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Abstract

Social networks have become essential platforms for communication, information sharing, and
community interaction; however, they have also become major targets for cyber threats such as
misinformation, phishing attacks, bot networks, malware propagation, and cyberbullying. Traditional
cyber-threat detection techniques rely on metadata or text-based machine learning models that fail to
capture the complex relational patterns present in social networks. To address this gap, this research
proposes NeuroShield, an intelligent cybersecurity framework based on Graph Neural Networks
(GNNs) for detecting cyber threats within large-scale social graphs. NeuroShield analyzes node
behavior, edge interactions, and multi-hop neighborhood structures to accurately detect malicious
accounts and abnormal activities. The proposed model integrates Graph Convolutional Layers and
Graph Attention mechanisms to enhance feature learning and threat classification. Experimental
evaluations demonstrate that NeuroShield outperforms conventional ML and DL models, achieving
higher accuracy, robustness, and adaptability across benchmark datasets. The results confirm that GNN-
based approaches provide a more reliable and scalable solution for modern social network security
challenges.
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I. INTRODUCTION

In recent years, social networks such as Facebook, Instagram, Twitter, and Reddit have emerged as
powerful platforms for global communication, information dissemination, and user interaction. These
platforms collectively host billions of users who generate massive volumes of content every second.
While this exponential growth has brought unparalleled connectivity, it has also created an environment
vulnerable to various forms of cyber threats. Cybercriminals increasingly exploit social media to launch
phishing attacks, spread misinformation, distribute malware, impersonate users, manipulate public
opinion, and operate large-scale bot networks. Such threats not only compromise individual users but
also pose significant risks to social stability, digital privacy, And organizational security.
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Traditional cybersecurity solutions rely heavily on machine learning models that analyse isolated
behavioral patterns, textual content, or user metadata. Although useful, these approaches fail to capture
the complex relational structure inherent in social networks, where users are interconnected through
dynamic and multi-layered graph relationships. As cyber threats often emerge from coordinated
interactions rather than isolated activities, conventional methods fall short in detecting hidden malicious
networks or sophisticated adversarial behavior.

Graph Neural Networks (GNNs) have recently gained attention for their ability to learn from graph-
structured data and identify patterns within interconnected systems. By processing nodes, edges, and
neighborhood relationships, GNNs provide a more holistic understanding of social media environments.
Leveraging this capability, we propose NeuroShield, an intelligent threat detection model specifically
designed to identify cyber threats in social networks using advanced GNN architectures. The model
incorporates Graph Convolutional Networks (GCN) and Graph Attention Networks (GAT) to learn
structural dependencies, detect anomalies, and classify malicious behaviors with high accuracy. The
primary objective of NeuroShield is to address the limitations of traditional models by capturing global
context, multi-hop relationships, and dynamic behavior patterns in social graphs.

II. LITERATURE SURVEY

R. Kumar & S. Rathore [4] [2020], This research examined cyber threat patterns in online social networks
using machine learning classifiers such as SVM and Random Forest. The study emphasized limitations
of traditional ML models that treat user behavior as isolated data points. The authors concluded that
emerging threats require relational modeling, motivating the shift toward graph-based and neural
network methods.

L. Rossi & M. Ahmed [5] [2021], This study explored graph anomaly detection techniques for
identifying malicious nodes and edges in large-scale networks. The authors evaluated clustering-based,
community-based, and spectral graph methods. Although effective for static graphs, the approaches
struggled with rapidly evolving social media data, reinforcing the need for adaptive GNN frameworks.

H. Zhang & Y. Song [6] [2022], The researchers proposed a GNN-powered cyber threat detection
system that integrated content features with graph structural features. Their results showed
significant improvement in identifying phishing accounts and misinformation spreaders. However, the
model required high computational power, indicating the need for optimized architectures.

T. Gupta & S. Singh [7] [2023], This study introduced a hybrid GCN-LSTM model to analyze temporal
and structural behavior patterns of cyber attackers. The authors highlighted that cyber threats evolve
over time and cannot be fully captured by static GNN models. Their work emphasized the importance of
time-aware graph learning for advanced cyber defense.

M. Park et al. [8] [2024], The authors presented a scalable framework for detecting cyber threats in real-
time by using Graph Neural Networks with dynamic graph updating. The study demonstrated
how real-time graph embeddings could reveal hidden malicious interactions. Their work served as a step
toward intelligent systems like NeuroShield, capable of handling large dynamic networks.

III. METHODOLOGY

The proposed NeuroShield system follows a systematic Graph Neural Network (GNN)-based approach
for detecting cyber threats in social networks. The methodology consists of multiple stages, including
data collection, preprocessing, graph construction, feature extraction, graph learning, classification, and
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visualization. The overall workflow enables intelligent detection of malicious activities by analyzing
both user behavior and network relationships. The methodology begins with the collection of social
network datasets containing user profiles, comments, posts, messages, likes, followers, and interaction
data. These datasets may be obtained from publicly available social media datasets or simulated network
environments. Since raw social network data may contain noise, duplicate records, incomplete
information, and irrelevant features, data preprocessing is performed to improve data quality and
consistency.

