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Abstract 

Social Network Analysis (SNA) has experienced major advancements with the growth of technology, which has made link 

prediction an important aspect of SNA, particularly regarding social network applications, recommendation systems, and various 

biological networks. Traditional Graph Neural Networks (GNN), such as Graph Convolutional Networks (GCN) and Graph 

Attention Networks (GAT) which primarily focus on aggregating node features and often neglect structural similarity (SS) 

between node pairs. This paper proposes a Structural Similarity-Infused Multi-Head (MH) Graph Attention Network (SS-MH-

GAT) for link prediction that integrates graph-topology-based features into a hybrid GCN-GAT model. SS-MH-GAT introduces 

a structural-similarity-weight-extraction module, which learns the relative importance of the adjacency, Jaccard Index, clustering 

coefficient, and path-distance similarity metrics at the graph level. These globally weighted structural features are fused to form a 

similarity-aware graph representation, which is further refined through a Graph Convolutional Network. This is followed by the 

use of a Multi-Head Graph Attention Network to impart a locality-focused adaptability to the network by assigning importance 

weights to neighboring nodes, culminating in a DenseNet Classifier to infer probabilities of links based on the enhanced feature 

representations. Experiments on five diverse real-world datasets demonstrate that SS-MH-GAT surpasses baseline models. There 

is a significant performance improvement in accuracy (+12%), precision (+14%), recall (+17%), and AUC (+13%), which 

validates the effectiveness of the proposed approach. 

 

Keywords- Graph attention layer, Graph convolution layer, Graph neural network, Link prediction, Similarity metrics. 

 

 

 

1. Introduction 
Social network analysis (SNA) (Daud et al., 2020) has come to prominence in the last few years, mainly 

due to the rapid expansion of online social networks, the development of recommendation systems 

(Berkani, 2021), and advances in biological networks (Nasiri et al., 2021). One of the major problems in 

social network analysis is link prediction, which attempts to identify impending future relationships 

between nodes (people, organizations, etc.) based on the relationships that already exist within a 

particular network.  

 

Traditional link prediction approaches leverage topology-based features (Kumar et al., 2025; Liben-

Nowell & Kleinberg, 2007) that provide valuable insights into network structure, categorized into local 
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and global structure metrics. Local features (e.g., Jaccard Index, Clustering Coefficient) take care of the 

immediate node connectivity and its connectivity patterns, which are very effective in dense subgraphs. 

Global topology-based features (e.g., Path Distance) measure long-range dependencies within and across 

a network and identify similarities among nodes that may not be directly connected to one another but are 

still important to the network structure (Liben-Nowell & Kleinberg, 2007). In networks with low density 

and few connections, global topology-based features play an important role. 

 

Though the approaches based on topology have their own benefits, these approaches often lack 

adaptability and struggle with complex network structures. To overcome these limitations, GNN (Kumar 

et al., 2024; Liu et al., 2023) have emerged as powerful tools for learning node representations by 

propagating features across a graph. More specifically, Graph Convolutional Networks (GCN) (Kipf & 

Welling, 2017) and GAT (Veličković et al., 2017) are adaptive in nature and can be scaled effectively for 

link prediction by learning representations from both node attributes and the structural connectivity of all 

nodes in a given graph. 

 

The state-of-the-art GNN models for link prediction are mainly based on feature-propagation methods, 

where a node's embedding is learned from its local neighborhood. In particular, existing methods may 

neglect global and local structure information explicitly. Specifically, they may overlook the following: 

• Lack of structural awareness – It is observed that most existing GNN models only consider 

aggregated node features, overlooking graph-structure-based similarities such as the Jaccard Index, 

Clustering Coefficient, and Path Distance, which could offer more insights into the graph structure. 

• Limited expressiveness in adjacency matrices – The conventional adjacency matrix in GCNs is either 

binary or weighted by edge strength, and so it does not capture structural similarities that can be 

useful in training a model. 

• Suboptimal feature integration – Existing models do not effectively combine graph heuristics with 

deep learning techniques, which leads to less informative node embeddings. 

• Inconsistent performance in sparse graphs – Most GNN-based link predictors struggle with sparse 

networks, where structural similarity metrics could provide more robust predictive power. 

 

Although traditional topology-heuristics like Jaccard Index, Clustering Coefficient, or Path Distance (PD) 

are still used in link prediction tasks, they often lack adaptability and robustness across complex 

topological structures. With this intention, GNNs have received increasing attention as strong candidates 

for learning node representations. Moreover, GCN and GAT appear promising for improving link 

prediction performance by incorporating both node features and structural relationships. 

 

Despite the strong performance of recent GNN-based link prediction models, most existing approaches 

primarily rely on feature propagation or attention-based neighborhood aggregation, while largely 

neglecting the explicit modeling of structural similarity patterns that govern link formation in real-world 

networks. In particular, structural heuristics such as neighborhood overlap, community cohesion, and 

long-range connectivity are either ignored or incorporated in a static, non-adaptive manner. To address 

this limitation, this work proposes a novel structural similarity–guided hybrid framework that uniquely 

integrates global adaptive weighting of multiple structural similarity metrics with local multi-head graph 

attention refinement. Unlike existing GCN–GAT models that focus solely on node-level feature 

aggregation, the proposed approach first learns dataset-level structural importance weights for adjacency, 

Jaccard Index, clustering coefficient, and path distance, and then combines them with edge-level attention 

mechanisms to capture fine-grained relational dependencies. This dual-level integration enables the 

approach to learn more expressive and robust node representations, particularly in sparse, structurally 

heterogeneous networks. 
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The paper is organized as follows: Section 2 outlines the literature review, identifies the research gap, and 

presents the contribution of the current research. Section 3 outlines a proposed methodology. Section 4 

explains the experimental design, while Section 5 interprets the results. Finally, Section 6 concludes this 

research with future directions. 

 

2. Literature Review 
GNN are widely used for learning on graph-structured data, particularly for link prediction tasks. Graph 

Convolutional Networks (GCNs) (Kipf & Welling, 2017), which aggregate information from a node's 

local neighborhood to obtain new, expressive node representations. However, the downside of GCN is 

that it treats every node in its local neighborhood equally. Another downside of GCN is its inability to 

dynamically adjust node importance. The features of nodes from different neighbors of a node are 

aggregated uniformly within one hop. Therefore, it might not perform well in heterogeneous graphs 

where different nodes have different levels of importance. 

