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Abstract: Communication networks, such as social and collaborative networks, are characterized by
a highly dynamic, constantly changing environment. This makes the analysis of such networks, such
as the formation of communities, challenging. The adaptive temporal graph neural network (AT-GNN)
was introduced here to overcome these challenges by incorporating temporal segmentation, feature
extraction, and attention mechanisms. Based on two large-scale datasets, the Stanford Network
Analysis Project (SNAP) and the Digital Bibliography and Library Project (DBLP), the AT-GNN
model considers structural and temporal features for predicting community behaviors. Temporal
segmentation was done through clustering while using node and edge attribute extraction. The
preprocessing stage involved embedding layers, attention mechanisms, and recurrent layers. These
components enabled the AT-GNN model to adjust the weight of essential relationships through dynamic
networks, enhancing the explainability of community changes. A comparison was made between the
proposed model and best-performing models, showing improved predictive accuracy of 98%, precision
of 92%, recall of 95%, and F1-score of 93%. This work emphasizes the scalability, flexibility, and
dynamism of the AT-GNN model and offers a starting point for studying dynamic systems. Future work
will extend to graphs in continuous time and to enormously large networks, improving the model’s
effectiveness in real-time dynamic networks. These developments highlight the applicability of AT-GNN
in various real-world settings, such as social, biological, and organizational networks.
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1. Introduction

Complex dynamic systems are involved in many diverse scenarios: Society, biology,
communication, action plans, and economy. These systems include components in a setting that are
constantly experiencing change; as a result, they are open systems that may contain characteristics that
cannot be deduced from the individual components [1]. This knowledge is necessary to explain the
relationship between the ordered and complex macro-attributes at the top level of the system and the
micro-interactions among system elements, as well as the impact of emphasizing stability or
adaptability on the system status.

A significant area of interest in analyzing dynamic networks is the behavior of communities.
Groups, or sets of interconnected nodes where interconnectivity within the set is higher than between
sets, may be considered the primary entities determining networks’ structural and functional properties.
Computing the formation, development, and disintegration of these communities helps in various
applications, such as analyzing downloadable applications, identifying important groups in micro-
blogging sites, and several other network applications and functions of biological systems [2]. Previous
methodological approaches for analyzing networks have mainly assumed static structures, which do
not adequately represent interactions in complex systems. On the other hand, artificial intelligence (AI)
presents capabilities that other systems cannot provide. Thus, through machine learning and deep
learning, researchers can describe latent relations, simulate nonlinear relations, and forecast future
behaviors in complex networks. Al has succeeded in identifying community evolution patterns in
social networks and studying the functional dynamics of biological systems [3]. There is hope that the
issues of dynamic complex systems can be solved by applying Al to the network evolution theory.

Network evolution theory explains the dynamics of networks and the connectivity and co-
evolution of their components, being even more accurate and scalable when jointly used with Al, which
is good at building predictive models. For instance, Al models can estimate transform points in the
characteristics of a community, spot weaknesses in the structure that may make the community fail,
and indicate what measures may assist the community in becoming stable and strong. Graph neural
networks (GNNs) have emerged as a robust framework for modeling and analyzing graph-structured
data across various applications. In traffic forecasting, GNNs effectively capture spatial and temporal
dependencies within transportation networks, enabling accurate traffic flow and congestion pattern
predictions. Similarly, GNNs play a critical role in communication networks, where they are used to
optimize resource allocation, enhance network routing, and predict link failures by leveraging their
ability to model complex interactions between nodes and edges. Beyond these domains, GNNs have
been successfully applied to social networks for community detection, recommender systems for user-
item predictions, and biological networks for drug discovery and protein interaction modeling [4].

This work aims to outline how Al can be used with network evolution theory to model or emulate
population behavior in diverse systems. The empirical data sources used in this study, the Stanford
Network Analysis Project (SNAP) and the Digital Bibliography and Library Project (DBLP), were
chosen to bridge the gap between theorists and practitioners of complex networks and their dynamics,
addressing questions referring to the formation, development, and interaction of communities.

Dynamic social graphs, communication networks, and biological systems are all relatively
complex structures that exhibit properties and behaviors that change over time. Indeed, these structures
are communities—essentially, sets of closely interconnected nodes that play a pivotal role in sustaining
the functionality and solidity of the system. Responding to and anticipating key changes in these
communities, as well as containing and satisfying disruptions, is crucial. However, several critical
issues persist:
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e Traditional network models, which focus on static snapshots, fail to capture the temporal dynamics
inherent in real-world systems. Networks evolve continuously, with nodes and edges being added
or removed over time, leading to changes in community structures that static models cannot
represent effectively [5].

e Communities in dynamic networks exhibit complex, nonlinear behaviors due to the interactions
among their components. These interactions can cause sudden transitions, such as community
merging, fragmentation, or reorganization, which are challenging to predict using conventional
modeling techniques [6].

e Real-world dynamic networks, such as those derived from large-scale social media platforms or
scientific collaborations, generate vast data. Analyzing and predicting community behavior in such
datasets require methods that are computationally efficient and scalable while maintaining
accuracy [2].

e While AI offers advanced predictive capabilities and the ability to handle complex, high-
dimensional data, its integration with theoretical frameworks such as network evolution theory
remains underdeveloped. Current approaches often lack a unified methodology that combines Al-
driven insights with a theoretical understanding of how networks evolve over time [7].

All these considerations underscore the need for an elaborate framework linking Al with network
evolution theory. When established, such a framework should enable the assessment of the complexity
and predictability of the activity of community members, model the nonlinear nature of real-world
social systems, and provide solutions that incorporate big data. Bridging this gap will address the
knowledge deficit regarding community features and enhance other components of interventions,
thereby improving the reliability/stability of complex structures.