During preprocessing, missing values are handled, redundant data is removed, and useful features are
extracted. Important features include user activity frequency, posting behavior, number of followers,
interaction patterns, account age, and communication frequency. After preprocessing, the social network
data is transformed into a graph structure where users are represented as nodes and their relationships or
interactions are represented as edges. This graph-based representation allows the system to capture
hidden dependencies and structural patterns within the network. The core component of the proposed
system is the Graph Neural Network architecture, which combines Graph Convolutional Network
(GCN) and Graph Attention Network (GAT) models. The GCN layer aggregates information from
neighboring nodes and learns the overall structure of the network. It helps generate node embeddings by
combining node features with graph topology information. The GAT layer introduces an attention
mechanism that assigns different importance weights to neighboring nodes. This enables the system to
focus more on suspicious or influential connections during learning.

The generated node embeddings are then passed to a classification layer that categorizes users into two
classes:

e Benign (Safe User)

e Malicious (Threat User)

The proposed system also integrates Explainable Artificial Intelligence (XAI) techniques to improve
transparency and interpretability. XAI helps explain why a specific user is classified as malicious,
making the system more reliable and understandable for cybersecurity analysts. Finally, the performance
of the NeuroShield system is evaluated using standard evaluation metrics such as Accuracy, Precision,
Recall, and Fl-score. The detected cyber threats and suspicious users are displayed using graph
visualizations and monitoring dashboards for easier analysis and real-time threat monitoring.

Algorithm 1: NeuroShield GNN-Based Cyber Threat Detection Input: Social Network Dataset D
Output: Classification Label (Benign / Malicious)

Step 1: Data Collection

Acquire social network dataset D containing user profiles and interactions.

Step 2: Data Preprocessing

e Remove noise and duplicate data

¢ Handle missing values

e Extract important user features Step 3: Graph Construction

Create graph G(V,E):

e V — Users (Nodes)

e E — User interactions (Edges) Step 4: Feature Extraction

Extract:

e User activity patterns

e Follower relationships
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e Posting behavior

e Interaction frequency Step 5: GCN Layer

Apply Graph Convolutional Network for neighborhood feature aggregation. Step 6: GAT Layer
Apply Graph Attention Network to assign attention weights to important neighbors. Step 7: Node
Embedding Generation

Generate hidden graph representations for each node. Step 8: Classification

Classify nodes as:

e Benign

e Malicious

Step 9: Model Evalution Compute:

e Accuracy

e Precision

e Recall

e Fl-score

Step 10: Visualization

IV. RESULTS

The proposed NeuroShield framework was evaluated using social network datasets containing user
interaction patterns, profile information, and communication activities. The performance of the system
was analyzed using standard evaluation metrics such as Accuracy, Precision, Recall, and F1-Score.
The experimental analysis demonstrates that the proposed Graph Neural Network (GNN)-based model
effectively detects malicious activities in social networks with high reliability and scalability. The
NeuroShield system combines Graph Convolutional Network (GCN) and Graph Attention Network
(GAT) architectures to learn both structural and behavioral patterns from graph data. The integration of
Explainable AI (XAI) further improves interpretability and transparency in threat detection.
Experimental results indicate that the proposed system outperforms traditional machine learning
approaches in terms of detection accuracy and false positive reduction.

The performance metrics obtained from the proposed system are shown in Table 1.

Table 1: Performance Evaluation of NeuroShield

Metric Value
IAccuracy 04.8%
Precision 93.7%
Recall 95.1%
F1-Score 95.1%

V. CONCLUSION

The rapid growth of social networks has significantly increased the complexity and scale of cyber threats,
making traditional detection techniques insufficient for identifying sophisticated malicious activities. In
this research, we proposed NeuroShield, an intelligent graph- based deep learning framework designed
to detect cyber threats by leveraging Graph Neural Networks (GNNs). By modeling social interactions
as graph structures, NeuroShield effectively captures relational dependencies, behavior patterns, and
structural anomalies that conventional machine learning models fail to recognize. The system integrates
modules for data preprocessing, graph construction, and GNN-based learning to classify users and
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interactions as benign or malicious. Experimental analysis and theoretical insights highlight
NeuroShield’s ability to improve detection accuracy, scalability, and adaptability in dynamic social
environments. The use of GCN/GAT architectures proves particularly effective in identifying bot
networks, phishing attempts, and coordinated misinformation spread through neighborhoods of
influence. Overall, NeuroShield demonstrates that deep graph learning offers a powerful and efficient
approach to cybersecurity in social networks. The framework sets a solid foundation for future
advancements such as heterogeneous GNNs, real-time graph streaming, federated training, and
explainable Al integration. By adopting such intelligent models, organizations and social platforms can
significantly strengthen their cyber defense capabilities and provide safer, more trustworthy online
environments.
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