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ABSTRACT: Graph-based data mining has become a fundamental paradigm for analyzing complex networks, 

particularly in the realm of social network analysis (SNA). Social networks naturally form graph structures—nodes 

representing individuals or entities, and edges representing interactions, relationships, or flows of information. Mining 

these graphs enables insights into community structures, influential individuals, information diffusion, and anomaly 

detection. This paper provides a structured overview of graph-based data mining techniques applied to SNA before 

2021. 

 

Key methods include community detection (e.g., modularity optimization, spectral clustering), centrality measures 

(e.g., degree, betweenness, eigenvector centrality), and link prediction models (e.g., common neighbors, preferential 

attachment, supervised learning). It also explores pattern mining techniques such as frequent subgraph mining and 

graph kernels, which support tasks like role detection and graph classification. Advances in scalable mining through 

MapReduce and distributed frameworks are highlighted. 

 

A mixed-method research methodology is employed: literature synthesis, performance comparisons on benchmark 

social network datasets (e.g., Facebook, Twitter, collaboration networks), and illustrative case studies demonstrating 

insights obtained via these graph mining approaches. 

 

Key findings indicate that graph mining methods significantly enhance detection of communities, influencers, and 

emergent trends in networks. Supervised link prediction models outperform heuristics, especially when enriched with 

node and structural features. Large-scale graph mining remains challenging, requiring efficient algorithms and 

parallelization. 

 

The paper articulates an end-to-end workflow: data collection, graph construction, feature extraction or embedding, 

algorithm selection, evaluation, and interpretation. Advantages include rich relational insight and interpretability; 

disadvantages include computational demands and sensitivity to network noise. 

 

This review concludes that graph-based data mining remains indispensable for SNA. Future work includes integrating 

graph neural networks, dynamic graph mining, and privacy-preserving graph analysis to address evolving social 

platforms and data concerns. 
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I. INTRODUCTION 

 

Social networks—such as Facebook, Twitter, LinkedIn, and scientific collaboration platforms—are rich sources of 

relational data, naturally modeled as graphs. In these structures, entities (users, researchers) are nodes, while 

relationships (friendships, follows, co-authorship) form edges. Understanding these networks' structure and dynamics is 

crucial for purposes spanning marketing, epidemiology, recommendation systems, and security. 

 

Graph-based data mining provides powerful tools for extracting insights from social networks. Community detection 

uncovers groups of tightly connected nodes, revealing social circles or interest clusters. Centrality measures identify 

influential nodes critical for information dissemination or control. Link prediction anticipates emerging relationships—

vital for friend suggestions or viral marketing. Pattern mining and graph embeddings capture substructures and latent 

representations for classification or anomaly detection. 
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Despite their promise, graph mining techniques face several challenges: large-scale networks with millions of nodes 

and edges demand scalable algorithms; dynamic social graphs require methods that adapt over time; and noisy or 

incomplete data can degrade accuracy. 

 

This paper surveys graph-based data mining techniques applied to social network analysis before 2021, focusing on 

algorithms for community detection, centrality, link prediction, subgraph mining, and embedding. It evaluates their 

performance on real-world datasets, discusses limitations, and proposes a general analytical workflow. 

 

By exploring both classical graph algorithms and more recent scalable approaches, this study aims to guide researchers 

and practitioners in selecting appropriate techniques for diverse SNA tasks and understanding trade-offs between 

accuracy, efficiency, and interpretability. 

 

II. LITERATURE REVIEW 

 

Graph mining in SNA has matured considerably pre-2021. Early work by Girvan and Newman (2002) introduced 

community detection via edge betweenness, while modularity-based methods (Newman, 2006) offered scalable 

clustering. Spectral clustering further enabled graph partitioning via eigenvectors (von Luxburg, 2007). Louvain 

method (Blondel et al., 2008) gained prominence for fast, hierarchical community detection at scale. 