The primary purpose of this study is to develop a theoretical problem approach for applying Al
with network evolution theory to forecast community behavior in large and evolving complicated
systems. Based on the knowledge of current challenges in modeling community dynamics, the study
aims to contribute new knowledge for the efficient management of changing networks.

The specific objectives and contributions of this research are outlined as follows:

e To design and implement an Al-driven framework that leverages network evolution theory for
accurately modeling and predicting the temporal dynamics of community structures.

e To analyze how communities form, grow, merge, fragment, or dissolve over time, identifying key
factors influencing these behaviors.

e To ensure the framework is scalable and computationally efficient for application to large-scale
datasets, such as those from SNAP and DBLP.

e To validate the proposed framework using real-world datasets, demonstrating its applicability
across social networks and academic collaborations.

This paper provides the new AT-GNN model incorporating Al alongside network evolution theory
to respond to the issues of dynamic complex systems. The key contributions include: (1) A new
approach that performs structural and temporal learning while using attention and recurrent layers; (2)
preprocessing methodology for temporal graph partitioning and feature extraction; (3) comprehensive
empirical analysis of large-scale datasets such as SNAP and DBLP, showing the model’s superior
accuracy at prediction, scalability, and flexibility to real-life dynamic systems, providing the right
solution for social structures, organizations, and other networks.

In terms of theory, this study helps to develop the concept of dynamic complex networks. In terms
of practice, it drives important insights into its usability in various fields, such as social network
analysis, biological systems simulation, and infrastructure systems analysis.

This paper is structured as follows: Section 2 briefly describes related work, including network
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evolution theory, Al methods, and community behavior analysis. Section 3 discusses the analytical
schedule involving the concepts of data preprocessing AT-GNN framework and Al models. Section 4
overviews the experimental framework, datasets, measures, and settings. Section 5 presents the results,
emphasizing the accuracy of the model, a comparison analysis, and an assessment of its role in the
study of network evolution. Section 6 summarizes the paper’s main contributions and envisions the
limitations and future studies associated with the subject.

2. Related work

Network evolution theory is explorative and serves as a helpful initial step to conceptualizing the
research topic. In contrast with traditional network and connection views that depict connections
within networks at one point in time, network evolution theory incorporates the processes shaping
networks over time. It discusses how nodes and edges are created, removed, or changed and how new
patterns, such as communities and hubs, arise. Among several theories of network evolution, the
preferential attachment concept is the most widely known [8]. This principle explains why certain
nodes become much better connected than others over time, creating scale-free networks. This model
reflects the fact that networks are self-organizing, suggesting that the probability of forming new links
depends on existing ones, similar to social and biological interactions.

Besides growth dynamics, the network evolution theory also focuses on structural changes due to
external or internal forces. For instance, the rearrangement of dynamic networks through rewiring
mechanisms can lead to substantial shifts in characteristics, such as spreading information and
community detection. The preferential attachment model was enriched by Holme and Kim [9],
incorporating aging effects and spatial restrictions.

Network evolution theory applies to two critical fields: Community detection and development.
Communities can be seen as sets of nodes that are more densely connected than other nodes in the
network. Network evolution theory studies the development and disintegration of these communities.
Static models like the stochastic block model (SBM) explain the probability of community structures
and their changes, which are valuable tools for dynamic network studies [9]. Many real-world
networks, such as social service platforms, demonstrate properties that agree with network evolution
theory. For example, the increasing use of technologies such as Twitter and Facebook is consistent
with preferential attachment properties. Similarly, in biological systems, protein interaction networks
are defined by processes like gene duplication and mutation; as such, these networks are adaptable and
robust [10]. Nevertheless, network evolution theory is still not optimal for analyzing complex, real-
world systems. There is still a need for a better representation of phenomena involving interactions and
temporal dependence in a nonlinear way, a significant drawback when using conventional approaches.

Recent efforts in integrating Al with network evolution theory have allowed the development of
predictive and adaptive models [10]. Al has developed into an innovative approach to comprehending
and studying action-based networks. However, using standard network science approaches to analyze
real-life, large, dynamic structures seems to be particularly challenging. Al can analyze billions of complex
relationships and known and unknown interactions in real time, thereby providing superior abilities for
analyzing and identifying patterns and behavioral characteristics and determining insights [11]. A major
use of Al in dynamic networks is the identification of communities within the network. In general,
communities are subgraphs within the considered networks, and nodes within communities bear higher
internal connections than other network nodes; communities might correspond to functionally compact
regions of various types of systems, including social networks, biological networks, or transportation
grids. Clustering and classification techniques have been used for the analysis of temporal dynamics
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as well as for the identification of these communities. For instance, graph neural networks (GNNs) for
deep learning have been proven to break down structural and temporal variant features in growing
networks, whereby consecutive community changes can be predicted accurately [12]. In general, Al is
particularly useful in generating predictive models of network characteristics within a dynamically
evolving network, aiding the researcher in predicting how the network topology and the interactions
between nodes and communities shift over time. Feedback has been helpful for modeling network
adaptive policies, for instance, allocating resources or predicting a network failure. Likewise, recurrent
neural networks (RNNs) and their modern elaborations, such as long short-term memory (LSTM)
networks, have shown remarkable performance in capturing temporal structures within time-related
sequences, which allows applying these techniques for future state estimation of dynamic networks [13].
Dynamic networks may undergo some changes, such as node or link failure, an event, or a transition
to a new state, which may have a big effect on the network. The Al-based approach used in the research
has proved to be the most efficient to detect such disruptions. For example, algorithms like
autoencoders in unsupervised learning can identify patterns in network data and possibly mark some
patterns as abnormal. This is especially useful in cybersecurity, where determining a new
communication or finance network pattern is important [14]. Thus, it is easy to evaluate a large-scale
dynamic network, such as social networks or even global communication networks, with the help of
Al algorithms. Distributed and federated learning approaches can be trained, helping train AI models
using vast amounts of data across smaller segments of the system without hampering performance or
compromising security. This capability is vital for applications where an immediate result is expected,
such as tracking information distribution in social media or the reliability of power grids [15].
Nevertheless, contemporary uses of Al in dynamic networks are still challenging. For example, in
terms of interpretability, extending the Al concept to ultra-large networks or dealing with noise or
incomplete data still presents difficulties. Explainable artificial intelligence (XAI) and using Al
integrated with some specific theoretical frameworks, known as fundamental theories (e.g., theory of
social network evolution), are eager to overcome these faults by offering a solution to the breakdown
of dynamic networks [16].

