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ABSTRACT
Online social networks, a significant part of the Internet, contain complex statistical relationships 
among millions of social nodes. Link prediction algorithms compute a likelihood of potential 
future ties between nodes in these networks. Most traditional methods use some form of contextual 
similarity between nodes to discover relations. Traditional community detection models tend to 
rely on limited structural information and ignore the impact of central nodes during link prediction. 
These restrictions impair the efficacy of link-prediction-based decision-making. In this paper, a 
community-based link prediction technique taking the advantages of both is proposed for dynamic 
and noisy networks. A new community detection metric is proposed to identify candidate links 
in a web of nodes. The central node in the network is calculated by this metric and used by the 
link prediction algorithm. The proposed community detection metric, along with other existing 
metrics, is employed to learn a model for hybrid link prediction. Experimental results indicate that 
the proposed central node-based link prediction method achieves better performance in prediction 
accuracy, prediction error, and computation time than traditional methods. 

Keywords: Community detection, link prediction, similarity measures, social networking data

INTRODUCTION

Online social networks are defined as 
social nodes and their interactions, as 
stated by Wu et al. (2017). This principle of 
construction represents the social relations 
between social actors, be they individuals 
or organisations. Social nodes, in their turn, 
are interconnected via edges that portray 
relations or communications. The purpose 
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of these networks is to create a larger network from which benefits can be obtained, such 
as better information access and greater influence flow. Examples range from Facebook’s 
goal of “giving people the power to build community and bring the world closer together” to 
LinkedIn’s mission of “connecting the world’s professionals to make them more productive 
and successful.” People tend to develop relationships in networks where they share common 
interests, backgrounds or prior association. It is difficult to model the expansion of these 
networks, but the analysis of the relations among pairs of nodes can provide useful insights.

Link prediction is the task of predicting the link among the disconnected nodes.  
Pandey et al. (2019) mention that link prediction methods have a huge impact on real-
world structure reconstruction along with various applications. For instance, in security 
systems, link prediction may analyse terrorist networks to identify future associations, 
which can help government agencies to track potential threats and suspects. In biological 
networks, link prediction facilitates predicting new protein–protein interactions from 
existing ones, as presented by Bastami et al. (2019). Other applications in social networks 
are automatic hyperlink prediction and user-to-user recommendation systems (Aghabozorgi 
& Khayyambashi, 2018). Despite the existing similarity-based methods, enhancing the 
accuracy of link prediction is still a big challenge. Several models have been developed to 
improve the performance and evaluation methods, and such models were trained and tested 
on ego networks obtained from the Facebook dataset in the SNAP repository (Berahmand 
et al., 2021). These are actual networks of real people with varying degree distributions, 
clustering, degree correlation, etc.

With the continuous generation of new links in online social networks, the study 
of dynamic topological properties has great significance. Class imbalance also limits 
the predictive power in link prediction problems. Contrary to each user connecting to 
millions of other users on Facebook, each user is only connected to hundreds of nodes, as 
claimed by Jiang et al. (2021). This causes a huge skew between existing versus the non-
Jagielski et al. agree that predicting every possible missing link in such large networks is 
computationally prohibitive; thus, sensible to truncate the set of node pairs on which to 
evaluate. Consequence networks are smaller parts of bigger networks, and for this reason 
ego networks are often taken for experimental analysis. Because social networks are 
self-similar along their subsystems, the results obtained from these subsystems can also 
be applied to the full system. In this study, we aim to develop computationally efficient 
models to predict the future structure of the ego network with dynamic topology and 
network sparsity.

A Facebook “community” is a bundle of groups. The widespread and dynamic features 
of social network data make identifying useful information imperative. Social Network 
Analysis (SNA) deals with identifying and analysing patterns in such data. SNA is also 
used for developing new trends, community detection, brand monitoring and election result 
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prediction. Such applications underscore the value of analysis of social networks. In such 
networks, entities tend to share many connections within groups and few across groups 
(i.e. the entities in such networks have a community structure). This paper concentrates 
on finding such communities. The goal is to show that these simple, quantitative measures 
of network structure can give rise to good link prediction algorithms.

Stochastic models can provide a good way to model and predict the evolution of a 
network. A probabilistic network is a joint probability distribution over a set of random 
variables, whose factorisation is determined by nodes that represent random variables and 
edges that represent dependencies. One of the standard models in this type of representation 
is the Bayesian Network model, which is a directed acyclic graph (DAG) that models causal 
and conditional relationships among variables. Bayesian inference is employed to revise the 
forecasts with the arrival of additional data. In the case of online social networks, an edge 
is the link between two vertices with which a number of measures can be defined. Such 
measures are, however, challenging to compute in static networks. Reachability, which is 
the possibility for one node to reach another through paths and is a function of network 
structure.  In homogeneous networks, reachability is predictable, whereas in heterogeneous 
networks, paths can be highly variable 