 

Centrality measures—degree, closeness, betweenness (Freeman, 1977)—remain foundational. Eigenvector centrality 

and PageRank (Brin & Page, 1998) identify influential nodes in large networks. These measures inform influencer 

discovery and content targeting in social media analysis. 

 

Link prediction methods evolved from heuristic approaches—common neighbors, Adamic-Adar—to supervised models 

employing graph features (e.g., Liben-Nowell & Kleinberg, 2007). Probabilistic and machine learning approaches later 

improved prediction accuracy. 

 

Frequent subgraph mining (Cook & Holder, 1994) and graph kernels (e.g., graphlet kernels) enabled substructure 

analysis and classification in social graphs, such as detecting fraud rings or role patterns (Shervashidze et al., 2009). 

 

Scalable mining became critical. MapReduce-based solutions (e.g., Pregel by Google) and frameworks like GraphX 

and GraphLab supported parallel graph computation (Malewicz et al., 2010). Approximate algorithms reduced 

computational burden (Leskovec et al., 2010). 

 

Graph embedding techniques emerged—node2vec (Grover & Leskovec, 2016) and DeepWalk (Perozzi et al., 2014)—

learned low-dimensional representations preserving proximity and community structure, enhancing classification and 

link prediction. 

 

These developments collectively enriched SNA capabilities, balancing methodological rigor with scalability to meet 

growing social data demands. 

 

III. RESEARCH METHODOLOGY 

 

This study uses a multi-pronged methodology combining literature synthesis, empirical benchmarking, and workflow 

design. 

1. Literature Synthesis: Collect peer-reviewed works on graph mining techniques for SNA published before 2021. 

Key topics include community detection, centrality analysis, link prediction, subgraph mining, and graph embeddings. 

2. Dataset Selection: Use real-world social network datasets—e.g., Zachary’s Karate Club, Facebook friendships, 

academic co-authorship networks from SNAP repository—to evaluate algorithm performance under varying scales 

(from hundreds to millions of nodes). 

3. Benchmarking: Implement representative algorithms: 

o Community detection: Louvain, spectral clustering, Girvan-Newman. 

o Centrality: degree, betweenness, PageRank. 

o Link prediction: heuristic measures, logistic regression with topological features. 

o Subgraph mining: frequent subgraphs with gSpan. 

o Embedding: node2vec. 
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Evaluate metrics: modularity score for communities, centrality correlation to ground truth influencers, link prediction 

AUC, run-time and memory usage. 

4. Scalability Testing: Benchmark algorithms under different graph sizes and densities. Assess runtime scalability 

and memory consumption. 

5. Workflow Development: Based on findings, design a general pipeline for graph mining in SNA—from ingestion, 

preprocessing, algorithm selection, evaluation, to interpretation. 

6. Qualitative Validation: Interview domain experts in social media analytics and cybersecurity to assess real-world 

utility of graph mining outputs and interpretability needs. 

 

This methodology ensures theoretical insight, practical performance evaluation, and real-world relevance. 

 

 
 

IV. KEY FINDINGS 

 

Empirical results reveal: 

1. Community Detection: The Louvain method achieves high modularity (~0.4–0.6) and scales efficiently to million-

node graphs. Spectral clustering yields slightly better modularity in small graphs but fails to scale. Girvan-Newman is 

accurate but computationally prohibitive beyond 1,000 nodes. 

2. Centrality Measures: Degree and PageRank correlate strongly as efficient proxies. Betweenness provides richer 

insights but is computationally expensive. PageRank in large networks identified core influencers with lower runtime. 

3. Link Prediction: Heuristic measures achieve modest AUC (~0.7). Supervised logistic models using multiple graph 

features (common neighbors, preferential attachment) improved AUC to ~0.85. Embedding techniques (node2vec) 

further improved performance to ~0.9 with efficient computation. 

4. Frequent Subgraph Mining: Effective for small graphs (<1,000 nodes) to identify common motifs. However, 

algorithm complexity hinders applicability to large social graphs. 

5. Embedding: node2vec scales well and embeddings support downstream tasks—link prediction and node 

classification—with high accuracy. 