The domain structure in complex systems is composed of a set of interconnected nodes where
nodes in a community possess higher density than between nodes belonging to different communities.
These communities typically correspond to functional groups and can signify social circles at social
networks, protein aggregates at biological networks, and working crews at academic and professional
networks. Learning about their genesis, development, and disintegration is essential to dynamic
network research. The similarity in characteristics, concerns, or dependency can define the basis of
communities in complex systems. For instance, people with similar traits tend to “stick together” in
social networks, a principle known as homophily [17]. Likewise, in biological networks, proteins that
perform closely related tasks group into structural modules representing biological processes [12]. The
structure of communities in different systems may differ in many ways. When some of the networks
are not obvious, communities are disjointed without any shared nodes; on the other hand, nodes can
belong to more than one community, or one community can be a subset of another community or
cluster, thereby creating community overlap. Such variations are observed deliberately and are closely
associated with the complexity of real-world networks, thus calling for higher-order techniques to
identify and analyze such variations [2]. Dynamic systems are not fixed within the system; they change
by growth, merging, splitting, or dissolution processes within the community. For example, in online
social platforms, the connected user groups might grow as new users are added or shrink as users deny
membership or lose enthusiasm. Biological systems also change, and it is unsurprising to find systems
that can rearrange their protein complexes in response to cell signals or environmental changes. This
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makes it essential to be able to capture these temporal dynamics to fully appreciate the functional
dynamics of the network [18]. Some changes can be detected in temporal networks, so dynamic
community detection algorithms have been introduced. Temporal clustering and graph neural networks
allow for future prediction of community changes and identification of the processes that govern the
dynamics of the observed networks [19]. In complex systems, the behavior of communities has
significant implications for advancing theory, with real-life applications. In social networks,
community analysis can be used, for instance, to determine groups having much influence in a network
or to determine which information is likely to go viral, thereby assisting in controlling the effecting
social interactions. In biological networks, capturing community behavior can reveal critical pathways
or complexes contributing to system biology efforts and drug development [6]. Another aspect of
community behavior analysis also promotes system stability and resilience by analyzing community
behavior. When the list of communities has been defined, interventions can be made to avoid the
degradation of the overall topology of the networks because of the aging structure of some of these
links, as in power grids or communication networks [20]. However, to date, difficulty remains in
studying community behavior, especially in complicated systems, owing to the large size of real-world
networks. Unlike simple structured and methodical data, noise hides communities’ internal structure
and temporal activity patterns. Moreover, traditional approaches can also fail to detect complex
community structures where communities are combined or nested. Therefore, integrating Al with
community detection methods provides a renewed direction toward better analyzing community
structures in large and complex networks [11].

In recent years, dynamic networks have fascinated many researchers because they are flexible
and can model complex systems like social networks, biological systems, and collaboration platforms.
Temporal graph neural networks (TGNNs) are also exciting in this context.

Cai et al. [21] introduced new trends in TGNN to detect dynamic communities in large networks.
Their work proved that capturing temporal dependencies and the evolution of TGNN communities
through recurrent layers and attention mechanisms is possible. They were able to corroborate their
methods on mass datasets, and the results yielded the best results in predicting community behaviors.
This study offers a solid starting point for another type of temporal learning suggested in the AT-GNN-
dynamic network model.

A study by Zhu et al. [22] argued that integrating graph attention mechanisms into temporal
dynamics modeling can boost learning about important relations in emerging networks. Their model
was preferable with higher accuracy rates than conventional methods due to temporality concentration,
noise removal, and generalizability. This work also emphasizes the need for an attention mechanism,
a core feature of our proposed AT-GNN. In their recent work, Taherdoost et al. [23] presented a detailed
comparison of Al-based methods for analyzing the dynamics of networks and the potential of TGNNSs,
RNN, and graph attention networks (GAN), as well as their benefits and drawbacks. These conclusions
pointed to developing highly flexible and scalable solutions, considering the problem’s temporal
complexity. Based on the challenges highlighted in this study, our proposed AT-GNN is designed to
overcome some of the issues of scalability and adaptability. Jin et al. [24] analyzed prospects and
difficulties encountered while using Al for community structure prediction in dynamic networks. Their
review highlighted aspects like space/time complexity vs. predictive performance and the problem of
staying performant in large, diverse networks. AT-GNN seeks to overcome these challenges using
temporal segmentation, feature extraction, and attentional learning while optimizing for scalability and
accuracy. The essential findings, issues, and opportunities related to the study of community behavior
within dynamic complex systems are summarized in Table 1 to pave the way for the proposed
methodology in the subsequent sections.
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Table 1. Community behavior analysis in complex systems.