Although the proposed framework combines feature extraction, probabilistic ranking, 
and optimisation methods, the novelty should be clarified considering the existing 
methods. Traditional methods for link prediction are mostly based on similarity measures, 
predicate structural heuristics or simple probabilistic models. In contrast to this, current 
best-performing approaches are based on representation learning (e.g. graph embeddings) 
or deep learning-based approaches (GNNs) and knowledge graph embedding techniques. 
These techniques learn representations (viz., low-dimensional vectors) of nodes as well 
as relations, which give rise to enhanced prediction accuracy and better scalability over 
complex networks. Also, deep learning-based link prediction algorithms, such as neural 
networks and GNN models, have been proven to be effective in modelling structural 
and attributive dependencies of graphs. However, many of these methods involve 
computationally expensive procedures and require training on large-scale data, and are 
often criticised for their lack of interpretability in decision-making. The novelty of our 
approach is that we unify graph filtering, probabilistic source–destination ranking and 
optimisation-based feature selection in one procedure. Unlike the embedding-type methods 
based on latent vector representations, the proposed model takes explicit central node 
influence, shortest path dependencies and follower–followed dynamics into account to 
enhance prediction accuracy. Also, the probabilistic ranking formulation combined with an 
optimisation-based Random Forest algorithm balances the trade-off between interpretability 
and performance. Hence, the main novelty of this article is to design a hybrid, interpretable, 
and efficient link prediction method which connects traditional similarity-based methods 
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and recent learning-based methods and is capable of effectively dealing with sparse and 
imbalanced data in social networks. 

In this paper, a link prediction framework based on hybrid filtering is proposed for 
online social networks. The approach combines graph filtering for candidate edge selection, 
probabilistic source–destination ranking for feature extraction, and an optimisation-based 
model for the final link prediction. This pair allows us to focus on predicting potential 
links for large and sparse networks efficiently and accurately. 

Related Works

Graph representation learning has become a central paradigm for contemporary link 
prediction. These techniques aim to learn low-dimensional vector representations 
(embeddings) of the nodes that retain the local and global structural features of the graph. 
Then, these derived representations can be used for downstream tasks like link prediction, 
node classification, and clustering. Generally, methods for learning graph representations 
can be classified into two categories: non-neural embedding methods and Graph Neural 
Network (GNN)-based methods. Without neural networks, e.g., random walk-based 
methods, node embeddings are generated by traversing graph neighbourhoods; with neural 
networks, e.g., GNN, methods are employed directly on graphs to learn feature-rich node 
representations. When considering non-neural approaches, techniques like Node2Vec 
and DeepWalk are very popular for their capability to encode structural equivalence with 
stochastic random walks. However, they tend to face similar limitations, such as being 
non-interpretable and unable to utilise abundant node attributes. To address these issues, 
recent works have investigated deep learning-based approaches that simultaneously capture 
node features and graph topology.

In recent years, Graph Neural Networks have emerged as the most popular framework 
for link prediction. These models work by aggregating information from their neighbours 
based on a message-passing scheme, which allows them to learn hierarchical and context-
aware representations. Variants like Graph Convolutional Networks (GCNs), Graph 
Attention Networks (GATs) and GraphSAGE have also been exploited extensively for link 
prediction. Current surveys indicate that GNN-based approaches have emerged at the core 
of the best-performing strategies, as they can simultaneously and naturally model both the 
structural dependencies and the interactions between node features in intricate networks.

Much recent progress has been made to extend GNN-based link prediction to dynamic/
temporal networks. Models for temporal link prediction consider time-evolving network 
structures and model the evolution of link formation through time. These models usually 
merge GNN architectures with recurrent neural networks or attention mechanisms to 
account for spatial and temporal correlations. For example, hybrid GCN-based frameworks 
with attention and sequence modelling approaches have achieved better predictability in 
dynamic networks.
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Another promising direction for link prediction is **contrastive learning and self-
supervised learning techniques**. These methods attempt to enhance the quality of 
representations by increasing the mutual information between different graph views. 
Specifically, line graph contrastive learning methods convert edge prediction tasks 
into node classification problems and hence facilitate more efficient learning of edge-
level representations, and also generalise well in both sparse and dense networks 
([ScienceDirect][4]).

Transformer-based models have also been developed for link prediction, particularly 
in knowledge graphs and multimodal networks. These models use attention to fuse 
different structural, textual and visual information for learning better representations. It 
has been recently demonstrated that multi-modal Transformer-based architectures can 
enhance the prediction accuracy substantially by learning heterogeneous correlations 
among different modalities of data ([MDPI][5]).

Furthermore, specialised GNN designs have been studied for link prediction 
situations. For instance, topology-informed GNN models preserve the structural 
information and eliminate the noise from unrelated attributes of nodes, and this leads to 
better prediction results in link-related tasks. 

However, there are still multiple challenges in the current link prediction methods. 
Deep learning models, in general, tend to be data-hungry and computationally intensive. 
However, they may also be plagued by problems such as overfitting, distributional shifts 
and inability to interpret. Researchers have demonstrated that GNN-based models can 
be deficient in capturing long-range dependencies and potentially inject noise through 
neighbour-based aggregation schemes ([arXiv][7]). In addition, the issues of fairness 
and bias in link prediction have emerged as critical research topics, as link prediction 
models can make biased predictions with respect to sensitive attributes.

