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ABSTRACT 
 

Community detection and analysis in social learning networks is a critical challenge for understanding 
collaborative dynamics. These networks primarily rely on two distinct structures: pedagogical interests and 
social interactions. A promising approach to uncover meaningful learning communities is to combine these 
two structures. In this context, we propose a hybrid and adaptive two-stage approach that integrates both 
structural and contextual information to efficiently detect and update communities in dynamic educational 
social networks. This approach proceeds in two stages. First, we introduce a static algorithm called Learning-
Enhanced Method for Community Detection (LEMCD). This hybrid algorithm leverages statistical and 
semantic measures to analyze both the pedagogical content associated with learners and their social 
interactions. Second, we present Adaptive LEMCD (LEMACD), an adaptive algorithm for detecting and 
updating community structures in dynamic social networks. A comparative study was conducted using real 
academic networks to evaluate the performance of LEMACD against other content- and behavior-based 
community detection algorithms. The results demonstrate that our approach is capable of identifying coherent 
communities in social networks. Moreover, it adapts effectively to changes in learning networks while 
reducing response time. 
Keywords: Dynamic Social Networks, Modularity, Content Information, Topic Detection, Meaningful 

Community Detection, Social Learning Networks. 

 

1. INTRODUCTION 
 

Social learning networks are now widely 
used by learners and represent a significant source of 
data. These platforms allow students to share ideas, 
collaborate on projects, and access educational 
resources in fields such as computer science, 
mathematics, and literature. As a result, they 
generate large volumes of data that can be harnessed 
for research purposes. One prominent research area 
that benefits from such data is the detection of 
learning communities. These communities are 
defined as groups of learners who are strongly 
connected to one another and who share common 
interests. Learning communities are essential for 
understanding social and socio-educational 
dynamics [1]. 

To analyze learning networks, three main 
types of variables are generally considered [2]: 
structural variables, which refer to interactions and 
relationships between learners; compositional 

variables, which describe learners' characteristics; 
and affiliative variables, which relate to learners’ 
interests and their participation in specific topics. 

A fundamental feature of these networks is 
the presence of learning communities, which are 
densely connected internally and loosely connected 
to the rest of the network [3]. However, most 
traditional community detection approaches rely on 
the assumption that learning networks are static, an 
assumption that is often unrealistic in social learning 
networks where new learners and interactions 
continuously emerge while others disappear [4][5]. 

1.1 Problem Statement and Limitations of 
Existing Approaches 

Community detection is a highly 
challenging task in dynamic social learning 
networks. Early approaches were static in nature 
[6][7]. While these methods have contributed to 
significant advancements, they suffer from major 
limitations. For instance, they are computationally 
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expensive and very slow when applied to large-scale 
networks, as they recalculate community structures 
from scratch. A more efficient strategy would be to 
focus only on the portions of the network that have 
changed and to leverage previously detected 
community structures for incremental updates [8]. 

Moreover, most existing algorithms focus 
exclusively on structural interactions, overlooking 
contextual information such as learners’ interests. 
This omission can result in heterogeneous 
communities composed of learners with divergent 
interests, thereby reducing both their pedagogical 
relevance and effectiveness [9]. 

1.2 Proposed Framework: LEMACD 
In this work, we propose LEMACD, a 

hybrid and adaptive two-stage framework which 
incorporates both structural and contextual 
information to effectively detect and update 
communities in social learning networks with 
dynamical properties 

 Step 1: Initial community detection with 
LEMCD 

LEMCD (Learning-Enriched Method for 
Community Detection) uses statistical and semantic 
characteristics to determine learner’s main topics of 
interest and connect them to the clusters in the 
network. The algorithm analyzes the structural links 
among th enodes in the resulting clusters and 
identifies communities by looking for sets of nodes 
that like similar concepts. 

 Step 2: Adaptive update with LEMACD 
LEMACD is adaptive in that it takes into 

account newly updated information in the network 
(such as new learners that participate or new 
interactions that occur) and thus can reassign 
learners to the most de- sired community. This 
reassignment is made by only considering new 
information namely it do association analysis only 
on the new data, thus reducing computation. 

1.3 Illustration Example 
As an example of this approach, imagine a 

social learning network with 13 learners each 
characterized by a particular topic of interest (fig. 
1). If only using structure information, the 
discovered communities may cluster learners with 
different interests (see Fig. 1(b)). By contrast, the 
fusion strategy of structural as well as content-based 
information (Fig. 1(c)) allows to build communities 
of learners with similar preferences that are 

structurally well connected, without causing 
homogenization within communities. 

This result is also consistent with the primary 
goal of our LEMACD method, which targets for 
detecting meaningful communities. 

 
Figure 1: An Example Of Community Detection With 

Different Aspects. 
1.4 Objective and Vision of Our Work 

In the field of social network analysis, and 
more specifically in dynamic community detection, 
two fundamental questions arise: 
1. How can communities be detected that reflect 
both the density of social interactions and the 
thematic interests of learners? 
2. How can the community structure be updated to 
identify new communities without recalculating all 
communities at each network snapshot? 

These questions form the foundation of our 
work. The primary objective is to classify learners 
engaged in social learning networks into distinct 
homogeneous communities, where members share 
similar interests and are strongly connected to one 
another. In the event of network evolution, 
community detection should focus exclusively on 
the modified parts of the network, while previously 
identified communities should be updated in an 
adaptive manner. 

To formalize this problem, we consider a 
dynamic social learning network represented as a 
sequence of static graphs evolving over time, 
denoted by 𝐺 = {𝐺଴, 𝐺ଵ, … , 𝐺்}. Each snapshot of 
the network  𝐺௧ = (𝐸௧ , 𝑉௧) is an undirected and 
unweighted graph, where  𝑉௧ represents the set of 
learners (nodes) and 𝐸௧  l their interactions (edges) at 
time t. The communities detected at time 𝑡 are 
denoted by 𝐶௧ = {𝐶଴

௧ , 𝐶ଵ
௧ , … , 𝐶௡

௧} where 𝑛 > 1 and 
some communities may overlap, allowing a learner 
to belong to multiple groups due to their diverse 
interests. 

The main objective is to partition the graph 
𝐺௧ into different communities 𝐶௧ at any given time 
t, such that the members of each community 𝐶௜

௧ hare 
similar interests and are densely connected, while 
being weakly linked to other communities 𝐶௝ஷ௜

௧ ∈  𝐶௧
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. Moreover, as the network evolves, the community 
structure 𝐶௧ must be updated based on changes in the 
network to generate 𝐶௧ାଵ, while preserving the 
properties of previously detected communities. 