Aspect Key insights Challenges Opportunities
Community Communities form based  Difficulty in detecting Leveraging Al techniques
formation on shared attributes, overlapping or like GNNs for advanced
interests, or functional hierarchical communities. community detection and
network roles. structural analysis.
Community Due to dynamic Accurately capturing Temporal graph models to
evolution interactions, communities temporal dynamics in forecast community
grow, merge, and split. large, evolving networks.  transitions.
Community Communities influence Quantifying the impact of Developing metrics and
behavior network stability, behavior changes on models to measure and
impact information diffusion, and global network predict behavior-induced
functional organization. properties. changes.
Analysis Statistical models, graph-  Traditional methods often =~ Al-driven models like AT-
techniques based algorithms, and fail to capture nonlinear ~ GNN are used to integrate
dynamic clustering interactions and long- temporal and structural
methods are commonly term dependencies. dynamics effectively.
used.

3. Research methodology

To unravel dynamic networks, the proposed methodology utilizes two big datasets: SNAP [25]
and DBLP [26]. The preprocessing step involves temporal segmentation, which divides the observation
period into temporally contiguous sub-periods using clustering techniques. Next, the feature extraction
process generates intuitive node and edge descriptors. These steps clear the data for the AT-GNN model.

In the AT-GNN model, the first layer is the embedded layer, which transforms the initial graph
G, into a low-dimensional space while preserving structural details. As the network evolves, the model
incorporates new edges G; and G,. The attention mechanism assigns importance to critical node and
edge interactions, focusing on significant relationships. A recurrent layer processes these temporal
dependencies across snapshots, enabling the model to learn dynamic patterns. Finally, the prediction
layer aggregates features to forecast community behaviors or detect emerging structures in Gy. This
scalable and interpretable framework effectively addresses dynamic network challenges. The proposed
methodology is illustrated in Figure 1.
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Figure 1. Proposed methodology for adaptive temporal graph neural network.
3.1. Dataset

The study employs two well-established datasets: SNAP [25] and DBLP [26]. These are elaborate
datasets with rich attributes that allow temporal network dynamics and the evolution of the
communities to be studied. The SNAP dataset contains all the information about the network,
comprising nodes representing users or authors and edges that consist of interactions or connections.
The dataset contains time information for each edge; hence, the temporal aspect of the network can
be reconstructed. The dataset also contains other metadata forms, including nodal attributes for
nodes in the social network (i.e., demographics), domains in the collaboration network, and edge
weights representing the intensity and/or frequency of connections. These attributes prove helpful in
studying community, activity and networking interactions, and evolution.

The DBLP dataset contains bibliographic details related to computer science, where nodes signify
either an author or a publication and edges represent a co-authorship or citation connection. Time-
stamped information, including the publication date, is incorporated to allow for analysis of shifts and
patterns in the collaborative network over time. Other related attributes are available in the form of
author institutional affiliations, publication outlets, and general keywords reflecting the topics of the
papers, all muddling the formation and development of scientific communities. Edge weights can
inform the degree of collaborations or the number of citations, providing deeper layers of observation
of the community structure and behavior. The introduced attributes and their values are described in
Table 2.
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Table 2. Attributes of SNAP and DBLP datasets.

Attribute

SNAP dataset

DBLP dataset

Type of network
Nodes
Edges

Temporal
information

Node attributes

Edge attributes

Network scale

Applications

Social/Collaboration networks (e.g.,
Facebook, Twitter, YouTube)

Users, authors, or entities participating
in the network

Relationships or interactions between
nodes (e.g., friendships, collaborations)

Timestamps for interactions and
network evolution

Demographics, interests, activity levels
(e.g., user profiles in social media)

Interaction frequency, strength of
relationships, weighted links

Millions of nodes and edges; large-
scale networks with diverse structures

Social dynamics, community detection,
network growth, information diffusion

Bibliographic network for
computer science research

Authors or publications

Co-authorship relationships or
citation links

Publication dates for tracking
collaboration and citation
evolution

Author affiliations, research areas,
publication titles

Frequency of collaborations,
number of citations, weighted
edges

Tens of thousands of nodes and
edges focused on academic
collaborations

Evolution of research
communities, topic trends,
collaboration networks

3.2. Preprocessing

Preprocessing is an essential step in preprocessing the SNAP and DBLP datasets for analysis.
Raw data is preprocessed to fit the dynamic network modeling format and identify the tendencies of
community actions. The data is segmented into discrete timeframes, T = {ty, t;, ..., t,}, Where each
tit_iti represents a snapshot of the network at the time ¢;. This enables the study of network evolution
across time intervals. The dynamic network at t; is represented as a graph G; = (V;, E;), where V;
is the set of nodes and E; is the set of edges at ;.

3.2.1. Feature extraction

Node-level and edge-level features are extracted to capture structural and temporal characteristics.
Foranode v € V;:

Degree: d(v) = Yyev, 1((v,u) € Ey), (1)

2

2|{e€E;:eSN ()}

Clustering Coefficient: C(v) = ) d@)-1)

where N(v) is the set of neighbors of v.
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3.2.2. Data cleaning

These are done by identifying edge weights or timestamp anomalies in incomplete or noisy data.
For instance, interactions with outlier timestamps are excluded using a threshold:

t eT,if [t —u| > 30, 3)

where pu and o are the mean and standard deviation of timestamps.
3.2.3.  Graph normalization

Graph normalization is a key task since many dynamic networks can vary their edge weights
across temporal snapshots and, therefore, different networks may have inconsistent features. Edge
weights w(e) are normalized to fall within the range [0,1] using the following formula:

w'(e) = w(e) — min(Wy)max(W,) — min(W,), @))

where W, represents the set of all edge weights in the graph snapshot at the time t, and min(W;)
and max(W;) are the minimum and maximum edge weights in the temporal snapshot, respectively.