More recently, Kou et al. (2021) works on privacy-preserving and computationally 
efficient link prediction methods have also been investigated. For example, graph 
condensation techniques have been developed to shrink the graph size while retaining the 
structural information for fast training, making graph learning scalable but at the price 
of a small accuracy loss of prediction. Likewise, several subgraph-based representation 
learning methods have been proposed to promote scalability with good predictive 
capability in large-scale networks.

Unlike methods based solely on deep learning, some hybrid methods based on 
structural features, probabilistic reasoning, and machine learning techniques have focused 
on the compromise of performance and interpretability. The objective of these methods 
is to combine the advantages of classical and contemporary methods and to overcome 
the shortcomings of either.
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Placed in this line of work, our framework is novel in that components from graph 
filtering, probabilistic ranking, and optimisation-based learning are combined and 
unified as one cohesive pipeline. Instead, while embedding-based and GNN-based 
methods heavily depend on latent representations, our proposed model focuses on 
explicit structural features as well as interpretable, probabilistic metrics. This enables 
the framework to achieve competitive performance at much lower computational costs 
and with greater transparency in decision-making. 

Ahmed et al. (2016) introduced a keyword matching-based link prediction method, 
which calculates the similarity scores among node pairs by extracting the text content. 
They highlight several important findings and difficulties:

1.	 Text Similarity Measures: The similarity measure decreases as the number of common 
neighbours and keywords rises.

2.	 Consistency of Scores: For user similarity, similarity scores do not change as a 
function of topological measures beyond direct links.

3.	 Hybridisation Gap: The existing approaches consider node structural features (graph 
properties), node attribute information (textual information) or both but not n-ary 
information.

4.	 Threshold Sensitivity: Methods are usually based on thresholding for decision 
making, which is infeasible in evolving SNs.

In the study of link prediction, most of the work in existing research is mainly focused 
on framework-based optimisation. Daud et al. (2020) present a crucial technique where 
the group structural information in networks is considered. The approach starts from 
the detection of community structures at different scales. Using a statistical recurrence 
model, the method measures the frequency of node pairs’ joint appearance in the 
same community across different scales. Then, these patterns are used to calculate the 
probability of missing links. The approach exhibits superior accuracy and efficiency 
over hierarchical structure-based methods and is assessed among seven state-of-the-art 
competing methods on two network scales. Moreover, H. Koe et al. (2021) investigate 
the relationship between network features and link prediction accuracy. Studying six 
real-world social network datasets and ten popular prediction methods (Muniz et al., 
2018), they gain how to enhance predictive methods. 

Mathematical Representation of Context

We now represent the relationships and ideas described above using mathematical 
formulations and variables redefined into Greek symbols in the Equations 1,2,3,4 and 5.
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1.	 Optimisation via CMA-ES
The optimisation problem is expressed as:

max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                        	 [1]

where:
𝜔𝜔 = (𝜔𝜔1,𝜔𝜔2, … ,𝜔𝜔𝑛𝑛)  represents the weights for combining similarity metrics,

max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         represents the similarity function between nodes max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         and max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                        ,
max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         denotes neighbourhood similarities,
max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         denotes node-level similarities.

The CMA-ES algorithm is employed to iteratively adjust max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         to maximise the 
connection prediction likelihood.

2.	 Community Structure and Recurrence Analysis:

To model the recurrence, define:

𝜆𝜆𝑖𝑖𝑖𝑖 (𝑟𝑟) = ℙ(𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ∈ 𝐺𝐺𝑟𝑟) 	 [2]

where:
𝜆𝜆𝑖𝑖𝑖𝑖 (𝑟𝑟) = ℙ(𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ∈ 𝐺𝐺𝑟𝑟)  is the probability of nodes max

𝜔𝜔
 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         and max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         being part of the same group 𝜆𝜆𝑖𝑖𝑖𝑖 (𝑟𝑟) = ℙ(𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ∈ 𝐺𝐺𝑟𝑟)  at resolution 𝜆𝜆𝑖𝑖𝑖𝑖 (𝑟𝑟) = ℙ(𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ∈ 𝐺𝐺𝑟𝑟) ,
𝜆𝜆𝑖𝑖𝑖𝑖 (𝑟𝑟) = ℙ(𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ∈ 𝐺𝐺𝑟𝑟)  is the recurrence probability function.