 

GAT (Veličković et al., 2017) demonstrate the use of adaptive weights for neighboring nodes through 

self-attention. Unlike GCN, GAT applies a multi-head self-attention mechanism to learn dynamic weights 

for node features, thereby enhancing their ability to represent complex graph structures. GAT has a 

limitation when dealing with graphs with long dependencies, as it applies attention only to immediate 

neighbors. As a result, GAT may perform sub-optimally on tasks that require global structural 

information. 

 

GraphSAGE, (Hamilton et al., 2017), provides an inductive learning framework in which node 

embeddings are created using sampling and aggregating the features of a node's neighbors. Its learnable 

aggregation functions, such as mean, LSTM, and pooling, improve accuracy by capturing diverse 

structural information. However, the sampling process may lead to information loss, reducing accuracy in 

highly connected graphs. 

 

Despite these improvements, the majority of GNN based systems do not explicitly model topological 

similarities, which are fundamental to link creation mechanisms. Classical topology-based heuristics 

(Liben-Nowell & Kleinberg, 2007) have widely been used for link prediction, which rely on similarity 

measures such as Common Neighbors (CN), Jaccard Index (JI), and Adamic-Adar (AA) to estimate 

connection probabilities.  

 

Community structure has been explored to predict connections between peers, whereas traditional models 

rely solely on similarity (Muscoloni et al., 2018). By using the strength of connections between peers 

through their common neighbors, it assumes that the stronger the connection amongst these peers, the 

higher the probability of the two connecting. However, this method lacks accuracy within networks with 

weak clustering because of its heavy reliance upon strong local connectivity, which may lead to 

inaccurate predictions in sparse networks and in the very dynamic environment of most social networks. 

 

The Jaccard Index (Jaccard, 1901) and Katz Index (Foster et al., 2001) have been developed to support 

link predictions by utilizing local and global topology-based approaches, respectively. The Jaccard index 

calculates importance using the number of common neighbours two nodes share, which allows for 

efficient usage but has low performance rates when used with sparse graphs. On the other hand, the Katz 

index calculates the importance using an aggregated calculation of the number of paths between the 

nodes, capturing both short-term and long-term cycles but is costly due to the complexity of the 

calculations required to compute all possible paths between the nodes. Because of this, while Jaccard 
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provides good predictions on highly clustered graphs, the Katz index has difficulties providing accurate 

results on highly connected networks. 

 

A similarity-based parameterized model has been illustrated for link prediction, leveraging three 

topological features to get a similarity score between nodes and predict the potential links (Rai et al., 

2023). These topological features are equally weighted in this approach, leading to low accuracy in sparse 

networks. 

 

Random walk-based approaches have recently proven to be useful techniques for learning lower-

dimensional node representations for graphs. Node sequences generated via truncated random walks are 

modeled using the Skip-Gram framework to obtain node representations (Perozzi et al., 2014). This 

model is capable of learning local relationships but fails to capture various linkages of nodes. 

 

A biased random walk strategy, known as Node2Vec, is introduced to improve DeepWalk by balancing 

the trade-offs between DFS and BFS (Grover & Leskovec, 2016). This strategy allows it to capture 

homophily and structural equivalence more effectively. However, Node2Vec still relies on manually 

tuned walk-strategy parameters, which can affect accuracy.  

 

Structural awareness is further strengthened by removing direct dependence on node features and 

constructing a hierarchical similarity graph based on node structural identities prior to performing random 

walks (Ribeiro et al., 2017). With that, Struc2Vec is able to learn structural roles from distant nodes, 

making it more powerful in tasks that demand role-based embeddings. In contrast, this approach has 

higher computational overheads compared with DeepWalk and Node2Vec, which restricts scalability 

when dealing with large graphs. 

 

Although GNN reinforcements such as GCN, GAT, and GraphSAGE perform well in terms of prediction 

accuracy, these algorithms neglect structural-similarity-based heuristics, which are necessary for link-

creation simulation. On the other hand, traditional similarity-based methods such as the Jaccard Index, 

Katz, and Cannistraci-Hebb provide valuable relational insights but cannot learn adaptive node 

representations.  

 

The random-walk-based embedding methods (DeepWalk, Node2Vec, and Struc2Vec) represent an 

advancement over traditional heuristics by capturing structural role. However, the downside of this 

technique is that it requires manual parameter tuning, and its computational overhead limits its 

effectiveness on large-scale graphs. 

 

To address these challenges, this study proposes SS-MH-GAT, a Structural Similarity-Infused Multi-

Head (MH) Graph Attention Network model (SS-MH-GAT) that combines global structural similarity 

fusion with local attention-based embedding refinement. The key contributions of the proposed approach 

are summarized below: 

• Develop a structural similarity weight extraction module that learn global weights (𝛼, 𝛽, 𝛾, 𝛿 ), for 

similarity metrics such as adjacency, Jaccard Index, Clustering Coefficient, and Path Distance. These 

weights reflect the overall structural importance of each feature in the graph and are normalized so 

that 𝛼 + 𝛽 + 𝛾 + 𝛿 = 1. 

• Developing enhanced representations of node embeddings through the use of structural similarity-

based features in GCN. 
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• Multi-Head Graph Attention is employed to assign edge-level importance scores to neighboring 

nodes, allowing the model to capture fine-grained relational patterns and complex structural 

dependencies that are not captured by global weighting alone. 

• Evaluating the effectiveness of SS-MH-GAT as an improvement over other baseline GNN models 

(GCN, GAT, SAGE) as well as traditional topological methods (Jaccard, Katz, CND) by testing for 

improvements in accuracy, robustness on sparse graphs, and generalizability across multiple datasets. 

 

These four structural features (adjacency, Jaccard, clustering coefficient, and distance) provide immediate 

connectivity, neighborhood overlap, community cohesion, and long-range relational patterns, 

respectively. Whereas the combination of these four features offers a more robust and nuanced 

understanding of the relationships between nodes than any single feature would. 