This normalization ensures that each edge weight is standardized to the time so that temporal
features can be effectively learned without pre-bias toward the absolute values of weights in an
individual snapshot.

3.2.4. Dynamic graph construction

The preprocessed snapshots {Gy, G, ...,G,} are connected to make a temporal graph Gr =
(Vy, Er, T), where T represents the temporal element of the specified network.

These preprocessing steps prepare the data for Al models’ application in analyzing community
dynamics and behaviors within active dynamic networks.

3.3. Al techniques for community behavior prediction

The temporal patterns generated by the actions of adaptive communities in growing networks are
described and predicted using AI methods based on structural and temporal data.

3.3.1. Adaptive temporal graph neural network (AT-GNN)

The current work presents the AT-GNN model to enhance the performance of existing GNNs in
temporal networks. The structural and temporal mobility information is integrated into this model
through adaptive attention mechanisms and recurrent layers. This approach can be used to anticipate
the community’s reaction to an emerging comprehensive system framework.

AT-GNN operates on a temporal graph Gr = {G4, G5, ..., Gy}, where each graph snapshot G; =
(V¢, E¢) represents the state of the network at time t. The node set V; and edge set E; may vary over
time, capturing the dynamic nature of the system.

For an embedding update rule at each layer [, the embedding of a node v at time t, denoted as
h,(,t’l), is updated using a combination of structural aggregation, temporal memory, and adaptive attention.
At structural aggregation, the node embeddings are aggregated from neighbors:
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Rt = 5 (WS“) 466 ({hSP:u e N(v)})), (5)

where Ws(l) is a structural weight matrix, AGG is an aggregation function (e.g., mean), and ¢ is a
nonlinear activation function.
At temporal memory update, the recurrent layers model the temporal evolution of embeddings:

h1(]t+1,l) = LSTM (hgt'l),AGG ({hzst’l): u e N(U)})), (6)

where the long short-term memory (LSTM) network captures temporal dependencies in the node’s
neighborhood.

The model assigns dynamic importance to neighbors based on temporal context through an
adaptive attention mechanism. For each attention head h in a multi-head attention setup, the attention

coefficient al(,zh)between nodes v and u attime t is computed as follows:

“ (th) _ ex p(LeakyReLU(a,Tl [Whh,(,t'l) IIWhh,Ef‘l)])
vu

(7

Tken () €x p(LeakyReLU(a}Tl [Whhét’l) IIWhhl(f'l)D’

e ay, is a learnable attention vector specific to the ht" attention head,

e W, is the weight matrix for the h‘" head,

e || denotes concatenation of the embeddings of nodes v and u,

e N(v) represents the set of neighbors of node v,

o softmax normalization ensures that Y,enw) al(,zh) =1 for numerical stability and
interpretability.

For multi-head attention, the outputs from all H attention heads are concatenated as:

(t1+1) _ (t,h) )
Zy _”g=1 ZuEN(v) Ay Whhu > (8)

where z,S““) represents the updated embedding for node v at the next layer.

The final embedding at time t combines structural, temporal, and attention components:

t+1,1+1 l tl+1 t), (61
RS = g (W - (A + Buena abihl ) ) ©)
where WC(D 1s a combination weight matrix.
The model is learned by supervised learning to predict the community membership or dynamic
label. For community classification, the loss function is cross-entropy:

Lejass = — Zvevmu-n Zgzl yv,clog yv,c- (10)
Additionally, a temporal regularization term encourages stability in embeddings across time:
2
- t+1 t
Ltemp = AZ{=112vEVt hI(J ) - hf} ) ||25 (11)
where A is a regularization coefficient.
The total loss combines these terms:
L = Leigss + Ltemp- (12)

AT-GNN provides temporal awareness incorporating LSTM layers to capture long-term temporal
node and edge dynamics dependencies. Dynamic attention adapts to the changing importance of
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neighbors across time using an attention mechanism. Regularization for stability penalizes abrupt
changes in embeddings, promoting smooth transitions in predictions. Scalability modular design
allows efficient training on large-scale dynamic graphs.

The AT-GNN model is configured with carefully selected hyperparameters to ensure optimal
performance and reproducibility. The learning rate is set to 0.001 for stable convergence, with 3 layers and
a hidden dimension of 128 to capture complex temporal and structural patterns. A dropout rate of 0.3
prevents overfitting, while training for 50 epochs with a batch size of 646,464 ensures efficient gradient
updates. The Adam optimizer, with default parameters (31 =0.9, B2 =0.999), is used for its adaptability
and robustness. These hyperparameters strike a balance between accuracy, computational efficiency,
and model generalizability, making the AT-GNN effective for dynamic network datasets like SNAP
and DBLP.

The AT-GNN enhances conventional GNNs by integrating temporal and adaptive mechanisms,
making it highly effective for modeling and predicting community behavior in dynamic networks.

3.3.2.  Recurrent neural networks (RNN5s)

RNNSs are a type of neural network used explicitly for time series data. They are helpful when
capturing the dependencies and behavior changes for the nodes and communities occurring at time
points in dynamic networks. In the context of dynamic graphs, RNNs process a sequence of network
snapshots, learning temporal patterns to predict future states.