1.5 Impact and Future Perspectives 
Our approach also raises several promising 

avenues by proposing a method that combines both 
the social learning networks dynamics and the 
context of the learners: 
 Analysis of learning dynamics: Identify 

collective learning trends, learner behaviors and 
emerging learning themes. 

 Personalization of learning paths: Suggesting 
content directly to learners according to their 
learning specifics, such as their social behavior 
and predictive success models. 

 Practical applications: This method can be 
applied to real-world cases such as online 
learning and personalized recommendation 
systems. 

Our approach thus makes it possible to 
address the challenges of dynamic community 
detection while ensuring actionable outcomes for 
educational stakeholders. 

2. LITERATURE REVIEW 
 

Community detection in social networks is 
a rapidly growing research area, with particular 
attention given to dynamic networks. This section 
reviews existing work, focusing on methods for 
community detection in both static and dynamic 
networks, as well as on the integration of structural 
and contextual information. 

2.1. Community Detection in Static Networks 
 

In the literature, initial community 
detection methods follow to represent social 
networks as static graphs with nodes corresponding 
to users and edges for interactions between users. 
Among them, the Louvain algorithm [1] is the most 
well-known for its effectiveness in maximizing 
modularity, a commonly used quality measure for 
evaluating the compactness of the discovered 
communities. Modularity The modularity of a given 
partition in the network is a property of the partition 
and is defined as difference between the realized 
density of links between the vertices of the 
community and the expected density of links 
between the same vertices in a random network [2]. 

A notable variant of this method is the I-Louvain 
algorithm that takes some node attribute (e.g., 
personal features, interested regions) into 
consideration to improve community quality [8]. 
Nevertheless these methods have one important 
drawback that they are focused mainly on static 
networks, what does not make them particularly 
suitable for dynamic networks in which the network 
structure can change thus the appearance or 
disappearance of the nodes and interactions over the 
time. 

2.2. Community Detection In Dynamic Networks 
With the continuous evolution of social 

networks, it is important to note that user interactions 
are constantly changing, making static approaches 
often ineffective. Early attempts were based on 
applying algorithms to initial snapshots, adapting 
them through successive detections and associating 
them with communities identified over time [6][9]. 
However, this strategy faces a computational burden, 
as change-detecting methods generally require a full 
recomputation of communities throughout the entire 
network timeline. 

To overcome this issue, two approaches 
have been developed, DynaMo and Zhao [3][7], 
which focus only on the modified parts of the 
network, thereby emphasizing computational 
efficiency. Finally, the resulting community 
structures may differ: the first approach performs a 
gradual adjustment based on maximizing modularity 
after each node change, while the second efficiently 
detects communities by adapting them based on the 
induced subgraph. 

2.3. Integration of Structural and Contextual 
Information 

The main principle of the methods presented 
so far is to detect communities based on the structure 
of networks. However, this approach is limited by the 
exclusion of any other type of information about 
learners. User profile information, such as interests 
and activity patterns, is thus ignored. According to 
recent studies, such contextual information can 
potentially enhance the quality of detected 
communities. In this regard, two methods have been 
proposed for dynamic community detection: 
NEIWalk, which relies on random walks weighted by 
contextual similarities [5], and I-Louvain, which 
modifies the traditional modularity function to 
combine node attributes with their network 
connections in order to produce higher-quality 
communities[8]. 

Nevertheless, even these newer methods, which 
rely on enriched networks for community detection, 
overlook the challenges posed by dynamic network 
environments. 
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2.4. Applications in Social Learning Networks 
In the educational context, social networks 

are characterized by frequent interactions among 
learners and diverse learning modalities. These 
networks offer several opportunities, such as 
analyzing learner interactions to identify groups of 
students who share common learning interests [4], 
personalizing learning paths by recommending 
resources based on individual needs using contextual 
information [10], and predicting academic 
performance by integrating predictive models such 
as linear regression to anticipate learners’ outcomes 
based on their interactions and interests [11][12]. 

 
2.5. Summary of Limitations 

Nevertheless, there are still several 
limitations of existing approaches whose 
optimization has not been fully accounted for large-
scale and dynamic graphs and which are not as 
flexible for coping with both structure and context 
incorporated in a dynamic way. These deficiencies 
reveal the requirement of a hybrid approach which 
can combine structural as well as contextual 
information while adjusting to the changeable 
behavior of dynamic networks. 

3. PROBLEME DEFINITION 
 

In this section, we present the LEMCD 
algorithm, the first phase of our methodological 
framework that aims to detect the initial structure of 
communities. First, we provide an overview of 
LEMCD, followed by a detailed description of the 
different steps. 

3.1 Overview of the LEMCD Algorithm 
Our LEMCD algorithm (see algorithm 2 and 

figure 3) is based on community discovery by 
leveraging both the content information shared by 
learners and the contextual data extracted from their 
interactions. In the first step, all texts available in the 
social learning network are extracted and classified 
as distinct documents. A data preprocessing phase 
(line 1 of algorithm 2) is then carried out to produce 
a homogeneous dataset suitable for subsequent 
analysis. At line 2, learners’ areas of interest are 
identified using a hybrid approach that combines 
statistical and semantic measures. 

Based on the thematic topics identified in 
step 2, learners are grouped into several thematic 
clusters according to their interests (step 3). Finally, 
in the last step (step 4), a structural link analysis is 
applied within each thematic cluster to detect the 
communities. 

 

Figure 2: (a) The Content Of G Is Structured Into a Set Of Documents 𝑑, Where Each 𝑑௜ Represents User i's 
content.(b) Documents Are Grouped By Shared Topics.(c) Users Are Clustered Based On Their Topics Of Interest, 

With Multi-topic Users Treated As Overlapping Nodes (e.g., node 2).(d) The Louvain Method Refines Cluster Density, 
Identifying Dense Groups As Communities. 

3.2 Content and Structure Information-Based 
method For Community Detection: LEMCD 
Algorithm 

In this section, we present the different steps 
that make up the LEMCD algorithm. These steps are 
essential for capitalizing on the structural and 
contextual information related to learners, with the 
goal of efficiently identifying meaningful 
communities. 

 Step 1: Data preprocessing 

The first step of our approach involves using 
as input a collection of texts (emails, blogs, 
comments, messages, etc.) originating from social 
learning networks. The main objective is to clean and 
prepare the data so that it becomes homogeneous and 
usable for the following steps. 

 Step 2: Grouping of social sbjects and topic 
detection 

Social learning networks serve as platforms 
for aggregating information posted by learners 
through various social objects (texts, images, and 
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videos). To detect or capture learners’ interests, our 
approach relies on analyzing the different types of 
social objects, primarily textual content.  