The aggregate likelihood of a missing link between nodes is then:

𝐿𝐿𝑖𝑖𝑖𝑖 = �  
𝑅𝑅

𝑟𝑟=1
𝜆𝜆𝑖𝑖𝑖𝑖 (𝑟𝑟) 𝑑𝑑𝑑𝑑. 	 [3]

3. Evaluation Across Methods and Networks:

Precision 𝜋𝜋 = True Positive Predictions
Total Predictions

.                                                                     [4] 

Let 𝑇𝑇𝑐𝑐 ,𝑘𝑘  

 of the method is evaluated using:

𝜋𝜋 = True Positive Predictions
Total Predictions

.                                                                     [4] 

Let 𝑇𝑇𝑐𝑐 ,𝑘𝑘  

	 [4]

Let 

𝜋𝜋 = True Positive Predictions
Total Predictions

.                                                                     [4] 

Let 𝑇𝑇𝑐𝑐 ,𝑘𝑘   denote the computational time for method 

𝜋𝜋 = True Positive Predictions
Total Predictions

.                                                                     [4] 

Let 𝑇𝑇𝑐𝑐 ,𝑘𝑘   on network 

𝜋𝜋 = True Positive Predictions
Total Predictions

.                                                                     [4] 

Let 𝑇𝑇𝑐𝑐 ,𝑘𝑘  , and define the 
efficiency metric as:

 𝜂𝜂𝑐𝑐 = 𝜋𝜋𝑐𝑐
𝑇𝑇𝑐𝑐 ,𝑘𝑘

 	 [5]
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The Pearson correlation coefficient has been reformulated as a distance between nodes 
in network analysis. On the contrary, for transitory uncertain networks, Gao et al. (2021) 
proposed a new link prediction approach with an irregular random walk model (Ahmad Ali 
Nezhad & Makrehchi, 2021; Chen et al., 2021). The development of online social networks 
has brought about opportunities for large-scale studies on network patterns by tracking 
the flow of relationships among individuals, groups and organisations, hence providing 
a lens for network analysts to observe network characteristics (Wellman, 2001). It is a 
multidisciplinary area which borrows ideas from psychology, biology and information 
sciences (Bai et al., 2021). This approach, developed in the 1960s by sociologists and 
social psychologists (Mallek et al., 2019), utilises mathematical models to represent human 
relationships. Social network analysis has acquired a large importance over the last two 
decades in sociology and communication science. Currently, more than 50 metrics are 
utilised to describe the structural traits of groups and communities. Social networks enable 
communities to engage and collaborate across the spectrum of equal and unequal relations, 
in turn creating both weak and strong ties. As these interactions get stronger, community 
structures or cluster structures emerge naturally; that is, closely linked nodes in the network 
are more likely to form cohesive ties. Many network models originate from random graph 
theory, which draws on computer science and statistical physics (Zhang et al., 2017). The 
most standard model is to give each node an independent probability (or a probability 
parameterised on the node) to connect with the others, which yields some random graph 
model. Mallek et al. (2019) investigate a series of mechanical network models inspired by 
the architecture of online social networks. But these models tend to ignore capturing the 
human decision-making aspect in network formation (Assouli et al., 2021).

The topological features of online social networks have been widely studied. e.g.  Wahid 
et al. (2019) investigate the characteristics of the datasets across several social networking 
sites, including Orkut, Flickr, YouTube, LiveJournal, etc. Ferrara et al. introduced network 
models for capturing the formation of online social networks and for investigating their 
structural dynamics. Such networks are often seen to possess features of complex systems 
such as power-law degree distribution with heavy tails, although a cut-off is generally 
observed after a few thousand links. Several online social networks also have small 
diameters, but some exceptions exist.

Intriguingly, assortativity is distinct in offline and online social networks. Offline 
networks are generally assortative mixing (nodes having close degrees tend to connect). On 
the other hand, assortative and disassortative mixing patterns are observed in online social 
networks. For example, Twitter breaks the power-law pattern and exhibits low reciprocity, 
which strongly resembles offline networks (Liu et al., 2021). Furthermore, as the network 
evolves, smaller clusters tend to merge into larger communities, eventually forming a 
dominant giant connected component. This hierarchical growth significantly influences 
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network topology and enhances the potential for link formation across communities. 
Hierarchical clustering to identify such structures can be employed as well (Tang et al., 
2020). Such algorithms can identify multilevel graph structures that are either divided 
(top-down) or agglomerated (bottom-up). An important benefit of those methods is that 
no prior information on the number or size of clusters is needed. However, they also do 
not provide an optimal partition of the graph per se. Divisive methods find edges between 
communities and remove those edges, breaking clusters off from each other. The well-
known Girvan–Newman algorithm is an instance of this technique. Subsequent variations, 
such as Tyler's, achieved better computational performance. Wang et al. (2020) further 
improved the approach by utilising distance measures to approximate edge betweenness 
with a network structure index. These transformations are made to lower the computational 
complexity in community detection.

Random walk approaches have also been shown to be successful in providing good 
community structures within communities. In networks with strong internal ties, a random 
walker is more likely to be trapped within a single community for a longer period. The 
distance between nodes iii and jjj, dijd_{ij}dij​, is the expected number of steps required 
for a random walk that starts at node iii to hit node jjj (Yao et al., 2016). When the network 
size grows, the single-processor computer's computation and memory limitations become 
bottlenecks. Many sequential methods suffer from high computational cost and are not 
feasible for application to large-scale real data. So, a parallelisation scheme is considered. 
Large graphs are broken down into smaller chunks that are run on multiple processors. 
However, graph partitioning is still difficult because of the complexity and unstructured 
properties of graph data. Load balancing must frequently be performed dynamically, further 
complicating parallel algorithm design (Xiao et al., 2021).