 

3. Proposed Methodology 
This section presents SS-MH-GAT, a hybrid graph learning framework that integrates different structural 

similarities of a graph with local attention-based embedding for link prediction. The model consists of 

four components: (i) structural feature computation, (ii) structural similarity weight extraction module, 

(iii) GCN-based embedding refinement, and (iv) Multi-Head Graph Attention with DenseNet-based link 

prediction. The overall workflow is shown in Figure 1. 

 

 
 

Figure 1. Illustration of the overall framework of the proposed framework SS-MH-GAT. 

 

 

3.1 Structural Feature Computation 
Let 𝐺 = (𝑉, 𝐸) be an undirected graph with a node set 𝑉 and edge set 𝐸. This study begins by 

constructing four structural similarity metrics that encode different topological properties: 

 

a) Adjacency Matrix (A) 

To ensure that node features contribute effectively to the embedding, self-loops are added to the 

adjacency matrix (A) as in Equation (1). Furthermore, to balance feature aggregation and prevent high-

degree nodes from dominating, this study normalizes the 𝐴^ using Equation (2). 
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𝐴^ = 𝐴 + 𝐼                                                                                                                                                  (1) 

𝐴~ = 𝐷
−1

2 (𝐴^ )𝐷
−1

2                                                                                                                                      (2) 

 

Here, 

• A is the adjacency matrix of the graph. 

• I is the identity matrix ensuring self-loops. 

• 𝐴^ is the modified adjacency matrix with self-loops. 

• D is the degree matrix, where 𝐷𝑖𝑖 represents the degree of the node 𝑖. 
• This normalization balances feature aggregation and prevent high-degree dominance. 

 

b) Jaccard Index (J) 

It measures the proportion of common neighbors between node pairs (𝑖, 𝑗) as in Equation (3). It enhances 

local similarity for link prediction. 

𝐽(𝑖, 𝑗) =  
∣Γ(i)∩Γ(j)∣

∣Γ(i)∪Γ(j)∣
                                                                                                                                        (3) 

 

Here, 

• Γ(𝑖) is the set of neighbors of node i.  

• 𝐽(𝑖, 𝑗) represents the similarity between nodes i and j based on shared neighbors. 

 
c) Clustering Coefficient (C) 

It captures community structure by quantifying how well a node’s neighbors are interconnected, as 

written in Equation (4). 

𝐶(𝑖) =    
2𝑇𝑖

𝑑(𝑖)(𝑑(𝑖)−1)
                                                                                                                                     (4) 

 

Here, 

• 𝑇𝑖: Number of triangles that include the node 𝑖. 
• 𝑑(𝑖): Degree of node 𝑖 (i.e., the number of direct connections). 

• Averaged for node pairs (𝑖, 𝑗): 

𝐶𝑖𝑗 = {
𝑐(𝑖)+𝑐(𝑗)

2
,    𝑓𝑜𝑟 𝑒𝑎𝑐ℎ (𝑖, 𝑗) ∈ 𝑉

0,            𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
                                                                                                       (5) 

 

d) Path Distance (D) 

It represents the shortest path distance between node pairs (𝑖, 𝑗) using Dijkstra’s algorithm, normalized 

for consistency. 

𝐷(𝑖, 𝑗) =  
1

1+𝑃(𝑖,𝑗)
                                                                                                                                         (6) 

 

Here, 

• 𝑃(𝑖, 𝑗) is the shortest path length between nodes i and j (computed using Dijkstra’s algorithm). 

• If 𝑃(𝑖, 𝑗) > 3, 𝑡ℎ𝑒𝑛 𝑃(𝑖, 𝑗) = ∞, ensuring distant nodes do not contribute to similarity calculations. 

• The shortest path distance is capped at three hops to restrict the influence of distant node pairs that 

typically provide weak structural signals in link prediction tasks. This choice reflects common 

observations in social networks, where most meaningful interactions occur within a small number of 
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hops. Preliminary experiments with higher thresholds showed marginal performance gains at 

increased computational cost, motivating the use of a threshold of 3. 

 

The selection of adjacency, Jaccard Index, clustering coefficient, and path distance is motivated by their 

complementary ability to capture distinct structural characteristics of a graph. Specifically, these metrics 

jointly represent direct node connectivity, neighborhood overlap, local community cohesiveness, and 

long-range relational dependencies, respectively. This combination enables a balanced and 

computationally efficient encoding of both local and global structural information for link prediction. 

 

3.2 Structural Similarity Weight Extraction Module 

This study introduces a global adaptive weighting module that learns and assigns heuristic weights to 

these four structural similarity metrics as in Equation (7). An MLP learns four graph-level coefficients. 

𝑊 =  [𝛼, 𝛽, 𝛾, 𝛿] = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑀𝐿𝑃([𝐴~, 𝐽, 𝐶, 𝐷]))                                                                                  (7) 

 

This Softmax ensures the normalization of the coefficient as in Equation (8): 

𝛼 + 𝛽 + 𝛾 +  𝛿 = 1                                                                                                                                    (8) 

 

These weights represent the importance of global structural similarities, optimized from data. It does not 

vary across edges or nodes, but provides dataset-level adaptiveness. The final fused similarity matrix is in 

Equation (9): 

𝑆 =  𝛼𝐴~ +  𝛽𝐽 +  𝛾𝐶 + 𝛿𝐷                                                                                                                       (9) 

 

Here, the learnable coefficients 𝛼, 𝛽, 𝛾, 𝛿 represent the global importance weights assigned to adjacency, 

Jaccard Index, clustering coefficient, and path distance, respectively. The Softmax normalization ensures 

that all weights are non-negative and sum to one, enabling a stable and interpretable contribution of each 

structural metric. The resulting fused similarity matrix S therefore captures dataset-level structural 

preferences and serves as a structure-aware input for subsequent GCN propagation. 

 

This similarity matrix serves as a structure-aware input to the GCN. 

 

It is important to note that the proposed structural similarity weight extraction module learns global 

(dataset-level) importance weights rather than node- or edge-specific weights. This design choice is 

intentional, as the objective is to capture a graph's overall structural tendencies while avoiding excessive 

model complexity and overfitting. Local and edge-level adaptiveness is subsequently handled by the 

multi-head graph attention mechanism, which dynamically assigns importance to neighboring nodes 

during message passing. 

 

The learned structural similarity weights are dataset-specific and remain fixed during inference once 

training is complete. During training, the MLP-based weight extraction module is optimized jointly with 

the GCN and multi-head GAT components in an end-to-end manner using the same binary cross-entropy 

loss, enabling the weights to adapt to the structural characteristics of each dataset. 