A study conducted by the authors of [13] 
analyzed the content of emails and blogs to identify 
themes discussed in social networks. Similarly, other 
researchers [14], [15] examined several social 
networks where content was in textual form. In our 
methodological framework, the topic detection phase 
is carried out separately from the community analysis 
phase (structural link analysis). This separation 
allows us to examine the network content based on 
its specific type. 

Our approach can thus be applied to 
different types of social objects by slightly adjusting 
the topic detection phase, using a model capable of 
grouping the considered objects. This flexibility is 
one of the major strengths of our methodological 
framework, making it particularly effective for 

communication and information dissemination in 
real-world networks. 

However, it is important to note that the 
results obtained depend heavily on the model used to 
group social objects. Therefore, this process must be 
highly accurate, regardless of content type. Based on 
the data available in the literature, our work primarily 
focuses on organized textual social objects. 
Furthermore, we propose a hybrid model based on 
statistical and semantic measures to capture learners’ 
thematic interests. 

In the LEMCD algorithm, one or more 
topics are assigned to each learner according to their 
areas of interest. To achieve this, we analyze the texts 
extracted from the network and apply the k-means 
clustering algorithm to divide the textual data into k 
clusters (or classes). 

 

Figure 3: Steps Of LEMCD Algorithm 

Algorithm 1: Topic detection 

Input: D: Set of documents, k: Number of clusters, γ: Weighting parameter (0 ≤ γ ≤ 1), L: Number of selected 
keywords 
Output: Clusters with labels 
BEGIN 
 Clusters ← k_means(D, k)// Step 1: Document clustering 
 𝑊௥ ← Select_Relevant_Terms(D)// Step 2: Selecting relevant terms 
 for each term w in 𝑊௥do// Step 3: Calculating term scores 
  S(w) ← Compute_Score (w, 𝑊௥) // Based on a similarity equation (7) 
 end for 
 Sort 𝑊௥indescending_order based on S(w)// Step 4: Selecting keywords 
 Labels ← Select_Top_L (𝑊௥, L) 
 return Clusters, Labels// Step 5: Return clusters with labels 
END 

Algorithm 2: LEMCD algorithm 

Input: G: Social network with textual content 
Output: Overlapping communities 
BEGIN 
 G_cleaned ← Clean_Data(G)// Step 1: Data preprocessing 
 Thematic_Clusters ← Topic_Detection(G_cleaned)// Step 2: Topic detection using Algorithm 1 

 for eachCluster C IN Thematic_Clusters DO// Step 3: Community construction 
  Apply_Louvain(C) // Detecting dense communities 
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 end for 
 returnOverlapping_Communities// Step 4: Return overlapping communities 
END 

At this stage, for each cluster, the problem 
at hand is to find relevant and appropriate terms from 
a topic. The selection is performed in the light of 
two kinds of measurements: statistical and semantic. 
The theme detection is implemented in a series of 
logical-related steps, which in turn consists of two 
sub-steps: 
 Keyword extraction: The goal is to identify 

candidate words in the texts that can be used to 
represent a topic. We do so by relying on a 
grammar analysis tool which extracts nouns of 
the text. Then we derive the pre- and post-words 
of each noun, which will be candidate 
processing words. 

 Concept selection: We choose words from the 
words extracted in the keyword extraction that 
are most relevant to a topic. This is achieved by 
merging two principal techniques: a statistical 
and a semantic technique. These two methods 
assist in measuring the relevancy of potential 
terms to the discovered topics. 

Statistical measure: 𝝌𝟐 improved. 
Statistical significance of terms is 

determined by means of the chi-squared 𝜒ଶ statistic, 
which measures the strength of association between 
a term 𝑤 and a topic 𝑇 it is useful for showing how 
often a term occurs with respect to a given topic in 
contrast to the term's occurrence throughout the 
entire educational social network. Through 
quantifying this dependence, the 𝜒ଶ test allows to 
differentiate terms, which are both common and 
discriminative for describing particular thematic 
clusters. 

The 𝜒ଶ statistic is defined as follows[1][2]: 

𝜒௪,்
ଶ =  ෍ ෍

(𝑂(𝑖, 𝑗)  −  𝐸(𝑖, 𝑗) )ଶ

𝐸(𝑖, 𝑗)
୨∈{୘,୘ഥ}୧∈{୵,୵ഥ }

   
 (1) 

with : 

 𝑂(𝑖, 𝑗) represents the observed frequency of the 
term 𝑤 in the theme 𝑇, 

 𝐸(𝑖, 𝑗)  is the expected frequency, calculated as: 

𝐸(𝑤, 𝑇) =  
1

𝑑
 ×  ෍ 𝑂(𝑖, 𝑇)

୧∈{୵,୵ഥ }

 ×  ෍ 𝑂(𝑤, 𝑗)

୧∈{୘,୘ഥ}

  
 (2) 

with 𝑑, the total number of documents. 
Term similarity measure based on conditional 
mutual information 

It is evident that in many real-world 
systems, several words have similar meanings and 
are used interchangeably (as synonyms) to describe 
the same concepts. For example, in the domain of 
community detection, the two terms “graph” and 
“network” are often used to describe interactions 
between entities within a system. The main goal of 
this step is to select, for each topic 𝑇, semantically 
similar words that were identified during the previous 
step. 

To achieve this objective, we calculate the 
similarity between the words belonging to a topic T 
and the relevant terms using Conditional Mutual 
Information (CMI). Considering a set of terms 𝑊் 
(words belonging exclusively to topic 𝑇), 𝑊௥ 
(relevant terms), and 𝑊ᇱ (words not belonging to 
either 𝑊் or 𝑊௥), the conditional mutual information 
𝐼( 𝑤௥ ∈  𝑊் , 𝑤 ∈  𝑊௥ ∣∣ 𝑊ᇱ ) measures the average 
amount of information shared between 𝑊் and 𝑊௥ 
given 𝑊ᇱ. 

The similarity measure is defined in equation 3:

𝑠𝑖𝑚(𝑤௥, 𝑤 ∈ 𝑊்) =
1

2|𝑉| 
෍(

min (𝐼(𝑧௜ , 𝑤௥ ∣ 𝑤ᇱ), 𝐼(𝑤, 𝑧௜ ∣ 𝑤ᇱ))

max (𝐼(𝑧௜ , 𝑤௥ ∣ 𝑤ᇱ), 𝐼(𝑤, 𝑧௜ ∣ 𝑤ᇱ))
௜

+  
min (𝐼(𝑤௥, 𝑧௜ ∣ 𝑤ᇱ), 𝐼(𝑤, 𝑧௜ ∣ 𝑤ᇱ))

max (𝐼(𝑤௥, 𝑧௜ ∣ 𝑤ᇱ), 𝐼(𝑤, 𝑧௜ ∣ 𝑤ᇱ))
) 

(3) 

with : 

 V is the vocabulary in the theme 𝑇, 
 𝐼(𝑧௜ , 𝑤௥ ∣ 𝑤ᇱ) represents the conditional mutual information between the terms 𝑧௜ , 𝑤௥  et 𝑤ᇱ according to 

their appearance. 