The problems of graph partitioning are such that designing effective parallel 
algorithms is one of the most challenging problems for social network analysis. Many 
classical algorithms are designed for shared memory systems. Luo et al. (2021) present 
a shared-memory parallelism-based flexible community detection framework. But notice 
that increasing the number of processors does not always yield better performance. Their 
approach was largely untested on real-world data, with experiments being conducted on 
synthetic data. They also developed a scalable multi-core community detection method, 
but it was only able to take disjoint communities into account and could not be used to 
find overlapping communities.

Such a new formation drives the researchers to look for more efficient methods of 
analysing social interactions. Social networking sites are now a dominant source for 
exchanging information with respect to both personal and professional life, and hence 
the information being shared must be authentic. Social networks are increasingly being 
applied in areas such as e-commerce, e-banking, e-learning, medical treatment, and travel 
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services. There is a growing need to systematically analyse the structure and dynamics of 
such platforms given their escalating influence. A social network is a large graph where 
nodes represent individual people, firms, or other organisational units and edges represent 
relationships of friendship, common interests, common beliefs, and knowing one another. 
These relationships permit us to interact and share information. A traditional offline social 
network is the social activities that people participate in physical form, and there have been 
lots of studies in this aspect. Amid the rapid pace of internet growth and smart devices, 
online social networks have become powerful tools for sharing information in many areas 
such as products, relations, political orientation and cooperative efforts. 

Implementation of Filter-Based Online Social Networking Features Extraction and 
Node Link Prediction Approach

In this work, a graph filter-based feature extraction and link prediction approach is 
developed on the online social networking datasets.

In Phase 1, the filtering process operates on the directed graph representation G = (V, 
E) using adjacency matrix analysis and path-based evaluation to identify missing edges. 
The use of shortest path and higher-order connectivity is grounded in network proximity 
theory, where nodes connected through intermediate paths are more likely to form direct 
links. However, instead of directly inserting edges, this phase generates a refined set of 
candidate node pairs, thereby reducing the search space and addressing scalability issues in 
large social networks. This filtering step directly supports the “Filtered Based” component 
of the title by ensuring that only structurally relevant node pairs are considered for further 
analysis.

In Phase 2, feature extraction and probabilistic ranking establish the “Feature 
Extraction” aspect of the framework. Structural and contextual features such as shortest 
path, followers, followed, and global connectivity are transformed into quantitative 
measures. The proposed probability-based source ranking Ps(vi) and destination ranking 
Pd(vj) are defined as normalised influence scores, where node connectivity is scaled using 
outgoing and incoming degrees. These measures are bounded and interpretable as likelihood 
approximations, ensuring comparability across nodes. Equation 6 represents the combined 
link score, which is defined as:

LinkScore(vi, vj) = Ps(vi) * Pd(vj)	 [6]

This formulation captures the joint likelihood of a node acting as a source and 
destination, forming a mathematically consistent ranking mechanism. This phase bridges 
structural graph properties with probabilistic interpretation and addresses the limitations 
of purely heuristic similarity measures.
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In Phase 3, the framework introduces optimisation and classification through the 
IPSO-based Random Forest model, completing the “Node Link Prediction Approach” 
defined in the title. Kernel-based probability estimation models the distribution of 
features using Gaussian functions, capturing feature uncertainty and variability. Particle 
Swarm Optimisation (PSO) is applied to optimise kernel parameters (mu, sigma^2) and 
feature weights, ensuring that the most informative attributes are emphasised. Entropy 
and conditional estimators, including the Central Node Conditional Estimator (CNCE), 
quantify feature dependency and identify dominant predictors in high-dimensional space. 
The optimised feature set is then passed to a Random Forest classifier, where ensemble 
learning aggregates multiple decision trees to produce robust predictions. This integration 
ensures that feature modelling, parameter optimisation, and classification are tightly coupled 
within a unified probabilistic learning framework.

The unavailable edge removal mechanism, which is a path length-based assumption, 
considers that two nodes connected by a relatively short path are more likely to have 
direct links. This is a latent assumption, which is aligned with the proximity-based link 
prediction methods widely applied in network science. To prevent the generation of false 
links, unlike previous works, the proposed method does not initially establish edges but 
rather considers such node pairs as candidate links for subsequent consideration based on 
additional features and a probabilistic measure.

