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The rapid growth of social media generates massive, complex,
and interdependent data that traditional machine learning
methods cannot analyze effectively due to its non-Euclidean and
relational nature. Graph Neural Networks (GNNs) have emerged
as powerful tools for extracting meaningful patterns from large-
scale social networks by leveraging message-passing and
neighborhood aggregation. This study presents a systematic
review of foundational GNN concepts, major architectures, and
their principal applications in social network big data analytics.
We provide a detailed, quantitative comparison of state-of-the-art
methods for tasks such as node classification, link prediction,
community detection, sentiment analysis, and fake news
detection. The study also investigates critical challenges,
including scalability, noise, privacy, and limited generalizability,
along with their algorithmic implications. Finally, we highlight
emerging research directions, such as the integration of GNNs
with Large Language Models (LLMs), dynamic graph learning,

federated learning, and improved model explainability.

The purpose of the research Practical or simulation results

The primary objective of this research is to provide a
systematic and comprehensive review of Graph Neural
Network (GNN) approaches for big data analytics in
social networks. This study aims to:

1. Identify and categorize the fundamental concepts and
major architectures of GNNs specifically designed for
social network analysis.

2. Provide a detailed quantitative comparison of state-of-
the-art GNN methods across key application areas
including node classification, link prediction, community
detection, sentiment analysis, and fake news detection.

3. Analyze the algorithmic implications of critical
challenges such as scalability, noise and incomplete data,
privacy concerns, and over-smoothing in deep GNN
architectures.

4. Evaluate existing solutions to these challenges through
quantitative performance metrics and complexity
analysis.

5. Identify emerging research directions that integrate
GNNs with Large Language Models, dynamic graph
learning, federated learning, and explainable Al to guide
future investigations in this rapidly evolving field.

By achieving these objectives, this review aims to present
researchers with a consolidated, updated view of
advances, limitations, and promising future directions for
GNN-based analysis in large-scale social networks.

This study employs a systematic literature
review methodology to comprehensively
analyze GNN applications in social network
big data analytics. The research process
includes four phases: (1) systematic collection
of over 200 papers from major databases (IEEE
Xplore, ACM, arXiv) focusing on 2017-2025,
(2) categorization of GNN architectures (GCN,
GAT, GraphSAGE, GIN) and applications
(node classification, link prediction, community
detection, sentiment analysis, fake news
detection), (3) quantitative comparative
analysis using performance metrics including
Accuracy, AUC, NMI, and Fl-score across
benchmark datasets (Cora, PubMed, Reddit,
Twitter, Facebook), and (4) algorithmic
challenge analysis examining scalability, noise
handling,  privacy  preservation,  over-
smoothing, and  generalizability = with
quantitative evaluation of solution effectiveness
and trade-offs.

Quantitative evaluation demonstrates that GNNs
significantly outperform traditional methods across
all social network analysis tasks. For node
classification, GCN achieves 81.5% accuracy on
Cora (+11.5% over MLP), GAT improves to 83.0%,
and GraphSAGE reaches 95% accuracy on Twitter
spam detection. For link prediction, VGAE achieves
94% AUC on Cora (+8% over spectral methods).
Community detection using GAEC achieves NMI
of 0.85 on Reddit. Sentiment analysis with
HetSANN reaches 88% accuracy on Twitter (+6-
8% over text-only models). Fake news detection
using Bi-GNN exceeds 90% accuracy on
FakeNewsNet. For scalability, neighbor sampling
reduces complexity from O(degree) to O(K) with
minimal accuracy loss, while Cluster-GCN reduces
memory from O(N) to O(batch) with <1% accuracy
trade-off. DropEdge improves robustness by 5-8%
against noisy graph structures. For privacy,
FedGNN enables training without raw data sharing,
and FedGNN 2.0 reduces communication overhead
by 40%. JK-Net and PairNorm enable deep GNN
training (6-8 layers) with 8-12% accuracy
improvement over standard architectures.

This systematic review confirms that GNNs achieve
superior performance in social network big data
analytics through their unique capability to model
complex graph relationships, with significant
improvements over traditional methods: 11.5-13%
higher accuracy in node classification, 8% higher
AUC in link prediction, 6-8% improvement in
sentiment analysis, and 15-20% better information
propagation prediction. Key challenges including
scalability, noise sensitivity, privacy concerns, and
over-smoothing have been addressed through
innovative solutions: neighbor sampling and
Cluster-GCN for scalability (O(degree)—O(K)
complexity reduction), DropEdge for robustness (5-
8% improvement), federated learning and
differential privacy for privacy preservation, and
JK-Net/PairNorm for deep GNN training (8-12%
accuracy gain). Future research directions
integrating GNNs with Large Language Models,
dynamic  graph learning, and enhanced
explainability promise to revolutionize social
network analysis, enabling more efficient, robust,
and ethically-aware understanding of human
behavior and social phenomena in the digital age.
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