The conditional mutual information (CMI) used in 
this work is formulated in Equation 4:
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𝐼( 𝑧௜ , 𝑤௥ ∣∣ 𝑤ᇱ ) =  ෍ ෍ ෍ 𝑃(𝑧௜ , 𝑤௥ , 𝑤ᇱ)

௪ᇲ∈ ௐᇲ௪ೝ∈ ௐೝ௭೔∈ ௐ೅

log (
𝑃(𝑤ᇱ) 𝑃(𝑧௜ , 𝑤௥ , 𝑤ᇱ)

𝑃(𝑤௥)𝑃(𝑧௜ , 𝑤ᇱ)
) 

(4) 

In this approach, 𝑃(𝑤ᇱ) represents the 
probability of occurrence of the word 𝑤ᇱ. The terms 
𝑃(𝑧௜ , 𝑤ᇱ) and 𝑃(𝑤௥ , 𝑤ᇱ) respectively denote the co-
occurrence probabilities of the word pairs 𝑧௜ and 𝑤ᇱ, 
as well as terms 𝑤௥ et 𝑤ᇱ. More generally, 
𝑃(𝑧௜ , 𝑤௥ , 𝑤ᇱ) refers to the probability of co-
occurrence of the terms 𝑧௜, 𝑤௥ et 𝑤ᇱ within topic 𝑇. 
This probability is estimated by taking the ratio 
between the number of occurrences where 𝑧௜ is 
followed by the terms 𝑤௥ et 𝑤ᇱ within topic 𝑇, and 
the vocabulary size of 𝑇 (see equation 5): 

𝑃(𝑧௜ , 𝑤௥ , 𝑤ᇱ) =  
𝑓(𝑧௜ , 𝑤௥ , 𝑤ᇱ)

|𝑉|
   

 (5) 

with 𝑓(𝑧௜ , 𝑤௥, 𝑤ᇱ) denotes the number of times the 
word 𝑧௜ is followed by the terms 𝑤௥ et 𝑤ᇱ. 

The main objective of the topic detection 
phase is to identify a set of representative words for a 
given subject discussed by users in social networks. 
To achieve this, we propose a hybrid model that 
identifies the most informative terms shared across 
the network 𝑊௥, and captures the semantic 
relationships between these terms and the words 
associated with a given topic 𝑇. 

In the proposed approach, for each topic 𝑇௝, 
the words that exhibit both strong dependence on 𝑇௝ 
and high similarity with the relevant terms 𝑊௥ are 
selected as representatives of 𝑇௝. Accordingly, our 
criterion for evaluating the relevance of terms to a 
given topic consists of two components: a 
dependence measure and a similarity metric, defined 
as follows: 

𝑆(𝑤) =  𝛾 × 𝑟௫మ(𝑤) + (1 − 𝛾) ×  𝑠𝑖𝑚(𝑤௥, 𝑤)  (6) 

where: 

 𝑟௫మ(𝑤) measures the dependence of the word 𝑤 
on the theme 𝑇, 

 𝑠𝑖𝑚(𝑤௥ , 𝑤 ∈  𝑊்)evaluate the similarity 
between 𝑤 and the relevant terms 𝑊௥ in the 
network. 

All words associated with a topic T are 
ranked in descending order based on their score 
𝑆(𝑤), and the 𝐿௧௢௣terms are selected to represent the 
topic 𝑇.  

The parameter 𝛾 ∈ [0,1]  is a weighting 
factor that controls the balance between a word’s 
dependence on the topic and its semantic similarity to 
other relevant terms. When 𝛾 = 1, selection is based 
entirely on topic dependence; when 𝛾 = 0, it relies 
solely on similarity. Values of 𝛾 between 0.5 and 1 
favor dependence, while values between 0 and 0.5 
prioritize similarity. A value of 𝛾 = 0.5 assigns equal 
weight to both criteria. 

In summary, during the topic detection 
phase, the texts from the social network are 
partitioned into 𝑘 classes (topics). For each topic, 
words are ranked in descending order based on their 
score computed using Equation (6), and the 𝐿௧௢௣ 
terms are selected to characterize the topic. 

 Step 3 : Grouping of social objects and topic 
detection 
The main objective of this step is to use the 

identified topics to group users into topic-based 
clusters. In other words, each group of learners 
should ideally share a single common interest. 
However, in our case, a learner may be interested in 
two topics simultaneously. In such situations, the 
learner is considered an overlapping node. This is 
illustrated by the example of a super-node that 
belongs to two different graph clusters (see figure 4). 

 
Figure 4: User’s Partitioning Process Into Diffirent Topical Clusters 
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Let 𝑇 = {𝑇ଵ, 𝑇ଶ, … , 𝑇௞} be the set of topics 
and 𝑈 = {𝑢ଵ, 𝑢ଶ, … , 𝑢௣} the set of users involved in 
the social network. We define the notation 
𝑇𝑜𝑝𝑖𝑐𝑠(𝑢) = {𝑇௜} to represent the set of topics 
associated with a given user 𝑢. In order to group users 
into clusters, we construct a matrix 𝐵 of dimensions  
𝑘 ×  𝑝, where: 

 𝑘 is the number of topics (𝑘 = |𝑇|), 
 𝑝 is the total number of users in the network  

(𝑝 = |𝑈|). 

The elements of the matrix, denoted 𝐵 =
𝑏௜,௝ , are defined as follows: 

𝑏௜,௝ =   න .
ଵ,௦௜ ்௢௣௜௖௦(௨೔)ୀ்೔      ௨∈௎ ,்೔∈் 

଴ ,   ௦௜௡௢௡

 
 (7) 

Thus, two users 𝑢௜ and 𝑢௟ belong to the same 
group if 𝐵௝,௜ = 𝐵௝,௟ = 1. 

For example, consider a social network in 
which each learner is represented by a node and their 
interactions are represented by edges. Each node is 
annotated with the topics corresponding to the 
learner’s interests. In this example, we have three 
topics 
 𝑇 = {𝑀, 𝐸, 𝐿} and a set of 13 learners 𝑈 =
{1,2, … ,13}. 