 

3.3 GCN-Based Structural Embedding Refinement 
The fused similarity matrix S (Equation (9)) guides GCN propagation, enabling the encoder to 

incorporate richer topological information beyond raw adjacency. The GCN operation is defined as in 

Equations (10) and (11).  

𝐻(𝑙+1) = 𝜎(𝑆𝐻(𝑙)𝑊𝑙)                                                                                                                              (10) 



Kumar et al.: Adaptive Structural Similarity Guided GCN–GAT Framework for Robust … 
 

641 | Vol. 11, No. 2, 2026 

𝐻0  = 𝑋                                                                                                                                                     (11) 

 

Here,  𝐻(𝑙) ∈  𝑅|𝑉|×𝑑𝑙 is the node-embedding matrix at layer 𝑙. The final GCN embedding output 𝐻𝐺𝐶𝑁  as 

in Equation (12) after L layers of convolution provides globally structure-aware node embeddings for 

subsequent attention refinement. 

𝐻𝐺𝐶𝑁 = 𝐻𝑙                                                                                                                                                (12) 

 

3.4 Multi-Head Graph Attention for Local Adaptiveness 
While the structural similarity extraction module captures overall structural preferences, node 

relationships still vary significantly at the local level. To model these fine-grained dependencies, this 

study applies a Multi-Head Graph Attention Network (MH-GAT). The unnormalized attention score for 

an edge (𝑖, 𝑗) under attention head k is computed as in Equation (13): 

𝑒𝑖𝑗
𝑘 = 𝐿𝑒𝑎𝑘𝑦𝑟𝑒𝐿𝑈 (𝑎𝑘𝑇

[𝑊𝑘ℎ𝑖||𝑊
𝑘ℎ𝑗])                                                                                                  (13) 

 

The normalized attention coefficients are in Equation (14): 

𝛼𝑖𝑗
𝑘 = 

exp (𝑒𝑖𝑗
𝑘)

∑ 𝑒𝑥𝑝(𝑒𝑖𝑢
𝑘 )𝑢∈𝑁(𝑖)

                                                                                                                                  (14) 

 

The node-level embedding update (Message Aggregation) for head k is given by Equation (15): 

ℎ𝑖
𝑘 = 𝜎(∑ 𝛼𝑖𝑗

𝑘
𝑗∈𝑁(𝑖) 𝑊𝑘ℎ𝑗)                                                                                                                        (15) 

 

In this formulation, the attention mechanism computes edge-level importance scores by jointly 

considering the transformed features of connected node pairs. The normalized attention coefficients 

quantify the relative contribution of each neighbor during message aggregation, allowing the model to 

emphasize structurally and contextually relevant neighbors while suppressing less informative ones. 

 

Let 𝐻𝑘 ∈ 𝑅|𝑉|×𝑑𝑘 denote the matrix for head k, formed by stacking the embeddings of all nodes for the 

head 𝑘 as in Equation (16). 

𝐻𝑘 = 

[
 
 
 
 
 
 (ℎ1

𝑘)
𝑇

(ℎ2
𝑘)

𝑇

(ℎ3
𝑘)

𝑇

⋮

(ℎ|𝑉|
𝑘 )

𝑇
]
 
 
 
 
 
 

                                                                                                                                         (16) 

 

The outputs of all heads (K) are concatenated as in Equation (17) to yield the final attention-refined 

embedding: 

𝐻𝐺𝐴𝑇 =∥𝑘=1
𝐾  𝐻𝑘                                                                                                                                        (17) 

 

MH-GAT enables edge-level adaptability, complementing the structural-similarity weighting learned 

earlier. The output 𝐻𝐺𝐴𝑇, a refined embedding that captures both global structural information and 

localized neighborhood importance. 
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3.5 Dense Net-Based Link Prediction 
DenseNet is employed instead of a simple MLP to enhance feature reuse and improve gradient flow 

during training. The dense connectivity enables the classifier to effectively exploit complementary 

information from both nodes in a pair, leading to more stable optimization and improved link prediction 

performance compared to shallow fully connected networks. 

 

For a candidate node pair (𝑖, 𝑗), this study constructs the input vector as in Equation (18) 

𝑧𝑖𝑗 =  [ℎ𝑖
′ || ℎ𝑗

′]                                                                                                                                         (18) 

 

The concatenated vector is passed through multiple dense layers with non-linear activation functions as 

expressed in Equation (19). 

𝐻𝑖𝑗
(𝑙+1)

= 𝜎 ( 𝑊(𝑙)ℎ𝑖𝑗
(𝑙)

+ 𝑏(𝑙))                                                                                                                  (19) 

 

The output layer applies a sigmoid function to generate a probability score (0 to 1) as mentioned in 

Equation (20). 

𝑦𝑖𝑗
^ = 𝜎 ( 𝑊𝑜𝑢𝑡ℎ𝑖𝑗

(𝐿)
+ 𝑏𝑜𝑢𝑡)                                                                                                                      (20) 

 

3.6 Training Using Binary Cross-Entropy Loss 
The entire SS-MH-GAT architecture is optimized using a single binary cross-entropy loss (Equation 

(21)). 

ℒ =  −∑ 𝑦𝑖𝑗 log(𝑦𝑖𝑗
^  ) + (1 − 𝑦𝑖𝑗) log(1 − 𝑦𝑖𝑗

^  ) (𝑖,𝑗)∈𝐸                                                                            (21) 

 

The trained dense network produces a link-probability score, thereby enhancing link-prediction accuracy 

in SS-MH-GAT. Table 1 lists the variables used in sections [3.3-3.6]. 

 
Table 1. List of Variables and description used in sections [3.3 to 3.6]. 