The probability-based ranking measures for the source and destination nodes, however, 
are meant to encapsulate node influence through the inherent structural information derived 
from its followers, followed and the series of connectivity patterns. While the metrics may 
seem heuristic, they are interpretable as normalised likelihood scores of link formations 
subject to constrained structural conditions. This normalisation ensures bounded values 
and makes the predictions comparable across nodes, which provides a semi-probabilistic 
interpretation consistent with ranking-based prediction methods. The combination of 
kernel estimation, PSO and RF is organised in a two-stage pipeline. Kernel estimation is 
then employed to capture the distribution of node features and obtain probabilistic feature 
densities. The kernel function parameters and feature weights are further optimised by 
PSO, so that informativity of features is emphasised. The final link prediction is then made 
by a Random Forest that combines the decisions from several trees, taking as input the 
final set of features. This ensures that feature representation, parameter optimisation, and 
classification are all tightly integrated in one framework. In general, the proposed method 
has three stages: (i) graph filtering to obtain a small pool of candidate edges predicated on 
structural proximity, (ii) probabilistic feature extraction and ranking based on normalised 
metrics and (iii) advanced classification based on kernel density estimation and PSO-based 
RF. Such systematic design enables a seamless connection between all components and 
yields both natural and effective solutions for link prediction. 
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Initially, input data is filtered and visualised using the adjacent nodes shortest path 
approach. Let G be the digraph with node vertex set as V and node edge list as E for the 
link prediction process. In the first phase, input data is visualised in Digraph format to 
find the missing adjacent nodes for the link prediction process, as represented in Table 
1. In the second phase, different features are evaluated for the training data preparation, 
as represented in Table 2. Finally, in the last phase, a hybrid link prediction approach is 
developed to predict the link on the given input training data, as represented in Table 3.  
The overall proposed framework is presented in Figure1. 

 

Social Networking 
Data 

Data filtering  
(Finding missing edges) 

Compute Digraph              
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Probability based 
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Hybrid Link prediction 

Statistical Analysis 

Probability based 
destination node rank 

Shortest path, 
Followers_Src, 
Followers_Dst, 
Followees_Src, 
Followees_Dst, 
total_Followers, 
total_Followees, 
Followers_Back 

  

Figure 1. Proposed framework for advanced link prediction

Table 1 
Graph representation and structural notations

Symbol MeaningSymbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Directed graph representing the social networkSymbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Set of nodes (users/entities)

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Set of edges (connections/links)

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Directed graph notation used in algorithm

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Set of nodes in graph

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Set of edges in graph

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Adjacency matrix

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

1 if edge exists from node max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         to max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                        , else 0
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Symbol Meaning

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

k-th power of adjacency matrix

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Shortest path length between nodes 

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

 and 

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Path of length k

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 

Edge list

Symbol 
𝑮𝑮 = (𝑽𝑽,𝑬𝑬) 

𝑽𝑽 
𝑬𝑬 

𝚪𝚪 = (𝚲𝚲,𝚺𝚺) 
𝚲𝚲 
𝚺𝚺 

𝑨𝑨 = [𝒂𝒂𝒊𝒊𝒊𝒊] 
𝒂𝒂𝒊𝒊𝒊𝒊 
𝑨𝑨𝒌𝒌 

𝒍𝒍(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) 
𝝅𝝅𝒌𝒌 
𝓔𝓔 
𝒅𝒅𝒊𝒊𝒊𝒊 

 
Distance between node max

𝜔𝜔
 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                         and max
𝜔𝜔

 ∑  𝑛𝑛
𝑖𝑖=1 ∑  𝑚𝑚

𝑗𝑗=1 𝜔𝜔𝑖𝑖 ⋅ 𝜙𝜙𝑖𝑖𝑖𝑖 (𝜎𝜎,𝜌𝜌)                        

Table 2 
Feature extraction and ranking notations

Symbol MeaningSymbol Meaning 
𝑷𝑷𝒔𝒔(𝒗𝒗𝒊𝒊) Probability-based source ranking score 
𝑷𝑷𝒅𝒅(𝒗𝒗𝒋𝒋) Probability-based destination ranking score 

LinkScore(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Final link prediction score 
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followers of node 𝑣𝑣𝑖𝑖  
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followed of node 𝑣𝑣𝑖𝑖  

|𝒐𝒐𝒐𝒐𝒐𝒐(𝒗𝒗𝒊𝒊)| Outgoing degree of node 𝑣𝑣𝑖𝑖  
|𝒊𝒊𝒊𝒊(𝒗𝒗𝒋𝒋)| Incoming degree of node 𝑣𝑣𝑗𝑗  
𝑵𝑵𝒇𝒇(𝒗𝒗𝒊𝒊) Followers count (source node) 
𝑵𝑵𝒆𝒆(𝒗𝒗𝒊𝒊) Followed count (source node) 
𝑵𝑵𝒐𝒐(𝒗𝒗𝒊𝒊) Outgoing connections count 
𝑵𝑵𝒊𝒊(𝒗𝒗𝒋𝒋) Incoming connections count 
𝜶𝜶,𝜷𝜷,𝜸𝜸 Weight parameters 
𝑿𝑿𝒊𝒊 Feature variable 
𝑿𝑿∗ Selected optimal feature 
𝑫𝑫 Dataset 
𝒀𝒀 Class label 

(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Node pair 
 

Probability-based source ranking score
Probability-based destination ranking score
Final link prediction score
Number of followers of node 

Symbol Meaning 
𝑷𝑷𝒔𝒔(𝒗𝒗𝒊𝒊) Probability-based source ranking score 
𝑷𝑷𝒅𝒅(𝒗𝒗𝒋𝒋) Probability-based destination ranking score 