By applying this approach, we form three 
topic-based clusters: 

- 𝑇ெ௔௧௛ = {1,2,3,4,5,6} 

- 𝑇ா௖௢௡௢௠௬ = {2,7,8,9,10,13} 

- 𝑇௅௔௪ = {11,12,13} 

 Step 4: Link analysis within each thematic 
cluster 

According to some of the above topic 
clustering of learners, they may have strong interests 
in common, however have weak interaction between 
them. This may lead to sparsely populated 
communities, which is far from what is meant to be 
a community. On the other hand there are users that 
tend to cooperatively engage more with others with 
similar interests, in this case, resulting in learner 
groups of a higher density. We use a static 

community detection method to find such subgroups 
of students that are densely connected to each other 
inside them. To have an optimal internal structure 
for each thematic cluster, We work with Louvain 
algorithm [1], which maximizes modularity while 
being relatively fast to compute. The original version 
of our main technique for detecting isolated 
communities is presented in Algorithm 2. 

3.3 Dynamic Community Detection Via the 
LEMACD Algorithm 

One of the key tasks in community detection 
for dynamic networks is to identify community 
structures at each snapshot of the network. Most 
existing methods recompute the entire network 
structure from scratch or process the whole network 
at every update. While theoretically sound, this 
approach is computationally intensive and results in 
extremely slow algorithms, even when only minor 
changes occur in the network. Such a scenario is 
common in social networks, where connections 
evolve continuously with the addition or removal of 
learners and their interactions. In this context, an 
effective solution is to develop methods that focus 
only on the modified portions of the network while 
leveraging prior knowledge of the initial community 
structure. 

In this article, we introduce the LEMACD 
algorithm (Learning-based Method for Adaptive 
Community Detection), which is designed to 
dynamically detect and update community structures 
in constantly evolving educational networks. This 
algorithm not only incorporates structural 
interactions among learners but also contextual 
information related to their academic interests, while 
adapting to the network’s gradual changes. 

LEMACD is based on a detection method 
that balances accuracy and efficiency while 
minimizing information costs. It places particular 
emphasis on learning dynamics. Community 
evolution is analyzed to identify learner groups with 
similar engagement patterns and to predict academic 
performance. By combining historical data on 
interactions and topic interests with updated network 
information, LEMACD demonstrates the ability to 
track community dynamics with high precision and 
speed. 
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Figure 5: Main Steps Of LEMACD Algorithm 

3.3.1. Overview Of The LEMACD Algorithm 
In this subsection, we give a complete result 

one of the key output of our work—the LEMACD 
algorithm. It is the underlying mechanism that is 
designed to build dynamically the community 
structure after each network modification. The main 
aim of LEMACD is to help in community discovery 
in dynamic educational networks, by considering the 
changing behaviours of learners. At each network 
change iteraction, LEMACD tries to adapt the 
community structure locally rather than doing a full 
reinitialization. The algorithm focuses on two 
primary aspects in order to accomplish this: 

Altered parts of the network: Reconstruction 
of the network may require adding/removing nodes 
(learners) and/or links (interactions), and the 
algorithm concerns itself only with the partitions that 
are affected by the change. 

The previous community structure: The 
algorithm uses information from a previous network 
to optimize the adjustment approach while 
minimizing the impact on the higher level of network 
logic. 

The reasoning of our technique is illustrated 
in figure 5, consisting of two primary stages: 
- Initial structure of communities 

LEMACD begins by identifying the initial 
community structure using the LEMCD algorithm 
described earlier. The original network 𝐺଴ is divided 
into several thematic subgraphs 𝑇𝐶଴ =
{𝑇𝐶ଵ

଴, 𝑇𝐶ଶ
଴, … , 𝑇𝐶௞

଴}, each representing a distinct 
topic. Then, a link analysis is carried out within each 
thematic cluster using the Louvain method [1] to 
detect the final communities. Each community 𝐶௜

଴ is 
associated with one of the thematic clusters, allowing 
each community to be labeled according to the topic 
in which it was identified. 
- Incremental Community Detection 

After the layered structure is developed, 
LEMACD uses a step-by-step method to 

incrementally update communities with the evolution 
of the network at each step during the time evolution. 
There are four essential steps to this process: 

a. Identification of modified parts ∆𝑮𝒕: The 
structure of social leanring networks is 
continuously changing, in contrary to static 
graphs. To find out dynamic changes, we use the 
definition of the algorithm to identify the 
modified components. Changes can be node 
adding or removing (new learners appear or 
disappear) and edge adding and removing (new 
or interrupted interactions). 

b. Node addition : The addition of new learners is 
detected by comparing the sets of nodes in the 
graph at time t with those at time 𝑡 − 1. If these 
new nodes interact with existing members of a 
community, the structure remains stable. 
Otherwise, new communities may emerge in the 
relevant topic clusters. 

c. Deleting nodes : When a learner drops out of the 
network, the local connectivity of communities 
can change. If removing a node splits a 
community, LEMACD restructures the 
community accordingly. 

d. Adding and deleting edges : New interactions 
(intra-community or inter-community) influence 
community density differently. Adding edges 
within a community strengthens cohesion 
without altering the overall structure, while 
interactions between different communities can 
lead to mergers or structural adjustments. 

The adapted parts of the graph are 
considered with the academic content of the learners 
so that community updates reflect both the interests 
and the learning behavior of the members. 
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3.3.2. How Does The LEMACD Model Handle 
Network Evolution Events? 

In this subsection, we explain how the 
LEMACD model handles the four types of network 
evolution events mentioned earlier. 

a) Handling the addition of a new learner 
Let us examine the first scenario, in which a 

new learner  𝑢 and their interactions are added to the 
graph 𝐺௧. To insert 𝑢 into the appropriate 
community, we identify their topics of interest 
(thematic groups) using Algorithm 1. Based on the 
local information associated with 𝑢 (𝑇𝐶(𝑢)), two 
situations can occur: 

 If 𝑇𝐶(𝑢) does not exist in the set of thematic 
clusters 𝑇𝐶௧ିଵ, a new thematic cluster is 
created containing only 𝑢, and the existing 
communities remain unchanged. 