 

Variables Description 

𝑋 Initial node feature matrix (identity features if unavailable) 

𝐻(𝑙) Node embeddings at GCN layer 𝑙 

𝑊(𝑙) Trainable weight matrix at GCN layer 𝑙 

𝐻GCN Output node embeddings from the last GCN layer 

𝑊(𝑘) Trainable weight matrix for attention head 𝑘 

𝑎(𝑘) Learnable attention vector for head 𝑘 

𝑒𝑖𝑗
(𝑘)

 Raw (unnormalized) attention score between nodes 𝑖 𝑎𝑛𝑑 𝑗 for head 𝑘 

𝛼𝑖𝑗
(𝑘)

 Normalized attention coefficient (edge-level importance) 

ℎ𝑖
′ MH-GAT updated embedding for node 𝑖 

𝐻GAT Final embedding matrix from MH-GAT module 

𝑧𝑖𝑗  Concatenated node-pair embedding for prediction 

𝑊(𝑙), 𝑏(𝑙) Weight and bias of DenseNet layer 𝑙 

𝑧(𝑙) Hidden representation at DenseNet layer 𝑙 

𝑦̂𝑖𝑗 Predicted probability of a link between nodes 𝑖 𝑎𝑛𝑑 𝑗 

𝑦𝑖𝑗 Ground-truth label (1 = link exists, 0 = no link) 

ℒ Binary cross-entropy loss used for end-to-end training 

𝜎 Non-linear Activation function 

 
 

4. Experimental Setup 
This research work is implemented in the PyTorch environment. The system's configuration consists of an 

NVIDIA GeForce GTX 1050 4GB GPU, with an Intel® Core(TM) i9-9900 CPU@3.10 GHz. 
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4.1 Datasets 
In this research, five different social network datasets of varying sizes were used. A brief description of 

these datasets is listed in Table 2, and dataset characteristics are summarized in Table 3: 

 
Table 2. Brief description of datasets. 

 

Datasets Description Web links 

Anybeat (Rossi & 

Ahmed, 2015) 

Anybeat is a digital community that serves as a public space for 

connecting with individuals in the local area or around the world. 
https://networkrepository.com/soc-anybeat.php 

Email (Rossi & 
Ahmed, 2015) 

This dataset is the email exchange between students of a 
university. 

https://networkrepository.com/email-univ.php 

FB-Page-politician 

(Rossi & Ahmed, 
2015) 

The data was collected from Facebook pages in November 2017. 

The set of data exhibits blue verified Facebook page networks 

classified in various categories. The nodes in the data represent 
the Facebook pages, and the edges show the like relationship of 

the Facebook pages to one another. 

https://networkrepository.com/fb-pages-politician.php 

Fb-pages-ports 

(Rossi & Ahmed, 
2015) 

Data was gathered from Facebook pages in November 2017. 
This dataset encompasses networks of blue-verified pages 

categorized into various groups. The nodes symbolize the pages, 

while the edges depict the likes they share. 

https://networkrepository.com/fb-pages-sport.php 

Hamsterster (Rossi 
& Ahmed, 2015) 

The network is undirected and depicts family connections 
between users of the website. 

https://networkrepository.com/soc-hamsterster.php 

 

 

Table 3. Dataset characteristics. 
 

Datasets↓ Nodes Edges Clustering coefficient Average degree Density 

Anybeat 12600 67100 0.227 10 0.0008 

Email 1100 5500 0.22 9 0.0085 

Fb-page-politician 5900 41700 0.385 14 0.002 

Fb-page-sports 13900 86800 0.27 12 0.0009 

Hamsterster 2400 16600 0.53 13 0.0056 

 
 

4.2 Baseline Models 

 
Table 4. Baseline model description model. 

 

Sr. No. Approach Model Description 

1. 

Local Topology (Similarity 
Based) 

Common Neighbors (Lü et al., 
2009) 

Counts how many common neighbors exist between two nodes, 

assuming that a more significant overlap indicates a more 

substantial likelihood of forming a link. 

2. 
Cannistraci-Hebb Index 
(Muscoloni et al., 2018) 

The common neighbor's approach is enhanced by incorporating 

topological regularities and Hebbian learning principles for 

improved link prediction. 

3. 
Global Topology (Similarity 
Based) 

Katz Index (Foster et al., 2001) 
Measures node similarity by considering all possible paths, 
giving higher weights to shorter paths. 

4. 
Local And Global Topology 

(Similarity Based) 
CND (Ahmad et al., 2020) 

Integration of common neighbor and node distance as similarity 

metrics. 

5. 

Random Walk Based 

DW (DeepWalk) (Perozzi et al., 
2014) 

A random walk-based method that generates node embeddings 
by treating graph nodes as words in a corpus, using Skip-Gram. 

6. 
Node2Vec (Grover & Leskovec, 

2016) 

A variation of DeepWalk employs a biased random-walk 

approach to combine breadth-first and depth-first search 
strategies. 

7. 

GNN 

GCN (Kipf & Welling, 2017) 
Convolution-based message passing with uniform 

neighborhood aggregation. 

8. GAT (Veličković et al., 2017) 
Attention-based propagation with learned edge-level 
importance. 

9. SEAL (Li et al., 2021) 
Extracts link representations from labelled subgraphs through a 

Deep Graph Convolutional Neural Network. 

 

https://networkrepository.com/soc-anybeat.php
https://networkrepository.com/email-univ.php
https://networkrepository.com/fb-pages-politician.php
https://networkrepository.com/fb-pages-sport.php


Kumar et al.: Adaptive Structural Similarity Guided GCN–GAT Framework for Robust … 
 

644 | Vol. 11, No. 2, 2026 

The proposed model is evaluated against nine competitive baseline models, categorized into: 

a) Four similarity-based methods. 

b) Two random walk-based embedding techniques. 

c) Three GNN-based architectures. 

 

A brief overview of these models is provided in Table 4. 

 

For fair comparison, all baseline models were evaluated using the same train–test split, negative sampling 

strategy, and evaluation protocol as the proposed SS-MH-GAT framework. 

 

4.3 Evaluation Metrics 
The performance of the proposed model is assessed using four key evaluation metrics, which are 

Accuracy, Precision, Recall, and AUC (Hanley & McNeil, 1982; Powers, 2020). 

 

4.4 Experiment Strategy 
The evaluation strategy for this research comprises multiple stages: determining similarity weights, GCN 

modeling, and MH-GAT integration for link prediction. 

 

The dataset is then divided randomly into training and testing sets in the ratio of 80-20 percent. K-fold 

cross-validation with k = 5 is applied to the training set for better hyperparameter tuning and reduction of 

overfitting.  

 

During K-fold cross-validation, the training set is divided into k subsets. In each iteration: 

• (k-1) subsets are used for training. 