LinkScore(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Final link prediction score 
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followers of node 𝑣𝑣𝑖𝑖  
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followed of node 𝑣𝑣𝑖𝑖  

|𝒐𝒐𝒐𝒐𝒐𝒐(𝒗𝒗𝒊𝒊)| Outgoing degree of node 𝑣𝑣𝑖𝑖  
|𝒊𝒊𝒊𝒊(𝒗𝒗𝒋𝒋)| Incoming degree of node 𝑣𝑣𝑗𝑗  
𝑵𝑵𝒇𝒇(𝒗𝒗𝒊𝒊) Followers count (source node) 
𝑵𝑵𝒆𝒆(𝒗𝒗𝒊𝒊) Followed count (source node) 
𝑵𝑵𝒐𝒐(𝒗𝒗𝒊𝒊) Outgoing connections count 
𝑵𝑵𝒊𝒊(𝒗𝒗𝒋𝒋) Incoming connections count 
𝜶𝜶,𝜷𝜷,𝜸𝜸 Weight parameters 
𝑿𝑿𝒊𝒊 Feature variable 
𝑿𝑿∗ Selected optimal feature 
𝑫𝑫 Dataset 
𝒀𝒀 Class label 

(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Node pair 
 

Number of followed of node 

Symbol Meaning 
𝑷𝑷𝒔𝒔(𝒗𝒗𝒊𝒊) Probability-based source ranking score 
𝑷𝑷𝒅𝒅(𝒗𝒗𝒋𝒋) Probability-based destination ranking score 

LinkScore(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Final link prediction score 
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followers of node 𝑣𝑣𝑖𝑖  
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followed of node 𝑣𝑣𝑖𝑖  

|𝒐𝒐𝒐𝒐𝒐𝒐(𝒗𝒗𝒊𝒊)| Outgoing degree of node 𝑣𝑣𝑖𝑖  
|𝒊𝒊𝒊𝒊(𝒗𝒗𝒋𝒋)| Incoming degree of node 𝑣𝑣𝑗𝑗  
𝑵𝑵𝒇𝒇(𝒗𝒗𝒊𝒊) Followers count (source node) 
𝑵𝑵𝒆𝒆(𝒗𝒗𝒊𝒊) Followed count (source node) 
𝑵𝑵𝒐𝒐(𝒗𝒗𝒊𝒊) Outgoing connections count 
𝑵𝑵𝒊𝒊(𝒗𝒗𝒋𝒋) Incoming connections count 
𝜶𝜶,𝜷𝜷,𝜸𝜸 Weight parameters 
𝑿𝑿𝒊𝒊 Feature variable 
𝑿𝑿∗ Selected optimal feature 
𝑫𝑫 Dataset 
𝒀𝒀 Class label 

(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Node pair 
 

Outgoing degree of node 

Symbol Meaning 
𝑷𝑷𝒔𝒔(𝒗𝒗𝒊𝒊) Probability-based source ranking score 
𝑷𝑷𝒅𝒅(𝒗𝒗𝒋𝒋) Probability-based destination ranking score 

LinkScore(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Final link prediction score 
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followers of node 𝑣𝑣𝑖𝑖  
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followed of node 𝑣𝑣𝑖𝑖  

|𝒐𝒐𝒐𝒐𝒐𝒐(𝒗𝒗𝒊𝒊)| Outgoing degree of node 𝑣𝑣𝑖𝑖  
|𝒊𝒊𝒊𝒊(𝒗𝒗𝒋𝒋)| Incoming degree of node 𝑣𝑣𝑗𝑗  
𝑵𝑵𝒇𝒇(𝒗𝒗𝒊𝒊) Followers count (source node) 
𝑵𝑵𝒆𝒆(𝒗𝒗𝒊𝒊) Followed count (source node) 
𝑵𝑵𝒐𝒐(𝒗𝒗𝒊𝒊) Outgoing connections count 
𝑵𝑵𝒊𝒊(𝒗𝒗𝒋𝒋) Incoming connections count 
𝜶𝜶,𝜷𝜷,𝜸𝜸 Weight parameters 
𝑿𝑿𝒊𝒊 Feature variable 
𝑿𝑿∗ Selected optimal feature 
𝑫𝑫 Dataset 
𝒀𝒀 Class label 

(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Node pair 
 

Incoming degree of node 

Symbol Meaning 
𝑷𝑷𝒔𝒔(𝒗𝒗𝒊𝒊) Probability-based source ranking score 
𝑷𝑷𝒅𝒅(𝒗𝒗𝒋𝒋) Probability-based destination ranking score 

LinkScore(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Final link prediction score 
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followers of node 𝑣𝑣𝑖𝑖  
|𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇(𝒗𝒗𝒊𝒊)| Number of followed of node 𝑣𝑣𝑖𝑖  

|𝒐𝒐𝒐𝒐𝒐𝒐(𝒗𝒗𝒊𝒊)| Outgoing degree of node 𝑣𝑣𝑖𝑖  
|𝒊𝒊𝒊𝒊(𝒗𝒗𝒋𝒋)| Incoming degree of node 𝑣𝑣𝑗𝑗  
𝑵𝑵𝒇𝒇(𝒗𝒗𝒊𝒊) Followers count (source node) 
𝑵𝑵𝒆𝒆(𝒗𝒗𝒊𝒊) Followed count (source node) 
𝑵𝑵𝒐𝒐(𝒗𝒗𝒊𝒊) Outgoing connections count 
𝑵𝑵𝒊𝒊(𝒗𝒗𝒋𝒋) Incoming connections count 
𝜶𝜶,𝜷𝜷,𝜸𝜸 Weight parameters 
𝑿𝑿𝒊𝒊 Feature variable 
𝑿𝑿∗ Selected optimal feature 
𝑫𝑫 Dataset 
𝒀𝒀 Class label 