 If 𝑇𝐶(𝑢) exists in 𝑇𝐶௧ିଵ, 𝑢 is inserted into the 
corresponding thematic cluster. We then 
check whether 𝑢 is an isolated node, i.e., 
𝑑(𝑢) = 0. If so, a new community is created 
containing only 𝑢, and the existing community 
structure is preserved. The event becomes 
more significant and commonly observed 
when 𝑢 is introduced along with links that 
connect them to one or more existing 
communities. In this case, we check whether 
all neighbors of 𝑢 belong to the same 
community. 

b) Handling the addition of a new interaction 
When a new interaction appears between 

two nodes (𝑢, 𝑣) , a new edge 𝑒௨,௩ is added to the 
graph 𝐺௧ . Depending on the type of edge, this event 
falls into one of two categories: 

 𝑒௨,௩  is considered an intra-link if both endpoints 
𝑢 and 𝑣 belong to the same community. 

 𝑒௨,௩  is considered an inter-link if it connects 
nodes from different communities. 

Cas 1: If both endpoints of 𝑒௨,௩ are located within the 
same subgraph, we first check whether 𝑒௨,௩ is an 
intra-link. If it is, the current community structure 
remains unchanged. If not, we update the community 
structure within the corresponding subgraph using 
the Louvain method, while leaving the other 
subgraphs unaffected. 

Cas 2: If the endpoints of 𝑒௨,௩  belong to different 
subgraphs, we update the current community 
structure by inserting each endpoint into its 
appropriate community. 

 

 

c) Deletion of an existing learner 
In order to refine the community structure when 

the current learner 𝑢 is removed in the network, we 
discuss two sub-cases: 
 If 𝒖 has a degree equal to 1 (𝒅(𝒖) = 𝟏), the 

existing community structure is not affected. In 
this case we just delete 𝑢 and the edge adjacent 
to it on the subgraph. 

 If 𝒖  has more than 1 (𝒅(𝒖) > 1), interactions 
in the affected subgraph may decrease, which 
may generate isolated communities or small 
communities that may be merged. In this case, 
we apply the Louvain method to discover the 
new community structure in the modified 
subgraph TC(u), while leaving the other thematic 
clusters unchanged.  

d) Deleting an existing edge 
The last event concerns the deletion of an 

existing interaction 𝑒௨,௩ between two nodes 𝑢 and 𝑣 
of the network. Depending on the type of edge 𝑒௨,௩ , 
we distingue two cases similar to those of the addition 
of a new interaction: 
 If 𝑒௨,௩  is an intra-link, we recompute the 

community structure only on the corresponding 
subgraph 
 𝑇𝐶(𝑢)(with 𝑇𝐶(𝑢) = 𝑇𝐶(𝑣)) using the Louvain 
method, while keeping the other subgraphs 
unchanged. 

 If 𝑒௨,௩  is an interlink, the community structure 
remains unchanged. 

e) Analyse de la complexité 
In this subsection, we discuss the theoretical 

complexity of our proposed method in the time and 
space domains. We first study the applicability of our 
approach for large-scale networks, since at least some 
of the existing approaches are not very applicable in 
such contexts. The computational effects, and 
particularly the temporal and spatial complexity of 
the algorithms, are some of the driving motivations 
for studying dynamic community detection in social 
networks that are considered in this paper. It follows, 
that we evaluate the theoretical performance of our 
method on the basis of combined time and space 
their complexity. The total complexity of our 
scheme has two terms: the complexity of LEMCD 
algorithm and the complexity of LEMACD. 

Before detailing these aspects, we specify 
that our framework uses the Louvain and K-means 
algorithms, whose time complexity is linear as a 
function of ∣ 𝐸 ∣  (number of edges) and ∣ 𝑑 ∣  
(average degree of nodes), respectively. 

 Time complexity of the LEMCD algorithm 
To calculate the time complexity of our 

approach, we analyze each of its phases separately. 
We start with the LEMCD algorithm, evaluating its 
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time complexity through two major steps: topic 
detection (step 2) and link analysis (step 4) In the 
topic detection phase, we first divide the initial set of 
documents into k clusters using the k-means 
algorithm, whose time complexity is 𝑂(𝑑). Each 
cluster 𝑖 contains a number of words 𝑤௜ , and the total 
sum of words equals 𝑤. To name these clusters, we 
select the relevant words according to Equation (7), 
with a complexity of 𝑂(𝑤 ×  𝑤)  =  𝑂(𝑤²). Then, 
we sort the words in each cluster, which adds a 
complexity of 𝑂(𝑤 log 𝑤). Thus, the time 
complexity of the topic detection (TD) step is: 
 
𝑇௧௘௠௣(𝑇𝐷)  =  𝑂(𝑚𝑎𝑥{𝑑, 𝑤², 𝑤𝑙𝑜𝑔𝑤})  =  𝑂(𝑤²) 

For the link analysis (LA) step, we apply the 
Louvain method on each thematic cluster, with a 
complexity of 𝑂(|𝐸|). Thus, the total time 
complexity of the LEMCD algorithm is: 

 
𝑇௧௘௠௣(𝐿𝐸𝑀𝐶𝐷) = 𝑇௧௘௠௣(𝑇𝐷) +  𝑇௧௘௠௣(𝐿𝐴) 
=  𝑂(𝑤² +  |𝐸|). 

 Time Complexity of the LEMACD Algorithm 
The time complexity of the LEMACD 

algorithm depends largely on the changes occurring 
in the network. To evaluate it, we analyze the 
complexity of each type of event: node or edge 
removal, addition of new edges, and addition of new 
users. 

For the first three types of events, the update 
only involves link analysis using the Louvain 
method, which has a time complexity of 𝑂(|𝐸௖|), 
where |𝐸௖| is the number of edges in the affected 
subgraph. 

The most computationally expensive case 
involves the addition of new users, which requires 
both topic detection with a time complexity of 
𝑂(𝑤௨

ଶ), where 𝑤௨ is the number of words associated 
with the new user and link analysis with complexity 
𝑂(|𝐸௖|). Therefore, the time complexity for adding a 
new user is 𝑂(𝑤௨

ଶ +  |𝐸௖|). 

Consequently, the overall time complexity 
of the LEMACD algorithm at each time snapshot is: 

𝑇௧௘௠௣(𝐿𝐸𝑀𝐴𝐶𝐷)  =  𝑂(𝛥(𝑤௨
ଶ +  |𝐸௖|)) where 

𝛥 denotes the number of changes occurring at each 
snapshot. 
 Space complexity of the LEMCD algorithm 

In our approach, we use a vector to store all 
the words extracted from social networks, with a 
space complexity of 𝑂(𝑤), where 𝑤 is the size of the 
vector. We also use 𝑘 additional vectors to store 
words related to each topic, which adds a complexity 
of 𝑂(𝑤). The matrix 𝐵, of dimensions |𝑈|  ×  𝑘, 
represents users’ topic interests and has a complexity 
of 𝑂(𝑘. |𝑈|). For link analysis using the Louvain 
method, the required space is 𝑂(|𝐸|), where |𝐸| is 
the number of edges in the network. 