• The remaining subset is used for validation. 

• This is a process that repeats k times. This guarantees that every subset has been used for validation 

once. 

 

Subsequently, the model is trained on the entire training set, applying the most effective hyperparameters 

derived from cross-validation. Finally, evaluate the model using the test set with respect to its ability to 

generalize to unseen data. 

 

4.5 Parameter Settings 
The proposed work will utilize the Grid Search Cross-Validation technique for hyperparameter 

optimization for all components within the SS-MH-GAT framework. The technique gives an exhaustive 

and deterministic exploration of the specified search space. 

 

Although the entire architecture is trained in an end-to-end manner with a single binary cross-entropy loss 

function, hyperparameters of each module, such as MLP-based structural similarity weight extractor, 

GCN encoder, MH-GAT refinement, and DenseNet edge classifier, are distinct. Hyperparameters are 

optimized using a Grid Search CV method, as presented in Tables 5 to 8 below. 

 

Table 5 presents the optimized hyperparameter values for similarity-weight extraction. 
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Table 5. MLP hyperparameters of structural similarity-weight extractor. 
 

Number of hidden layers 2 

Number of neurons per layer 128 

Activation function ReLu 

Optimizer Adam 

Learning rate 0.001 

Dropout rate 0.2 

Batch size 64 

Number of epochs 100 

 

 

Table 6 outlines the optimized hyperparameters used in the GCN implementation.  

 
Table 6. GCN hyperparameters. 

 

Number of GCN layers 3 

Hidden dimension 128 

Activation function ReLu 

Dropout rate 0.2 

Learning rate 0.001 

Weight decay 0.0001 

Batch size 64 

 
 

Table 7 details the hyperparameters applied in the MH-GAT model. 

 
Table 7. GAT hyperparameters. 

 

Number of GAT layers 3 

Number of attention heads 8 

Hidden dimension 128 

Activation function ELU 

Dropout rate 0.2 

Learning rate 0.001 

Weight decay 0.0001 

Batch size 64 

 

 

Table 8 details the hyperparameters applied in the DenseNet classifier. 

 
Table 7. DenseNet hyperparameters. 

 

Number of dense layers 2 

Number of neurons per layer 128 

Activation function ReLU 

Dropout rate 0.3 

Optimizer Adam 

Learning rate 0.001 

Batch size 64 

Epochs 100 

 

 

5. Experimental Results 
Figure 2 presents the experimental outcomes for the proposed study on five different datasets. These 

outcomes indicate that the model is robust for varying levels of network density. From the experimental 

results, it is evident that the proposed model is robust and flexible for both dense and sparse datasets. This 

approach performs well in most datasets, especially in denser datasets like Email and Hamsterster, where 
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it reaches maximal values for Accuracy (0.90 & 0.87), Precision (0.89 & 0.86), Recall (0.91 & 0.89), and 

AUC (0.90 & 0.88). For sparse datasets like Anybeat, despite their complexity, this approach still 

performs well in maximizing scores for Accuracy (0.81) and Recall (0.82), implying that it can also 

efficiently handle less connected networks. The model's ability to strike a balance between precision and 

recall across diverse datasets indicates its effectiveness in both minimizing false positives and capturing 

meaningful connections. As per the experimentation result, the proposed link prediction model appears to 

be capable of producing reliable prediction results consistently across the various network density 

categories examined in this study. 

 

 
 

Figure 2. Performance comparison of SS-MH-GAT across five datasets in terms of accuracy, precision, recall, and 

AUC, demonstrating robustness over varying network densities. 

 

 

5.1 Result Comparison Analysis 
Table 9 compares the proposed model with other baseline models across five datasets.  

 

• The results of the experiments indicate that the proposed SS-MH-GAT model outperforms all of the 

baseline methods (topological, random search-based, and other GNN-based embedding models) on all 

data sets. On average over the data sets, SS-MH-GAT achieves the highest levels of performance: 

accuracy 0.85, precision 0.83, recall 0.86, and AUC 0.86. This indicates that SS-MH-GAT captures 

complex graph structures better than all of the baselines. 

• The baseline approaches do poorly on the sparse datasets (e.g., Anybeat and FB-page-sports), while 

SS-MH-GAT and the other GNN-based models have increased performance on these datasets 

compared to the other baselines. This shows that the use of Graph Attention Mechanisms and deep 

structural learning can yield significant improvement in link prediction on real-world networks. 

• SS-MH-GAT continues to have strong performance on the sparse datasets such as Anybeat and 

outperforms the other models with an Accuracy of 0.81 and a Recall of 0.82. On the denser datasets, 

such as Email and Hamsterster, SS-MH-GAT continues to achieve the highest performance across all 

metrics, demonstrating that it can adapt to each data set's unique graph structure. 

• Topology-based methods do reasonably well on denser datasets such as Email and Hamsterster, 

achieving accuracy values in the range of 0.71-0.79 and AUC scores between 0.66-0.80. However, 
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the baselines are struggling with the sparse networks such as Anybeat and FB-page-sports, whereas 

SS-MH-GAT has consistent improvements over all of the other topological approaches. 

• Although the deep learning algorithms like GCN, GAT, and SEAL have reported a notable 

enhancement in comparison to heuristic and random search algorithms, the SS-MH-GAT outperforms 

in all evaluation criteria and proves to be a very efficient approach for the link prediction problem. 

 

The findings suggest that incorporating deep structural learning and graph attention mechanisms is critical 

for achieving robust link prediction performance in real-world networks. 

 
Table 9. Comparative experimental result. 