At time t, an RNN processes input features x, € R? and a hidden state h,_; € R" (from the
previous time step) to compute the current hidden state h, € R". The update rule is defined as:

he = f(Wphe—q + Wyxe + bp), (13)

where:
o W), € R™" is the recurrent weight matrix,
e W, € R™4 is the input weight matrix,
e b, €R" is the bias vector,
e [ isanonlinear activation function, such as tanh or ReLU.
The hidden state h, captures information from both the current input x, and the previous state
h;_4, enabling the network to model temporal dependencies.
The output at time t, y, € R°, is computed as:

yve = gWyhy + by), (14)

where:
e W, € RO*M is the output weight matrix,
e b, € R’ is the output bias vector,
e g is an activation function, such as a softmax for classification tasks.

Standard RNNs suffer from vanishing and exploding gradients, limiting their ability to model
long-term dependencies. Enhanced variants like LSTM networks and gated recurrent units (GRUs)
commonly address this.

3.3.3. Long short-term memory (LSTM)

LSTM networks introduce memory cells that control the flow of information using gates. The key
equations for LSTMs are:
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Forget Gate: f; = o(Wsx; + Ughi_q + bf), (15)

where f; € [0,1]" determines which parts of the previous cell state to retain.
Input Gate: it = O-(Wixt + Uih’t—l + bl’), (16)
C~t = tanh(Vcht + UCh’t—l + bC)’ (17)

where i, € [0,1]" decides which parts of the new candidate memory C, to add to the cell state.

Cell State Update: C, = f; © C_y + i O Cy, (18)
where (O denotes element-wise multiplication.

Output Gate: oy = a(Wyx; + U,hi_1 + b,), (19)
h’t = O¢ O tanh(Ct), (20)

where o, € [0,1]" determines which parts of the cell state contribute to the hidden state.

The temporal modeling in dynamic networks, RNNs (or LSTMs), processes sequences of network
features. For a dynamic graph G = {G4, G5, ..., G}, where each snapshot G, = (V;, E;) has features
X, € RVt1X2 the RNN learns a temporal representation for each node v € V.

The hidden state h,, foranode v attime t is updated using:

hye = LSTM (Xp¢, Ry p—1), (21)
where x,,, is the feature vector of node v at t.

For prediction and loss function, the model predicts node or community-level properties (e.g.,

membership, growth) at the next timestep ¢ + 1:

JA’v,t+1 = g(%hv,t + by)- (22)

The loss function depends on the task, i.e., classification, and cross-entropy loss is used for
community prediction:

— c 5
L=- Zvthmin 2c=1 yv,clog Yv,c- (23)
3.4. Proposed framework for integrating Al and network evolution
Integrating Al with network evolution theory involves a systematic framework that combines
theoretical principles of network dynamics with AI’s computational power. This framework enables the
prediction of community behavior and the understanding of evolving structures in dynamic networks.
3.4.1. Dynamic network representation
The network is represented as a time-evolving graph Gr = (Vy, Er, T), where V; is the set of
nodes, Ep isthesetofedges,and T = {ty,t,, ..., t,} represents discrete time intervals. For each time
tit_iti, the network snapshot G; = (V;, E;) captures the state of the network.
3.4.2. Feature engineering
Features are extracted to characterize the structural and temporal aspects of the network. For a

node v € Vr, key features include degree Eq (1), clustering coefficient Eq (2), and temporal change
rate Ad(v) = d;(v) — d;_1(v), capturing dynamic changes over time.
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3.4.3. Al model integration

Al models such as GNNs and RNNs are employed to learn patterns and predict community
behavior.
The GNN encoding, for a node v, is embedded in a layer [ + 1 and is computed as:

R = (W(l) 466 ((hP:u e N(v)})), 24)

where AGG is an aggregation function (e.g., mean or attention), W® is a weight matrix, and o is
a nonlinear activation function.

In temporal modeling, for dynamic features, RNNs capture temporal dependencies using the
following:

ht = LSTM(xt, h’t—l): (25)

where x; represents the input features at the time t, and h,_ is the hidden state from the previous
time step.

3.4.4. Network evolution theory integration

Al'models incorporate network evolution principles, such as preferential attachment and rewiring
mechanisms, to guide predictions. For example, the likelihood of a new edge between nodes u and
v attime t + 1 can be modeled using:

de(u)-de(v)
P((u,v) EE = 26
((w,v) t+1) Swev, de(w) (26)
where:
e d;(u) and d;(v) represent the degree of nodes u and v attime t,

e V, isthe set of all nodes in the graph at time ¢,
e Ywev, di(w) is the total degree of all nodes in the graph at time ¢.

3.4.5. Prediction and validation

The framework uses learned patterns to make a prognosis about the community’s development,
transformation, integration with another community, or dissolution. Verifications are achieved by
accuracy, precision, recall, and changes in modularity and stability over time.

3.4.6. Scalability and optimization

Large-scale networks are discussed under distributed graph processing and model parallelism.
This method ensures that the framework proposed in this work operates effectively in terms of
computation and can handle big datasets as well as small ones, as explained by mechanisms of gradient
descent and regularization used during the innovation process.

This integrated framework provides the means to close the gap between Al-based successful
future predictions and theoretical predictions about network evolution, thus providing a sound
theoretical and empirical approach to studying complex dynamic systems.
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3.5. Experimental setup
3.5.1. Simulation environment

Dynamic graphs are further divided for simulation into slices of equal time, each of which forms
a picture of the state of the network at a particular time interval. Graph data and features are prepared,
at least in data format; this is why a graph processing framework, such as NetworkX or PyTorch Geometric,
contributes to the graph’s preprocessing. The models are articulated with the assistance of programming
languages like Python. In contrast, models are simulated by the graphics processing unit (GPU) of high
computing facilities like TensorFlow and PyTorch. Predictions are defined using other factors,
including accuracy, precision, modularity, and stability.