Therefore, the total space complexity of the 
LEMCD algorithm is: 
 

𝑇௦௣௔௧௜௔௟(𝐿𝐸𝑀𝐶𝐷)  =  𝑂(𝑤 + |𝐸|  +  𝑘. |𝑈|) 

 Space complexity of the LEMACD algorithm 
For the LEMACD algorithm, we do not 

repeat the user partitioning step; instead, we focus on 
the number of shared words (𝑤௨) and link analysis 
within the modified clusters. Therefore, the space 
complexity at each snapshot is: 
 𝑇௦௣௔௧௜௔௟(𝐿𝐸𝑀𝐴𝐶𝐷)  =  𝑂(𝑤௨  +  |𝐸௖|) 

The computational complexity of our 
approach was compared with several static and 
dynamic community detection algorithms. Table 1 
presents the time and space complexities of these 
methods. 

For dynamic algorithms such as NEIWalk 
and FacetNet, time complexity is heavily influenced 
by the number of network changes (i.e., (|𝛥𝑈௧| and 
|𝛥𝐸௧|). In contrast, our approach, LEMACD, stands 
out with a time complexity of 𝑂(𝛥(𝑤௨

ଶ +  |𝐸௖|)), 
where 𝛥 represents the number of changes per 
snapshot, and a space complexity of 𝑂(𝑤௨  +  |𝐸௖|), 
demonstrating its efficiency in handling dynamic 
network evolution. 

Table 1: Computational complexity of some community detection algorithms. |𝑈௧|, |𝐸௧| represent respectively 
the number of nodes and edges of the network at time step 𝑡. 𝑑௧is the average degree at snapshot 𝑡. 𝐿 denotes the number 
of iterations. | △ 𝑈௧|, | △ 𝐸௧| denote respectively the number of changed nodes and edges at snapshot 𝑡 

Aproaches Methods Time complexity Space complexity 

Static community detection 
algorithms 

I-Louvain[8] 𝑂(|𝑈| ଶ) 𝑂(|𝑈|) 
Edge betweenness[16] 𝑂(|𝐸|ଶ . |𝑈|) 𝑂(|𝐸|. |𝑈|) 
LPA[17] 𝑂(𝐿. |𝐸|) 𝑂(|𝑈|) 
LEMCD 𝑂(𝑤ଶ + |𝐸|) 𝑂(𝑤 + |𝐸|  +  𝑘. |𝑈|) 

Dynamic community 
detection algorithms 

NEIWalk[5] 𝑂(|𝑈௧|(1 + |𝑈௧|. 𝑙𝑜𝑔|𝑈௧|)) 𝑂(|𝑈௧|ଶ) 
FacetNet[18] 𝑂(𝐿. |𝐸௧|. |𝑈௧|) 𝑂(|𝑈௧|ଶ) 
MIEN[19] 𝑂( |𝑈௧|  + |𝐸௧|) 𝑂(|𝑈௧|) 
LEMACD 𝑂(∆(𝑤2 𝑢 + |𝐸𝑐 |)) 𝑂(𝑤௨ + |𝐸௖|) 



 Journal of Theoretical and Applied Information Technology 
31st January 2026. Vol.104. No.2 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
484 

 

4. RESULTS AND DISCUSSION 
 

In this section, we evaluate the performance 
of the proposed algorithm by conducting in-depth 
experiments on three real-world dynamic social 
networks. As mentioned earlier, the LEMCD 
algorithm is executed only on the initial network 𝐺଴ 
to identify the initial community structure. In 
contrast, the LEMACD method is responsible for 
handling all subsequent modifications in the network 
over time. Therefore, this experimental phase focuses 
primarily on assessing the performance of the 
LEMACD method. 

Before analyzing and discussing the 
experimental results, we first describe the algorithms 
used for comparison, the datasets employed, and the 
evaluation metrics adopted to benchmark our 
approach against existing methods. 

4.1. Experimental Context And Reference 
Algorithms 

In this study, we compare the LEMACD 
algorithm with seven other community detection 
algorithms, including both static and dynamic 
approaches. Two static methods were selected: the 
Louvain algorithm, which relies solely on structural 
information, and I-Louvain, which combines 
content-based and structural data. In addition, we 
include five dynamic algorithms, notably NEIWalk, 
which was specifically designed for content-based 
networks. 

4.2. Dataset Description 
For our experiments, we used a real-world 

dynamic social network dataset: DBLP, a digital 
library focused on computer science publications, 
containing co-authorship relations among 
researchers. The dataset includes more than 3 079 
007 authors and 25 166 964 co-publication 
relationships. In our experiments, each node 
represents an author and each edge represents a co-
authorship relationship. The DBLP dataset spans 
over 50 years of scholarly collaborations. 
For our analysis, we selected citation data from 1993 
to 2017, using annual snapshots. The first five years 
(from 1993 to 1997) were used to establish the initial 
community structure. We focused on three types of 
publications: journal articles, book chapters, and 
conference proceedings. During the preprocessing 
phase, more than 2.2 million articles and 1 million 
authors were processed, and 299 993 unique words 
were extracted from publication titles. For this study, 
we used version 10 of the DBLP dataset, available at: 
http://www.arnetminer.org/citation. 

4.3. Performance Metrics 
The primary objective of our approach is 

based on the idea that the detected communities 
should group users who share similar interests and 

are strongly connected to each other. Therefore, a 
rigorous evaluation must be conducted along two 
dimensions: the purity of the communities and their 
density. In addition, another important aspect is to 
assess the stability and smooth evolution of dynamic 
communities over time. 

For these reasons, we selected two essential 
evaluation metrics modularity and purity which 
respectively measure the density and quality of the 
detected communities. 

Modularity: Introduced by Newman, modularity is a 
widely recognized metric used to assess the quality 
of a network partition into communities. It is based 
on the principle that the higher the modularity score, 
the better the separation between communities. The 
modularity of a thematic cluster TC is calculated as 
follows: 

𝑄்஼ =
1

2𝛼
෍ ቆ𝐴௜,௝ −

𝑑(𝑖)𝑑(𝑗)

2𝛼
ቇ 𝑠൫𝐶௜ , 𝐶௝൯

௜,௝

 
 (10) 

where: 
 𝑖 and 𝑗 represent vertices in the thematic cluster 

𝑇𝐶. 
 𝐴௜,௝ is the adjacency matrix associated with the 

cluster 𝑇𝐶. 
 𝑑(𝑖) is the degree of the node 𝑖. 
 𝐶௜ is the community containing the node 𝑖. 
 𝑠൫𝐶௜ , 𝐶௝൯ = 1 𝑠𝑖𝑠(𝐶௜) = 𝑠൫𝐶௝൯ 𝑎𝑛𝑑 0 otherwise. 