 

Performance matrix Approach Model Anybeat Email Fb-page-politician Fb-page-sports Hamsterster 

Accuracy 

Traditional 

approach 

CN 0.70 0.79 0.72 0.71 0.74 

Katz 0.66 0.76 0.72 0.70 0.74 

CND 0.78 0.76 0.73 0.72 0.75 

CH 0.67 0.75 0.7 0.68 0.71 

Random-based 
approach 

DW 0.63 0.78 0.75 0.74 0.75 

Node2Vec 0.73 0.8 0.78 0.76 0.77 

GNN 

GCN 0.75 0.83 0.81 0.8 0.83 

GAT 0.79 0.85 0.84 0.81 0.84 

SEAL 0.82 0.87 0.85 0.84 0.87 

Proposed SS-MH-GAT 0.81 0.90 0.85 0.85 0.87 

Precision 

Traditional 
approach 

CN 0.55 0.63 0.60 0.58 0.60 

Katz 0.64 0.68 0.64 0.63 0.64 

CND 0.62 0.7 0.66 0.65 0.68 

CH 0.60 0.65 0.61 0.6 0.63 

Random-based 

approach 

DW 0.65 0.73 0.71 0.69 0.71 

Node2Vec 0.68 0.76 0.74 0.72 0.73 

GNN 

GCN 0.72 0.8 0.75 0.74 0.78 

GAT 0.74 0.82 0.8 0.78 0.81 

SEAL 0.75 0.83 0.81 0.80 0.83 

Proposed SS-MH-GAT 0.80 0.89 0.84 0.80 0.86 

Recall 

Traditional 
approach 

CN 0.58 0.66 0.63 0.61 0.63 

Katz 0.63 0.74 0.67 0.67 0.68 

CND 0.70 0.73 0.71 0.69 0.7 

CH 0.60 0.68 0.65 0.63 0.64 

Random-based 

approach 

DW 0.69 0.76 0.74 0.72 0.73 

Node2Vec 0.72 0.84 0.80 0.80 0.82 

GNN 

GCN 0.74 0.85 0.8 0.78 0.85 

GAT 0.76 0.84 0.79 0.8 0.82 

SEAL 0.77 0.89 0.83 0.81 0.84 

Proposed SS-MH-GAT 0.82 0.91 0.86 0.84 0.89 

AUC 

Traditional 

approach 

CN 0.6 0.68 0.65 0.64 0.66 

Katz 0.71 0.80 0.76 0.79 0.76 

CND 0.67 0.75 0.72 0.71 0.74 

CH 0.69 0.72 0.72 0.70 0.72 

Random-based 
approach 

DW 0.69 0.79 0.75 0.74 0.76 

Node2Vec 0.73 0.85 0.79 0.77 0.82 

GNN 

GCN 0.76 0.84 0.82 0.8 0.79 

GAT 0.78 0.86 0.84 0.82 0.84 

SEAL 0.76 0.87 0.82 0.83 0.83 

Proposed SS-MH-GAT 0.82 0.9 0.85 0.85 0.88 

 

 

5.2 Ablation Study 
In an ablation study, the SS-MH-GAT framework components are tested to see the effect of component 

removal on link prediction accuracy. For testing, the SS-MH-GAT performance has been measured using 

Accuracy, Precision, Recall, and AUC over five datasets. 
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The following ablation settings were tested: 

• Without Structural Similarity Features: Evaluate the impact of the Jaccard Index, clustering 

coefficient, and path distance by relying solely on GCN and GAT embeddings based on the adjacency 

matrix. 

 

• Without Structural Similarity Weight Extraction Module: This module replaces the Feed-Forward 

MLP with the direct input of raw graph features (adjacency matrix, Jaccard index, clustering 

coefficient, and node distance) to GCN and MH-GAT, assuming equal weight for all metrics. 

 

• Without Graph Attention: This assessment assesses the effectiveness of attention-based learning by 

removing the GAT module and relying on standard neighborhood aggregation. 

For achieving reliable and universally applicable results, the ablative experiment has been performed 

on all datasets (Anybeat, Email, FB-page-politician, FB-page-sports, and Hamsterster), with the 

average result obtained to prevent any single dataset from affecting the outcome. 

 

 
 

Figure 3. Ablation study illustrating the impact of removing individual components of SS-MH-GAT on link 

prediction performance across datasets. 

 

 

Table 10. Ablation study with different model variants and corresponding result. 
 

Model variant Accuracy Precision Recall AUC 

Without structural similarity and feature weight extraction 0.83 0.8 0.81 0.85 

Structural similarity but without feature weight extraction 0.85 0.82 0.84 0.87 

Structural similarity + feature weight extraction + GCN without GAT 0.87 0.85 0.86 0.89 

Structural similarity + feature weight extraction + GCN +GAT (SS-MH-GAT) 0.9 0.88 0.9 0.92 

 

 

The results of the ablation study in Figure 3 & Table 10 show which part of our system is most 

important: 

• Structural similarity features: Adding structural similarity features (Jaccard Index, Clustering 

Coefficient, Node Distance) improves accuracy from 0.72 to 0.79 (+9%) and AUC from 0.72 to 0.77 

(+7%). This demonstrates that handcrafted topological features effectively enhance link prediction. 
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• Structural similarity weight extraction module: Introducing the Structural Similarity Weight 

Extraction Module boosts accuracy to 0.82 (+4%) and AUC to 0.82 (+6%), confirming the value of 

optimal feature weighting. 

• Graph attention network (GAT): The final SS-MH-GAT model has the highest performance with an 

accuracy of 0.85 and an AUC of 0.86. It indicates the importance of the attention mechanism in 

modeling the dependencies between the nodes. 

 

Among all components, the structural similarity weight extraction module contributes the most to 

performance improvement, as it enables adaptive fusion of multiple topological features. The inclusion of 

the multi-head graph attention mechanism further refines local neighborhood representations, resulting in 

the highest overall performance when all components are combined. 

 

5.3 Learned Structural Similarity Weights 

Figure 4 shows the contributions of different structural similarity metrics to link prediction over 

various datasets and the weights α, β, γ, and δ of those contributions. 

 

 
 

Figure 4. Learned global structural similarity weights (α, β, γ, δ) for adjacency, Jaccard Index, clustering 

coefficient, and path distance across different datasets. 

 

 

The weights show how much each of the metrics contributed to link prediction. The dominance of the 

adjacency weight (α) shows a consistent and strong tendency for direct node connections to have a greater 

influence on determining link formation. The weights for the Jaccard Index (𝛽) and Clustering 

Coefficient (𝛾) were similar, suggesting that neighborhood overlap and local community structure also 

played a significant role in Link Prediction for these datasets. Meanwhile, the path distance (δ) holds a 

moderate weight, suggesting that long-range dependencies provide valuable relational insights but are less 

significant than immediate and local connections. Further, dataset-specific variations highlight interesting 

trends that Email and Hamsterster networks show higher clustering coefficient (γ) values, suggesting that 

tightly knit communities are more indicative of link formation in these graphs. Conversely, Fb-page-

sports possesses high value for adjacency weight (α) compared with others, implying that direct graph 

associations are most dominant compared with neighborhood associations in predicting graph 

associations. These variations demonstrate the need to use an adaptive approach to determine the relative 

importance of different structural similarities across context-dependent networks during link prediction. 