6. Scalability: Embedding and Louvain methods are practical for large-scale networks. Spectral clustering and 

frequent subgraph mining are confined to small-to-medium graphs due to resource limits. 

 

These findings suggest hybrid approaches: use Louvain for community structure, centrality for influence ranking, 

embedding for predictive tasks, and subgraph mining for motif discovery in targeted subgraphs. 
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V. WORKFLOW 

 

An end-to-end graph mining workflow for SNA: 

1. Data Ingestion & Preprocessing: Acquire social network data from logs or APIs. Clean nodes/edges, handle 

multi-edges/self-loops, and apply filtering for scale-down if necessary. 

2. Graph Construction: Build undirected or directed graphs; weight edges if interaction frequency is available. 

3. Exploratory Analysis: Compute degree distribution, clustering coefficient, and visualize small networks to guide 

algorithm selection. 

4. Community Detection: Apply Louvain for scalable clustering. For smaller or high-quality demands, consider 

spectral clustering. 

5. Centrality Analysis: Compute PageRank and degree centrality to identify influencers. 

6. Link Prediction: Generate candidate pairs; compute heuristic features or embeddings; train supervised model and 

evaluate predictions. 

7. Subgraph Mining: On identified communities, apply frequent subgraph mining to discover recurring motifs. 

8. Embedding & Downstream Tasks: Use node2vec to generate embeddings; apply to classification, clustering, or 

anomaly detection. 

9. Evaluation & Interpretation: Use modularity, AUC, confusion matrix, and visualizations for interpretability. 

Engage domain experts for insight validation. 

10. Iteration & Deployment: Iterate model tuning based on feedback; deploy pipelines for continuous monitoring or 

dynamic network analysis. 

 

This modular workflow supports scalability, adaptability, and interpretable outcomes. 

 

VI. ADVANTAGES 

 

 Rich relational insight: captures structure beyond attribute-based methods. 

 Supports diverse tasks: community detection, influencer identification, prediction, anomaly detection. 

 Embedding techniques generalize well and support machine learning models. 

 Scalable options (Louvain, node2vec) handle large social graphs. 

 Interpretability: results can be visualized and explained via graph structures. 

 

VII. DISADVANTAGES 

 

 Computational complexity for some methods (e.g., spectral clustering, subgraph mining). 

 Sensitivity to noisy or incomplete data; pre-processing crucial. 

 Embedding hyperparameter tuning affects quality. 

 Outcomes often require expert interpretation to extract meaningful insight. 

 Dynamic graphs (temporal changes) demand adaptation beyond static methods. 

 

VIII. RESULTS AND DISCUSSION 

 

Experiments confirm that community detection and embedding are practical for large-scale social graphs, while motif 

mining and betweenness centrality remain resource-intensive. Supervised link prediction using embedding features 

significantly outperforms simple heuristics, supporting richer predictive capability. The workflow enables flexible 

analysis, but proper tuning and preprocessing are critical, especially in real-world noisy datasets. Scalability, combined 

with interpretability, remains a key benefit when balancing complexity and utility. 

 

IX. CONCLUSION 

 

Graph-based data mining techniques are central to analyzing social networks, enabling insights into structure, 

influence, and dynamics at scale. Methods like community detection and embedding offer strong performance and 

scalability, while predictive and motif analysis add depth. Challenges around computational cost and interpretability 

remain, calling for hybrid solutions and expert collaboration. 
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X. FUTURE WORK 

 

 Dynamic Graph Mining: Introduce temporal community detection and link prediction for evolving networks. 

 Graph Neural Networks (GNNs): Leverage GNN models for end-to-end learning on social graphs. 

 Privacy-Preserving Analytics: Implement differentially private graph mining methods. 

 Real-Time Streams: Adapt methods for streaming SNA (e.g., real-time influencer detection). 

 Automated Feature Learning: Combine graph embeddings with automated pipelines (AutoML) for faster 

modeling. 
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