3.5.2. Performance metrics and evaluation criteria

The performance metrics, i.e., accuracy, precision, recall, and F1-score, are employed to evaluate
the effectiveness of the proposed model.
Accuracy measures the proportion of correctly predicted community labels as follows:

Number of Correct Predictions
Total Predictions

Accuracy = 27

Precision evaluates the proportion of correctly identified communities among all predicted
communities, while recall measures the proportion of true communities correctly identified:

True Positives (TP)

Precision = — — , (28)
True Positives (TP)+False Positives (FP)
True Positives (TP
Recall = — & (29)
True Positives (TP)+False Negatives (FN)
The F1-score combines precision and recall into a single metric:
Precision-Recall
F1 — Score = 2 . —<5tonecd (30)

Precision+Recall’

Modularity evaluates the quality of community detection by comparing the density of intra-
community edges against a null model:

" kik;
Q=72 [Aij - 2_m]] 6(ci, ¢j), GL

where A;; is the adjacency matrix, k; and k; are the degrees of nodes i and j, m is the total
number of edges, and &(c;, ¢;) is 1ifnodes i and j belong to the same community and 0 otherwise.

Temporal stability measures how consistent community assignments are across consecutive time
steps, assessing the model’s ability to handle dynamic changes:

Stability = %2{;} Jaccard(Cy, Cpy1), (32)

where C; and C;,, represent community assignments at the time ¢ and ¢ + 1, and Jaccard is the
similarity index.

Model accuracy measures whether the replicates correctly predict class variables and how the
model will perform when applied to big data. These are the time taken during training and the memory
used per epoch.
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These metrics, used in combination when evaluating the model, provide all the significant aspects for
evaluation, such as accuracy, quality of the communities to be formed, temporal features, and scalability.

3.5.3.  Experimental scenarios and configurations

The experimental scenarios examine the capability of the proposed model in different dynamic
network situations. The first example provides a comparison between static and dynamic analyses. In
static analysis, functions are analyzed as a single picture, not concerning changes in time; in dynamic
analysis, the set of functions is divided into sequences Gy, G, ..., Gy, which capture evolving
structures. Another scenario focuses on community behavior, predicting future community
memberships for nodes based on historical data and analyzing transitions such as community growth,
merging, and splitting over time.

The network scale also varies, testing the model on small subsets of the SNAP and DBLP full-scale
datasets to evaluate scalability and computational efficiency. Different configurations are applied to test
the model’s robustness. These include comparing baseline models, such as standard GNNs or RNNs
without temporal or attention mechanisms, against the AT-GNN incorporating these features.

Parameters are tuned across multiple experiments. The learning rate (1) varies, being typically
tested at n = 0.001,0.01, and 0.10, while the hidden dimensions of the embeddings are tested with
sizes such as {64,128,256}. The temporal window size (T;,) is adjusted to study short-term and long-
term evolution, for instance, T,, = 3,5, and 10. Training and testing data are split: 70% of the
temporal snapshots are used for training and 30% for testing. Cross-validation ensures the robustness
and consistency of the results.

Experiments are performed in a GPU environment with an NVIDIA Tesla V100, and PyTorch
Geometric and NetworkX are used for graph processing and model development. For different
scenarios, the track can contain several measures: Predictive accuracy of the community behaviors,
the sensible time and effective stability of the predictions, and the requirements on comp calculation
time for the growing size of the graph data. This arrangement systematically assesses the feasibility of
the suggested model in complex network states.

4. Results and discussion

The effectiveness of several community behavior models in estimating real outcomes is a
significant factor in assessing its productivity in dynamic networks. To evaluate this, we compared the
performance of three models: Baseline GNN, baseline RNN, and the proposed AT-GNN. We used
standard evaluation factors: Precision, recall, the F1-score, and overall accuracy.

The accuracy of the training and validation curves of the proposed AT-GNN model on the SNAP
dataset are shown in Figure 2(a) with respect to 50 iterations. Both increase with subsequent epochs
and approach 98%, an ideal value of accuracy. Figure 2(b) shows the accuracy of the training and
validation curves of the proposed model for the DBLP dataset. Despite starting at lower values than
the SNAP dataset, it gradually increases after a few epochs, surpassing 99%. This graph represents the
validation accuracy and highlights the shaded area to minimize changes or fluctuations in the model.
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Figure 2. Accuracy over epochs for the SNAP and DBLP datasets.

The above results display strong learning curves, confirming the AT-GNN model’s efficiency in
learning the switching network structures and accurately profiling the communities’ behaviors.

Figure 3(a) shows that both training and validation loss reduces as epochs increase. There is a
rapid initial decline followed by stabilization to a nearly constant value after 20 epochs. The shaded
area corresponds to the variance, showing the stability of the model at different iterations. This is
confirmed by similar results in Figure 3(b) despite a more pronounced initial decrease due to the
dataset’s complexity. After approximately 30 epochs, mean loss approaches zero, proving that the
model is capable of learning. The validation loss remains almost in line with the training loss, stressing

the model’s generality.
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Figure 3. Loss over epochs for SNAP and DBLP datasets.

These findings suggest the improved efficiency of the proposed AT-GNN model, which reduces
loss while enhancing the overall training and validation performance.
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The precision, recall, F1-score, and accuracy scores for the three models are summarized in Table 3.
As can be seen, AT-GNN has higher evaluation indicators than the baseline models. Our model shows 98%
predictive accuracy within a community in dynamic networks, thus successfully capturing their behaviors.

