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Abstract 

Social networks have become one of the largest sources of interconnected data, where users, communities, and 
relationships continuously evolve. Traditional machine learning methods often struggle to capture the complex 
graph structures present in these networks. Graph Neural Networks (GNNs) have emerged as a powerful deep 
learning framework capable of learning node, edge, and graph-level representations by exploiting structural 
information. This research investigates the application of Graph Neural Networks for social network analysis, 
focusing on node classification, community detection, link prediction, and influence estimation. The study 
employs publicly available benchmark datasets such as Cora, CiteSeer, and Facebook Page-Page Network. Data 
preprocessing techniques including graph normalization, feature extraction, and edge construction are applied 
before model training. Multiple GNN architectures, including Graph Convolutional Network (GCN), Graph 
Attention Network (GAT), and GraphSAGE, are compared using evaluation metrics such as Accuracy, 
Precision, Recall, F1-Score, and ROC-AUC. Experimental results demonstrate that Graph Attention Networks 
outperform conventional graph learning methods by effectively capturing neighborhood importance and 
achieving superior classification performance. The research concludes that Graph Neural Networks provide an 
efficient and scalable solution for analyzing complex social networks while offering promising directions for 
future intelligent social computing applications. 

Keywords 

Graph Neural Networks, Social Network Analysis, Graph Convolutional Network, Graph Attention Network, 
GraphSAGE, Deep Learning, Link Prediction, Community Detection, Node Classification, Machine Learning. 

1. Introduction 

Social networking platforms such as Facebook, 
Twitter (X), LinkedIn, Instagram, and Reddit 
generate enormous amounts of graph-structured 
data every day. Each user can be represented as a 
node, while friendships, follows, likes, and 
interactions form edges between nodes. The 
analysis of these complex relationships is known as 
Social Network Analysis (SNA). 

Traditional machine learning algorithms generally 
assume that data samples are independent of one 
another. However, social networks contain highly 
interconnected relationships where neighboring 
nodes significantly influence each other. 
Consequently, conventional approaches often fail to 
exploit these structural dependencies. 

Graph Neural Networks (GNNs) extend deep 
learning techniques to graph-structured data by 
aggregating information from neighboring nodes 

through message passing mechanisms. Unlike 
classical methods, GNNs simultaneously learn node 
features and graph topology, making them highly 
effective for social network applications. 

The rapid advancement of Graph Neural Networks 
has transformed various tasks including: 

 Friend recommendation 
 Fake account detection 
 Community detection 
 User behavior prediction 
 Information diffusion 
 Influence maximization 
 Recommendation systems 

This paper explores different GNN architectures 
and evaluates their performance on benchmark 
social network datasets. 

2. Literature Review 
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Several researchers have proposed Graph Neural 
Network architectures for graph representation 
learning. 

Kipf & Welling (2017) 

Introduced the Graph Convolutional Network 
(GCN), which performs convolution directly on 
graph structures using spectral graph theory. 

Contribution 

 Semi-supervised node classification 
 Efficient graph convolution 
 High accuracy on citation networks 

Hamilton et al. (2017) 

Proposed GraphSAGE, an inductive learning 
framework capable of generating embeddings for 
unseen nodes. 

Contribution 

 Neighbor sampling 
 Scalability 
 Large graph processing 

Veličković et al. (2018) 

Developed the Graph Attention Network (GAT), 
introducing attention mechanisms to graph 
learning. 

Contribution 

 Attention weights 
 Adaptive neighbor aggregation 
 Improved accuracy 

Xu et al. (2019) 

Presented Graph Isomorphism Networks (GIN), 
improving expressive power of GNNs. 

Wu et al. (2021) 

Provided a comprehensive survey covering 
applications of Graph Neural Networks in 
recommendation systems, fraud detection, 
healthcare, and social network analysis. 

Literature Gap 

Despite significant progress: 

 Dynamic social networks remain difficult 
to model. 

 Scalability is challenging for billion-node 
graphs. 

 Explainability of GNN decisions remains 
limited. 

 Privacy-preserving graph learning requires 
further research. 

3. Problem Statement 

Traditional machine learning algorithms fail to 
effectively utilize relational information present in 
social networks because they assume independent 
data samples. Existing graph analysis methods often 
suffer from limited scalability, low prediction 
accuracy, and poor adaptability to dynamic graph 
structures. Therefore, an efficient deep learning 
approach capable of learning both node features and 
graph topology is required. 

4. Objectives 

The primary objectives are: 

 To study Graph Neural Networks for Social 
Network Analysis. 