Kumar et al.: Adaptive Structural Similarity Guided GCN–GAT Framework for Robust … 
 

650 | Vol. 11, No. 2, 2026 

5.4 Complexity Analysis 
Table 11 presents the complexity of its key components to assess the computational efficiency of the 

proposed approach. 

 
Table 11. Complexity analysis. 

 

Sr. No. Components Complexity Final complexity 

1. 
Structural similarity 

computation 

Jaccard Index: 𝑂(|𝐸|) 

Clustering coefficient: 

𝑂(∣ 𝑉 ∣ +∣ 𝐸 ∣) 

Node Distance: 
𝑂(∣ 𝑉 ∣ +∣ 𝐸 ∣))  
Adjacency Information: 𝑂(1) 

Total complexity (similarity 

computation): 

𝑂(∣ 𝐸 ∣ +∣ 𝑉2 ∣))  

2. 
Structural similarity weight 

extraction (feed-forward MLP) 

For L layers, the total complexity for one node is : 

𝑂(𝐿. 𝑑. ℎ)  

Considering all nodes, the total 

complexity is as follows: 

𝑂(|𝑉|. 𝐿. 𝑑. ℎ)  

3. 
Graph convolutional network 

(GCN) 

GCN performs node aggregation in two ways: 
Feature propagation: 

𝑂(∣ 𝐸 ∣. 𝑑) per layer 

Feature transformation (Matrix multiplication): 

𝑂(∣ 𝑉 ∣. 𝑑2)  

For 𝐿𝐺𝐶𝑁 layers, Total complexity: 

𝑂(𝐿𝐺𝐶𝑁. (|𝐸|. 𝑑 + |𝑉|. 𝑑2))  

4. Graph attention network (GAT) 

GAT computes attention scores for each edge, which 

increases its computational complexity compared to GCN. 

Attention coefficient computation: 

𝑂(𝐻. |𝐸|. 𝑑), where H is the number of attention heads 

Feature transformation: 

𝑂(|𝑉|. 𝑑2)  

Softmax and message passing: 

𝑂(𝐻. |𝐸|)  

For 𝐿𝐺𝐴𝑇 layers, the total 

complexity: 

𝑂(𝐿𝐺𝐴𝑇. (𝐻. |𝐸|. 𝑑 + |𝑉|. 𝑑2)  

5. Dense Net for final prediction 

DenseNet processes embeddings using multiple densely 

connected layers. 

Each Dense layer: 𝑂(𝑑2) 

For each 𝐿𝐷 Layer: 

𝑂(𝐿𝐷. 𝑑2)  

It needs to process all node pairs 

so that the complexity would be: 

𝑂(|𝑉|2. 𝐿𝐷. 𝑑2)  

 

 

Combining all components, the total worst-case complexity is written in Equation (22): 

𝑂(∣ 𝐸 ∣ +∣ 𝑉2 ∣ +|𝑉|. 𝐿. 𝑑. ℎ + 𝐿𝐺𝐶𝑁 . (|𝐸|. 𝑑 + |𝑉|. 𝑑2) +  𝐿𝐺𝐴𝑇 . (𝐻. |𝐸|. 𝑑 + |𝑉|. 𝑑2) +  |𝑉|2. 𝐿𝐷 . 𝑑2)                 (22) 

 

By looking at the complexity, it appears that the similarity computation 𝑂(|𝑉|2) in a dense network is the 

bottleneck, but in a sparse network, it reduces to 𝑂(|𝐸|). The proposed work incurs higher computational 

overhead than traditional GNN models, but its improved accuracy (~12-15% higher AUC than the 

baselines) outweighs the cost. 

 

From the complexity analysis, it can be observed that the computation of structural similarity metrics 

constitutes the dominant cost, particularly in dense graphs where the number of node pairs is large. 

However, in sparse real-world networks, this cost is significantly reduced due to limited neighborhood 

sizes and shorter path computations. In contrast, the GCN and multi-head GAT components scale 

efficiently with the number of edges and benefit from sparse matrix operations, making the overall 

framework computationally feasible for large-scale sparse graphs. 

 

5.5 Training Time Analysis 
Figure 5 highlights the training time of several link predictors in five datasets. Simple models like CN 

and CH have shorter training times because of their simple computations. GNN models like GCN, GAT, 

and SEAL have higher training times because of their complex network structure. The proposed SS-MH-

GAT has relatively higher training times compared with GNN models, but is more effective based on all 
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evaluation criteria. SS-MH-GAT scales efficiently with dataset size, maintaining computational feasibility 

for large networks. Such a trade-off in enhanced predictability and increased trainability demonstrates the 

efficacy of the proposed model in a practical scenario of link prediction. 

 

 
 

Figure 5. Training time comparison of SS-MH-GAT with baseline link prediction models across datasets, 

highlighting the trade-off between computational cost and predictive performance. 

 

 

6. Conclusions 
This study presented SS-MH-GAT, a structural-similarity enhanced hybrid GCN–GAT framework for 

link prediction. The proposed model combines global adaptive weighting of four key structural features, 

such as adjacency, Jaccard Index, clustering coefficient, and path distance, through a structural similarity 

weight extraction module. The resulting fused similarity matrix is then processed by a GCN to refine 

structure-aware embeddings, followed by a multi-head graph attention mechanism that captures local-

neighbor adaptiveness. SS-MH-GAT produces expressive node representations and more reliable link 

predictions by integrating these complementary components within a single end-to-end learning pipeline. 

 

Thorough experiments conducted on various real-world graphs have established the efficacy of the 

method in terms of improvement over state-of-the-art similarity measures as well as robust neural models 

like GraphSAGE and GAT. The ablation study has validated the performance contribution of the two 

important components of the proposed method. 

 

Future work would be to extend the framework to handle heterogeneous, weighted, and temporal graphs, 

to incorporate more scalable methods for computing similarity, and to demonstrate the application of SS-

MH-GAT on practical applications like recommendation, fraud detection, and biological networks. 
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