact the patterns of group communication 
interactions. When this heterogeneity is incorporated into the model, the simulation 
outcomes more accurately mirror empirical data, indicating that individual engage-
ment diversity is integral to the participation patterns observed in online learning 
communities. Despite the influence of this heterogeneity on group communication 
dynamics, it was determined not to be the primary cause of the emergence of mul-
tiple non-Poisson characteristics at the group level. This finding implies that con-
sistent engagement across individuals would not change the overall distribution 
pattern of the system. Thus, the research concludes that individual engagement het-
erogeneity is crucial for accurately simulating communication interactions within 
communities. The differentiation in participation among community members is 
essential for shaping group communication patterns. The inclusion of individual 
variability in the model significantly enhances its realism in simulating real-world 
scenarios, emphasizing the importance of considering individual differences in 
model development. The manifestation of non-Poisson distribution characteristics 
in the model’s outcomes highlights the complexity of system dynamics in commu-
nity communication interactions, which extend beyond the mere aggregation of 
individual behaviors.
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Fig. 4. Relationship between individual engagement, reply rate, and group engagement in bimodal groups

Table 2 elucidates the results of the online learning network model across various 
discussion topics, offering significant insights into the dynamics of network inter-
actions. The significance levels of the parameters (p < 0.001) indicate a significant 
impact on network dynamics. The model’s findings reveal that edge parameters are 
negative across all topics, implying non-random edge formation in the network. For 
instance, higher negative values in the community-building domain suggest more 
challenges in establishing connections. The reciprocity parameter, consistently pos-
itive, reflects an increased likelihood of reciprocal interactions following an initial 
communication attempt. Positive activities, influences, connectivity, contributions, 
and diverse participation effects suggest that these factors universally enhance net-
work engagement. The Akaike Information Criterion (AIC) and Bayesian Information 
Criterion (BIC) serve as model fit indicators, where lower values indicate a more pre-
cise fit. Although these values vary among topics, they collectively demonstrate the 
model’s robustness in representing actual data patterns.

The model’s significant coefficients underscore its effectiveness in captur-
ing the statistical intricacies of group dynamics within online learning networks. 
Variations in coefficients and information criteria across different discussion top-
ics allude to distinct interaction patterns influenced by the nature of the topic. This 
comprehensive analysis confirms the model’s effectiveness in providing a nuanced 
understanding of group behavior dynamics in online learning environments, offer-
ing valuable implications for enhancing community engagement and optimizing 
remote education strategies.
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Table 2. Online learning network model results for different topics

Parameters
Understanding 

and Discussion of 
Course Content

Sharing of 
Learning Resources

Learning Strategies 
and Methods

Coursework and 
Exam Tutoring

Community 
Building and 
Peer Support

Edge parameter −7.2514*** −7.8452*** −6.6254*** −8.1247*** −8.4123***

Reciprocity parameter 2.2354*** 2.6354*** 2.2145*** 2.3687*** 2.4578***

Activity effect 0.4253*** 0.3651*** 0.1874*** 0.4125*** 0.3147***

Influence effect 0.6789*** 0.9231*** 0.5146*** 0.5123*** 0.4879***

Connectivity effect −0.3652*** −0.1127*** −0.4215*** −0.3569*** −0.5123***

Contribution effect 0.5326*** 0.4251*** 0.8157*** 0.5478*** 0.9452***

Participation diversity effect 1.0244*** 0.7126*** 0.9147*** 0.9235*** 1.1236***

Positive interaction effect 0.2147*** 0.1897*** 0.3789*** 0.6247*** 0.2879***

AIC 42156 23547 51879 22345 23475

BIC 42157 23568 51932 22168 23165

Notes: ***indicates p < 0.001; **p < 0.01; *p < 0.05.

Fig. 5. Distribution of individual engagement under different scenarios
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5	 CONCLUSION

This study introduces an innovative model that encapsulates the formation and 
evolution of community engagement within online learning environments, utilizing 
a data-centric approach. The focal point of this model is to enhance engagement in 
distance education by strengthening community interactions. The paper method-
ically analyzes the dynamics of groups in online learning networks, employing a 
coupled social group network evolutionary game model. This approach examines 
the interaction between individual and group behaviors and their resulting impact 
on community engagement. Experimental assessments conducted across various 
online learning platforms delineate disparities in group reply rates, task initiation 
rates, and group sizes, underscoring the differential engagement levels across these 
platforms. The research further delves into the probability distribution and correla-
tion between individual engagement, reply rates, and overall group engagement 
within bimodal groups. These analyses demonstrate the reciprocal influence of indi-
vidual behaviors on the broader community engagement landscape. Investigations 
into the distribution of individual engagement under diverse conditions reveal 
how certain factors significantly influence the levels of individual activity within 
communities. Moreover, the study presents findings from the online learning net-
work model across various discussion topics, revealing the influence of content on 
network interactions and engagement.

The models crafted in this paper, the communication interaction dynamics model 
and the coupled social group network evolutionary game model, emerge as novel 
theoretical and methodological instruments. These models help to understand and 
enhance community engagement in the context of remote education. By intricately 
simulating the interactions between individuals and groups, these models provide 
strategic insights into enhancing online learning engagement. The empirical results 
from these models provide essential support for optimizing online learning plat-
forms. They guide the adjustment of social dynamic mechanisms to enhance the 
quality of user interactions and increase engagement.
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