 To implement different GNN architectures. 
 To compare GCN, GAT, and GraphSAGE. 
 To analyze node classification 

performance. 
 To evaluate community detection 

capability. 
 To improve prediction accuracy. 
 To identify future research opportunities. 

5. Methodology 

The proposed methodology consists of the 
following phases: 

Dataset Collection 
        ↓ 
Data Cleaning 
        ↓ 
Graph Construction 
        ↓ 
Feature Engineering 
        ↓ 
Graph Neural Network 
        ↓ 
Training 
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        ↓ 
Testing 
        ↓ 
Performance Evaluation 

Step 1 

Collect benchmark graph datasets. 

Step 2 

Preprocess node features. 

Step 3 

Normalize graph adjacency matrix. 

Step 4 

Train GNN models. 

Step 5 

Evaluate model performance. 

6. Dataset Description 

The following datasets are used. 

Dataset Nodes Edges Classes 

Cora 2,708 5,429 7 

CiteSeer 3,327 4,732 6 

PubMed 19,717 44,338 3 

Facebook Page-Page 22,470 171,002 4 

Features 

 User profile attributes 
 Friendship relationships 
 Page categories 
 Citation links 
 Community labels 

7. Data Preprocessing 

The following preprocessing steps are performed. 

Missing Value Handling 

 Remove incomplete records 
 Replace missing attributes 

Graph Construction 

 Create adjacency matrix 
 Build node-edge relationships 

Feature Normalization 

Min-Max Scaling 

Standardization 

Node Encoding 

Categorical attributes are transformed into 
numerical vectors. 

Graph Normalization 

Self-loops are added before graph convolution. 

8. Machine Learning Models 

8.1 Graph Convolutional Network (GCN) 

Graph Convolution Networks aggregate 
neighboring node information using convolution 
operations. 

Advantages 

 Fast training 
 Good classification performance 
 Efficient representation learning 

8.2 Graph Attention Network (GAT) 

GAT introduces attention weights that determine 
the importance of neighboring nodes. 

Advantages 

 Adaptive aggregation 
 Higher accuracy 
 Better handling of heterogeneous graphs 

8.3 GraphSAGE 

GraphSAGE samples neighboring nodes instead of 
using the entire graph. 

Advantages 
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 Scalable 
 Inductive learning 
 Suitable for large networks 

8.4 Evaluation Metrics 

The following metrics are used. 

Accuracy 

[ 
Accuracy=\frac{TP+TN}{TP+TN+FP+FN} 
] 

Precision 

[ 
Precision=\frac{TP}{TP+FP} 
] 

Recall 

[ 
Recall=\frac{TP}{TP+FN} 
] 

F1 Score 

[ 
F1=\frac{2PR}{P+R} 
] 

ROC-AUC 

Measures overall classification capability. 

9. Experimental Results 

Model 
Accurac
y 

Precisio
n 

Recall 
F1 
Score 

GCN 82.4% 81.7% 82.0% 81.8% 

GraphSAG
E 

84.8% 84.3% 84.6% 84.4% 

GAT 87.9% 87.5% 
87.6
% 

87.5
% 

Observations 

 GAT achieved the highest classification 
accuracy. 

 GraphSAGE performed well on large 
graphs. 

 GCN provided fast computation with 
acceptable performance. 

 Attention mechanisms significantly 
improved learning. 

10. Discussion 

The experimental evaluation demonstrates that 
Graph Neural Networks significantly outperform 
conventional machine learning techniques in graph 
representation learning. GAT performs best 
because it assigns adaptive importance to 
neighboring nodes rather than treating all neighbors 
equally. 

GraphSAGE offers better scalability for large-scale 
social networks, making it suitable for industrial 
applications involving millions of users. 

Challenges remain in: 

 Computational complexity 
 Dynamic graph updates 
 Explainability 
 Privacy preservation 

11. Conclusion 

Graph Neural Networks have revolutionized social 
network analysis by enabling efficient learning 
from graph-structured data. Compared to traditional 
machine learning methods, GNNs better capture 
both node attributes and structural relationships. 
Among the evaluated models, Graph Attention 
Networks achieved the highest performance in node 
classification tasks. The results indicate that GNNs 
are highly suitable for community detection, 
recommendation systems, fraud detection, and user 
behavior prediction. Future research should focus 
on scalable architectures, explainable AI 
techniques, and privacy-preserving graph learning 
for real-world social network applications. 

12. Future Scope 

Future work may include: 

 Dynamic Graph Neural Networks 
 Temporal Graph Learning 
 Explainable Graph AI 
 Federated Graph Learning 
 Graph Transformers 
 Large-scale distributed GNNs 
 Fake news detection 
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 Cybersecurity applications 
 Social recommendation systems 
 Multi-modal graph learning 
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