
 

International Journal of Computer Information Systems and Industrial Management Applications 
ISSN 2150-7988 Volume 18(2) 2026 pp. 1228-1236 

 

https://doi.org/10.70917/ijcisim-2026-4018 
Article 

Graph-Driven Deep Learning Framework for 

Predictive Analytics in Dynamic Social Networks 

M. Rajendiran¹, Lavanya K.², M. Swapna³, K. N. S. K. Santhosh⁴, M. Vallikkannu⁵, J. Srinivasan⁶ 

¹Department of Artificial Intelligence and Data Science, V.S.B. Engineering College, Karur, Tamil Nadu, India. 

Email: mrajendiran@gmail.com 

ORCID: 0000-0001-9737-3302 

²Department of Electronics and Communication Engineering, Velammal Engineering College, Chennai, Tamil Nadu, India. 

Email: lavanya201180@gmail.com 

³Department of Computer Science and Engineering, Anurag University, Hyderabad, Telangana, India. 

Email: mswapna.cse@anurag.edu.in 

ORCID: 0000-0001-8867-9983 

⁴Department of Computer Science and Engineering (AIML), Aditya University, Surampalem, Andhra Pradesh, India. 

Email: santhosh_csm@acoe.edu.in 

⁵Department of English, Vel Tech Rangarajan Dr. Sagunthala R&D Institute of Science and Technology, Chennai, Tamil Nadu, 

India. 

Email: sonasumathi79@gmail.com 

⁶Department of Electronics and Communication Engineering, AVS Engineering College, Salem, Tamil Nadu, India. 

Email: srinijayakumar@gmail.com 

ORCID: 0009-0006-6700-9001 

 

 

Abstract: Dynamic social networks are characterized by continuously evolving structures, complex relational dependencies, and 

large-scale heterogeneous interactions, posing significant challenges for accurate predictive analytics. Traditional machine learning 

approaches often fail to effectively capture temporal dynamics and high-order graph relationships inherent in such networks. To 

address these limitations, this paper proposes a Graph-Driven Deep Learning Framework that integrates graph representation 

learning with temporal deep neural architectures for predictive analytics in dynamic social networks. The proposed framework 

leverages Graph Neural Networks (GNNs) to model structural dependencies among nodes while employing temporal learning 

mechanisms, such as recurrent or attention-based models, to capture the evolution of interactions over time. By jointly learning 

spatial-temporal features from dynamic graph data, the framework enables accurate prediction of network behaviors, including 

user influence propagation, link formation, community evolution, and information diffusion. Extensive experimental evaluations 

conducted on benchmark dynamic social network datasets demonstrate that the proposed approach consistently outperforms state-

of-the-art baseline models in terms of prediction accuracy, robustness, and scalability. The results highlight the effectiveness of 

graph-driven deep learning in uncovering complex patterns within evolving social systems, making the framework suitable for 

real-world applications such as recommendation systems, social media analytics, and online behavioral prediction. 
Keywords: Dynamic Social Networks; Graph Neural Networks; Deep Learning; Predictive Analytics; Temporal Graph Modeling; 

Representation Learning; Social Network Analysis 

 

1. Introduction 

The exponential growth of online platforms such as social media, discussion forums, and collaboration 

networks has resulted in large-scale dynamic social networks, where nodes and relationships continuously evolve 

over time. These networks exhibit complex characteristics including temporal dependency, non-linear interactions, 

community evolution, and information diffusion, making predictive analytics a challenging task [1], [2]. Accurate 
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prediction of network behaviors—such as link formation, influence propagation, and user engagement—is critical for 

applications in recommendation systems, social marketing, misinformation detection, and cybersecurity [3], [4]. 

Traditional statistical and machine learning approaches rely heavily on handcrafted features and static graph 

assumptions, which limit their ability to capture evolving structures and higher-order relational patterns [5]. While 

deep learning models have shown strong performance in sequential and high-dimensional data modeling, conventional 

neural architectures are not inherently suited for graph-structured data [6]. Graph Neural Networks (GNNs) have 

recently emerged as a powerful paradigm for learning node and graph representations by aggregating neighborhood 

information [7], [8]. However, many existing graph-based approaches treat social networks as static snapshots, thereby 

ignoring temporal dynamics that are crucial for real-world social systems [9]. 

Dynamic graph learning methods attempt to incorporate time-aware information, but they often suffer from 

scalability issues or limited expressive power in modeling both spatial and temporal dependencies simultaneously 

[10]. To address these challenges, this paper proposes a Graph-Driven Deep Learning Framework that integrates 

graph representation learning with temporal deep learning mechanisms to enable accurate predictive analytics in 

dynamic social networks. 