Table 3. Predictive accuracy metrics for community behavior models.

Model Precision Recall  Fl-score Accuracy
Baseline GNN 0.72 0.68 0.70 0.75
Baseline RNN 0.78 0.74 0.76 0.80
Proposed AT-GNN 0.92 0.95 0.93 0.98

Precision and recall are two important metrics when evaluating community detection models
applied to imbalanced datasets. Precision is the ratio of true positive predictions to all positive
predictions. In contrast, recall is the ratio of true positive predictions to the total actual positives in the
communities.

The attention mechanism of the AT-GNN plays a pivotal role in enhancing the model’s
interpretability, particularly in understanding community dynamics within dynamic networks. The
attention coefficient afﬂ, computed for each node u with respect to its neighbor v at time t,
represents the relative importance of the connection between the two nodes in the context of their
temporal and structural features. This allows the model to prioritize critical relationships while
downplaying less influential ones.

The proposed AT-GNN shows 92% precision and 95% recall, indicating that the model produces
highly effective predictions and covers most communities without overlooking too many, despite the
difficulty in mapping actual network data due to its dynamism.

The F1-score is a harmonic measure of precision and recall. The experimental results provide a
solid foundation for the proposed AT-GNN to fine-tune community detection and behavior prediction,
achieving an F1-Score of 0.93 without compromising balanced accuracy. A higher Fl-score is
beneficial, indicating strong performance in predicting true positives and avoiding false negatives.

Figure 4 presents the F1-score for each model. There is a significant performance gap between AT-
GNN and both baseline GNN and baseline RNN. Testing on dynamic community structures shows that
AT-GNN achieves the highest F1-score, indicating its effectiveness in predicting dynamic communities.

1.0 A 0.98
0.8 0.80 0.80
>
19
© 0.6 1
35
(9]
B¢
0.4 -
0.2 1
0.0 -
Baseline GNN Baseline RNN Proposed AT-GNN
Model

Figure 4. F1-score of three community behavior models.
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Figure 5 displays the precision and recall for each model; the AT-GNN model obtained the highest
values for both metrics, which ensures a stable and highly qualified prediction of community behavior.

10/ HEE Precision
I Recall

0.70 0.70

0.2 1

0.0 -

Baseline GNN Baseline RNN Proposed AT-GNN
Model

Figure 5. Precision and recall of three community behavior models.

The accuracy of the models is shown in Figure 6. The proposed AT-GNN outperforms the baseline
GNN and baseline RNN. This underscores the model’s efficiency in modeling community behavior
and the temporal dynamics of the network’s development. This indicates that the selection of measures
influences the behavior of the model.

According to all assessed metrics, the proposed AT-GNN outperforms the competitors. The
accuracy result is particularly remarkable since it suggests the ability of the model to accurately predict
community behavior and address temporal and structural dynamics of networks.
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Figure 6. Accuracy of three community behavior models.

Because of the high accuracy of the AT-GNN, one can conclude that the model can offer accurate
conclusions even when analyzing temporal dynamics and varying community structures in practical
networks. The precision, recall and F1-score results add to the evidence that the model detects real
communities efficiently and avoids false positives to the greatest extent. Therefore, it can be a valuable
tool for analyzing emerging community behavior patterns in networks. The proposed AT-GNN model,

AIMS Mathematics Volume 10, Issue 2, 2042-2063.



2061

validated on SNAP and DBLP datasets, achieves state-of-the-art performance in community behavior
prediction in dynamic networks, as shown in Table 4.

Table 4. Comparative results of AT-GNN with existing literature.

Study Model/approach Accuracy Precision  Recall Fl-score
[21] Static GNNs 0.78 0.76 0.72 0.74
[27] Temporal GNNs 0.85 0.82 0.84 0.83
[28] RNNs 0.82 0.80 0.81 0.80
Proposed AT-GNN  AT-GNNs 0.98 0.92 0.95 0.93

The proposed AT-GNN model yields superior performance throughout all the evaluation metrics,
thereby illustrating AT-GNN as a robust method for analyzing the behavior of communities of a
dynamic complex system. The accuracy achieved confirms the applicability of the developed method
for tasks such as analysis of social networks, collaborative recommendations, and biological networks.

5. Conclusions

This paper presents AT-GNN, an innovative approach to fusing Al with network evolution theory
to predict community behavior in complex systems. Compared with traditional models, the proposed
model achieves higher accuracy, scalability, and temporal segmentation, attention mechanism, and
RNN. Using the SNAP and DBLP datasets, the proposed AT-GNN had better accuracy (at 98%) and
precision, recall, and F1-score than other methods. The findings support the model’s structure and time
flexibility and validate its application for social network analysis and factors affecting biosystems and
collaboration patterns.

Despite the good performance in dynamic network analysis, the proposed AT-GNN model has
drawbacks. The model assumes separate temporal points, which cannot correctly represent the
continuously changing structure of some real-world networks. This could hinder its capacity to
effectively represent temporal changes with sufficient detail. Furthermore, the model proved efficient
with SNAP and DBLP datasets but may be unmanageable for other large-scale or real-time networks
that require further memory usage and training time. Addressing these limitations would require
incorporating methodologies such as temporal point processes or neural ordinary differential equations
for continuous-time modeling and exploring distributed training and graph sampling techniques to
enhance scalability. Moreover, incorporating explainability methods within the proposed model will
also enhance it, enabling the understanding of factors driving community behavior. Extending the
proposed research to other areas, especially communicating multi-layered and heterogeneous
networking domains, will also prove the applicability of these research findings.
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