 𝛼 =  
ଵ

ଶ
∑ 𝐴௜,௝௜,௝  is a normalizing factor. 

The overall modularity is obtained by taking 
the average of the modularities of the different 
clusters: 

𝑄 =
1

𝑘
෍ 𝑄்஼೔

௞

௜ୀଵ

  
 

(11) 

with 𝑘 is the number of topics. 

Purity: To evaluate the quality of the detected 
communities, we use a metric known as purity, which 
is defined by the following equation: 

𝑃𝑢𝑟𝑖𝑡𝑦 =
1

𝑚
෍ maxଵ≪௝≪௞ (

𝑛௜,௝

𝑛௜

)

௠

௜ୀଵ

   
 

(12) 

where : 
 𝑚 represents the total number of communities 

detected. 
 𝑛௜,௝ is the number of nodes belonging to the 

community 𝑖 and topic 𝑗. 
 𝑛௜ denotes the total number of nodes in the 

community 𝑖. 
 𝑘 represents the total number of subjects 

detected. 
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The partition obtaining the highest purity 
value is considered the best, from the point of view 
of the themes associated with the communities. 

a) Modularity 
 CORA : The figure 6 shows the evolution of 

modularity scores obtained by different 
community detection methods on the CORA 
dataset. Overall, LEMACD demonstrates stable 
and competitive performance, achieving the 
highest modularity values in several cases 
(notably from iteration 7 onward), with a peak of 

0.4598. In comparison, the FacetNet method 
yields the lowest results, showing significant 
fluctuations and a modularity score below 0.44 
across multiple iterations. MIEN and I_Louvain 
exhibit relatively consistent behavior, with 
similar performance levels, although MIEN 
slightly outperforms I_Louvain in some 
iterations, peaking at 0.4583. Finally, NEWalk 
also demonstrates stable performance but 
remains slightly below that of LEMACD and 
MIEN. 

 

Figure 6: Experimental Results On CORA Dataset Using Modularity 

 DBLP : The modularity curve for the DBLP 
dataset (Figure 7) shows that LEMACD 
outperforms the other methods in the majority of 
iterations, reaching a peak modularity score of 
0.4978 at iteration 20. Despite some slight drops 
in the middle iterations, LEMACD consistently 
maintains higher modularity than both FacetNet 
and NEWalk. MIEN, which initially shows lower 
performance, gradually improves from iteration 
15 onward, ultimately reaching a modularity 
score of 0.4877. I_Louvain remains stable 

throughout all iterations, with scores around 
0.467, showing no significant improvement. In 
contrast, FacetNet remains the least effective 
method, with values fluctuating around 0.46 and 
exhibiting considerable variability. NEWalk also 
lags slightly behind LEMACD and MIEN. This 
evaluation highlights not only the superior 
partitioning quality achieved by LEMACD on the 
DBLP dataset, but also its ability to consistently 
maintain high performance throughout the 
experiments. 

 

Figure 7: Experimental Results On DBLP Dataset Using Modularity 
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b) Purity 
 CORA : The evolution of purity on the CORA 

dataset (Figure 8) clearly demonstrates the 
superiority of LEMACD compared to the other 
evaluated methods. LEMACD consistently 
maintains high purity values, fluctuating around 
0.90 and reaching a peak of 0.9350 at iteration 15. 
In comparison, I_Louvain and NEWalk offer 
decent but slightly lower performance, with 
results mostly ranging between 0.88 and 0.91. On 
the other hand, FacetNet and MIEN show 

significantly weaker performance, with FacetNet 
dropping as low as 0.8534 and MIEN reaching a 
minimum of 0.8333. The observed trend 
highlights the robustness of LEMACD not only 
in terms of modularity, but also in terms of 
grouping quality, providing more accurate 
community separation than competing 
approaches. These results confirm the 
effectiveness of LEMACD on complex academic 
graphs such as CORA. 

 

Figure 8: Comparison Results Of Purity Between LEMACD And Other Algorithms (CORA) 

 DBLP : On the DBLP dataset (Figure 9), the 
LEMACD algorithm once again confirms its 
superiority in terms of purity. Its performance 
ranges between 0.91 and 0.94, with a peak 
observed around iteration 10. The I_Louvain 
algorithm ranks second, demonstrating consistent 
results around 0.89, yet it fails to reach the 
performance levels achieved by LEMACD. In 
contrast, the FacetNet and MIEN methods yield 
lower and less stable outcomes, with purity values 
dropping below 0.84 for FacetNet and below 0.85 

for MIEN on several occasions. The NEWalk 
approach occupies an intermediate position, 
delivering results slightly below those of 
LEMACD but occasionally outperforming 
I_Louvain depending on the iteration. This 
overall trend highlights the robustness of 
LEMACD in accurately identifying communities 
within large-scale academic graphs, clearly 
outperforming other evaluated methods in terms 
of clustering quality. 

 

Figure 9: Comparison Results Of Purity Between LEMACD And Other Algorithms (DBLP) 
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5. CONCLUSION 
 

In this paper, we proposed a two-step 
methodological model, named LEMACD, for 
community detection in evolving learning social 
networks. The first step, based on the LEMCD 
method, enables the identification of the initial 
community structure, while the second step ensures 
incremental and adaptive updates in response to 
network evolution. 

The proposed framework relies on an 
approach that integrates both the network topology 
and the semantic content of nodes to identify 
communities with improved structural and semantic 
coherence. This approach is particularly relevant to 
online learning environments, as grouping learners 
with shared interests helps foster engagement and 
enhance educational outcomes. Our experiments on 
real-world networks demonstrate that the LEMACD 
algorithm is effective in detecting high-quality 
communities, both in terms of connectivity and user 
preferences, while ensuring fast and scalable 
handling of network modifications. 

However, certain challenges remain. On 
online learning platforms, community structures 
continuously evolve due to learner enrollments and 
withdrawals, interpersonal interactions, and changes 
in educational content. As a result, between two time 
points 𝑡௜ and 𝑡௝ (with 𝑗 > 𝑖), a learner community 
may expand, split, shrink, remain stable, or merge 
with another community. We define these 
transformations as critical events, which need to be 
monitored and analyzed to optimize the organization 
of learning groups. Yet, few studies explicitly address 
these dynamics in the context of online learning. As 
a first future research direction, we aim to extend 
LEMACD to dynamically track the evolution of 
learner communities and adapt educational pathways 
accordingly. 
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