The main contributions of this work are threefold: 

1. A unified spatial–temporal learning framework for dynamic social networks. 
2. A graph-driven predictive model capable of capturing evolving structural and temporal dependencies. 
3. Comprehensive experimental evaluation demonstrating superior performance over state-of-the-art 

baselines. 

2. Literature Survey 

Early studies in social network analysis focused on graph-theoretic metrics such as degree centrality, 

betweenness, and clustering coefficients to analyze user influence and network connectivity [11]. While effective for 

descriptive analysis, these methods lack predictive capabilities in dynamic environments. Machine learning-based 

models later introduced feature-driven approaches for link prediction and community detection, but their performance 

depends heavily on domain-specific feature engineering [12]. 

The introduction of deep learning shifted the focus toward automated feature extraction. Recurrent Neural 

Networks (RNNs) and Long Short-Term Memory (LSTM) models have been applied to model temporal sequences of 

social interactions [13], but these models fail to capture relational dependencies among users. Graph Neural Networks, 

including Graph Convolutional Networks (GCNs) and Graph Attention Networks (GATs), enable learning from graph-

structured data by aggregating neighborhood information [14], [15]. However, most GNN-based approaches assume 

static graphs, which limits their applicability to evolving social networks [16]. 

Recent research has explored dynamic graph neural networks, combining temporal modeling with graph 

learning. Temporal graph models such as dynamic GCNs and time-aware attention mechanisms have shown promise 

in capturing network evolution [17]. Nevertheless, many existing models struggle with scalability, long-term temporal 

dependency, or noisy interaction data [18]. Hybrid frameworks integrating GNNs with recurrent or attention-based 

architectures have been proposed to address these limitations, yet there remains a need for a robust and generalized 

framework that effectively models both spatial and temporal dynamics for predictive analytics [19], [20]. 

3. Proposed Methodology 

The proposed Graph-Driven Deep Learning Framework is designed to jointly capture structural 

dependencies and temporal evolution in dynamic social networks. Let a dynamic social network be represented as 

a sequence of graph snapshots 

𝒢 = {𝐺1, 𝐺2, … , 𝐺𝑇}, 
 

where each graph 𝐺𝑡 = (𝑉𝑡 , 𝐸𝑡)consists of a set of nodes 𝑉𝑡and edges 𝐸𝑡at time 𝑡. 

3.1 Graph Representation Learning 

For each snapshot 𝐺𝑡, a Graph Neural Network is employed to learn node-level embeddings by aggregating 

information from neighboring nodes. The node representation update is expressed as: 
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ℎ𝑣
(𝑙+1)

= 𝜎 (∑ 𝑊(𝑙)
𝑢∈𝒩(𝑣)

ℎ𝑢
(𝑙)+𝑏(𝑙)) , 

 

where ℎ𝑣
(𝑙)

denotes the embedding of node 𝑣at layer 𝑙, 𝒩(𝑣)represents the neighborhood of 𝑣, and 𝜎(⋅)is a 

nonlinear activation function. 

3.2 Temporal Modeling 

To capture temporal dependencies across graph snapshots, the learned node embeddings are passed to a 

temporal learning module such as an LSTM or attention-based network: 

𝑧𝑣
(𝑡) = TemporalModel(ℎ𝑣

(𝑡), 𝑧𝑣
(𝑡−1)

), 
 

where 𝑧𝑣
(𝑡)

represents the temporal embedding of node 𝑣at time 𝑡. 

3.3 Prediction Layer 

The final prediction layer utilizes the learned spatial–temporal embeddings to perform predictive analytics 

tasks such as link prediction or influence estimation: 

𝑦̂ = Softmax(𝑊𝑝𝑧 + 𝑏𝑝). 

 

The framework is trained end-to-end using task-specific loss functions, ensuring joint optimization of graph 

and temporal representations. 

 

Fig. 1. Overall Architecture of the Proposed Framework 

 Figure 1 illustrates the overall architecture of the proposed Graph-Driven Deep Learning Framework. The 

framework consists of four main components: dynamic graph construction, graph representation learning, temporal 

modeling, and predictive analytics. Dynamic social network data are first segmented into time-aware graph snapshots. 

Each snapshot is processed using a Graph Neural Network to extract structural features, which are then passed to a 

temporal learning module to capture evolution patterns. The final prediction layer produces outputs such as link 

prediction, influence estimation, or community evolution. 
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Fig. 2. Dynamic Social Network Representation 

 Figure 2 presents the representation of a dynamic social network as a sequence of temporal graph snapshots. 

Each snapshot corresponds to a specific time interval and captures node interactions occurring within that period. This 

representation enables the model to explicitly learn temporal transitions and evolving relational patterns that are not 

visible in static graphs. 

 

Fig. 3. Graph Neural Network Layer Operation 

 Figure 3 illustrates the message-passing mechanism of the Graph Neural Network. Node embeddings are 

iteratively updated by aggregating information from neighboring nodes. This process enables the model to capture 

local and higher-order structural dependencies, which are essential for understanding user influence and relational 

strength. 
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Fig. 4. Temporal Modeling Using LSTM/Attention 

 Figure 4 depicts the temporal modeling component used to capture time-dependent patterns in node 

embeddings. Recurrent or attention-based architectures learn sequential dependencies across graph snapshots, 

allowing the framework to model long-term interaction trends and temporal influence propagation. 

 

Fig. 5. End-to-End Training Pipeline 

 Figure 5 shows the end-to-end training pipeline of the proposed framework. Graph and temporal modules are 

jointly optimized using task-specific loss functions. This unified training strategy ensures consistent learning of 

spatial–temporal representations, improving predictive robustness. 

4. Experimental Results and Analysis 

The proposed framework was evaluated using benchmark dynamic social network datasets. Performance was 

compared with traditional machine learning models, static GNNs, and existing dynamic graph learning approaches. 

Metrics such as accuracy, precision, recall, F1-score, and AUC were used for evaluation. 
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The results demonstrate that the proposed graph-driven framework consistently outperforms baseline models 

across all metrics. The integration of temporal learning significantly improves prediction accuracy, particularly in 

networks with rapidly evolving structures. Furthermore, the model exhibits strong robustness against noisy and sparse 

interaction data. 

Scalability analysis shows that the framework efficiently handles large-scale networks due to its modular design 

and parallelizable graph operations. Overall, the experimental findings confirm that jointly modeling spatial and 

temporal dependencies leads to superior predictive performance in dynamic social networks. 

 

Fig. 6. Prediction Accuracy Comparison 

 Figure 6 compares the prediction accuracy of the proposed framework with baseline models. The proposed 

method consistently achieves higher accuracy due to its ability to jointly model graph structure and temporal evolution. 

 

Fig. 7. Precision–Recall Performance Analysis 

 Figure 7 presents the precision and recall performance across different models. The proposed framework 

demonstrates improved balance between precision and recall, indicating reliable prediction performance even in sparse 

and noisy networks. 
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Fig. 8. F1-Score Evaluation 

 Figure 8 shows the F1-score comparison, highlighting the effectiveness of the proposed approach in 

maintaining both high precision and recall. This confirms the suitability of the framework for real-world dynamic 

social networks. 

 

Fig. 9. ROC–AUC Analysis 

 Figure 9 illustrates the ROC–AUC curves of different models. The proposed framework achieves a higher 

AUC value, indicating superior discrimination capability in predicting social network behaviors. 

 

Fig. 10. Temporal Prediction Stability 

 Figure 10 evaluates prediction stability over time. The proposed framework maintains consistent performance 

across multiple time intervals, demonstrating robustness to evolving network dynamics. 
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Fig. 11. Scalability Analysis 

 Figure 11 shows scalability performance with increasing network size. The modular design of the proposed 

framework allows efficient handling of large-scale social networks without significant performance degradation. 

 

Fig. 12. Overall Performance Summary 

 Figure 12 summarizes the overall performance improvements achieved by the proposed framework across all 

evaluation metrics. The results clearly demonstrate the effectiveness of integrating graph-driven learning with 

temporal modeling for predictive analytics. 

5.Conclusion 
This paper presented a graph-driven deep learning framework for predictive analytics in dynamic social 

networks, addressing the critical challenges posed by evolving network structures and temporal interaction patterns. 

By combining graph neural networks with temporal deep learning models, the proposed framework effectively 

captures both structural dependencies and time-varying behaviors within social graphs. The experimental results 

demonstrate significant improvements over conventional machine learning and static graph-based approaches, 

validating the framework’s capability to model complex social dynamics with higher predictive accuracy and stability. 

Furthermore, the scalability of the proposed method enables its application to large-scale real-world social networks. 

Future research directions include extending the framework to handle multimodal social data, incorporating privacy-

preserving learning mechanisms, and exploring federated or decentralized graph learning strategies to enhance 

adaptability in distributed social platforms. 
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