(𝒗𝒗𝒊𝒊,𝒗𝒗𝒋𝒋) Node pair 
 

Followers count (source node) 
Followed count (source node) 
Outgoing connections count 
Incoming connections count 
Weight parameters
Feature variable
Selected optimal feature
Dataset
Class label
Node pair

Table 3 
Probabilistic, kernel, and optimisation notations

Symbol MeaningSymbol Meaning 
𝑲𝑲(𝒙𝒙) Gaussian kernel function 
𝒙𝒙 Feature value 
𝝁𝝁 Mean of feature distribution 
𝝈𝝈𝟐𝟐 Variance of feature distribution 

𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒙𝒙 ∣ 𝑾𝑾) PSO-optimised probability 
𝑾𝑾 Hyperparameters optimised by PSO 

𝑯𝑯(𝑿𝑿) Entropy of feature 𝑋𝑋 
𝑯𝑯(𝑿𝑿 ∣ 𝒀𝒀) Conditional entropy 
𝑷𝑷(𝑿𝑿) Probability distribution 

𝑷𝑷(𝑿𝑿 ∣ 𝒀𝒀) Conditional probability 
𝑷𝑷(𝑿𝑿,𝒀𝒀) Joint probability 

CNCE(𝑿𝑿𝒊𝒊) Central Node Conditional Estimator 
𝐚𝐚𝐚𝐚𝐚𝐚⁡𝐦𝐦𝐦𝐦𝐦𝐦 Optimisation operator 

𝝎𝝎 Weight vector 
𝝓𝝓𝒊𝒊𝒊𝒊 Similarity function 
𝝀𝝀𝒊𝒊𝒊𝒊(𝒓𝒓) Group probability 
𝑳𝑳𝒊𝒊𝒊𝒊 Link likelihood 
𝝅𝝅 Precision metric 
𝜼𝜼𝒄𝒄 Efficiency metric 
𝑻𝑻𝒄𝒄,𝒌𝒌 Computational time 

 

Gaussian kernel function
Feature value
Mean of feature distribution

Symbol Meaning 
𝑲𝑲(𝒙𝒙) Gaussian kernel function 
𝒙𝒙 Feature value 
𝝁𝝁 Mean of feature distribution 
𝝈𝝈𝟐𝟐 Variance of feature distribution 

𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒙𝒙 ∣ 𝑾𝑾) PSO-optimised probability 
𝑾𝑾 Hyperparameters optimised by PSO 

𝑯𝑯(𝑿𝑿) Entropy of feature 𝑋𝑋 
𝑯𝑯(𝑿𝑿 ∣ 𝒀𝒀) Conditional entropy 
𝑷𝑷(𝑿𝑿) Probability distribution 

𝑷𝑷(𝑿𝑿 ∣ 𝒀𝒀) Conditional probability 
𝑷𝑷(𝑿𝑿,𝒀𝒀) Joint probability 

CNCE(𝑿𝑿𝒊𝒊) Central Node Conditional Estimator 
𝐚𝐚𝐚𝐚𝐚𝐚⁡𝐦𝐦𝐦𝐦𝐦𝐦 Optimisation operator 

𝝎𝝎 Weight vector 
𝝓𝝓𝒊𝒊𝒊𝒊 Similarity function 
𝝀𝝀𝒊𝒊𝒊𝒊(𝒓𝒓) Group probability 
𝑳𝑳𝒊𝒊𝒊𝒊 Link likelihood 
𝝅𝝅 Precision metric 
𝜼𝜼𝒄𝒄 Efficiency metric 
𝑻𝑻𝒄𝒄,𝒌𝒌 Computational time 

 

Variance of feature distribution
PSO-optimised probability

Symbol Meaning 
𝑲𝑲(𝒙𝒙) Gaussian kernel function 
𝒙𝒙 Feature value 
𝝁𝝁 Mean of feature distribution 
𝝈𝝈𝟐𝟐 Variance of feature distribution 

𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒙𝒙 ∣ 𝑾𝑾) PSO-optimised probability 
𝑾𝑾 Hyperparameters optimised by PSO 

𝑯𝑯(𝑿𝑿) Entropy of feature 𝑋𝑋 
𝑯𝑯(𝑿𝑿 ∣ 𝒀𝒀) Conditional entropy 
𝑷𝑷(𝑿𝑿) Probability distribution 

𝑷𝑷(𝑿𝑿 ∣ 𝒀𝒀) Conditional probability 
𝑷𝑷(𝑿𝑿,𝒀𝒀) Joint probability 

CNCE(𝑿𝑿𝒊𝒊) Central Node Conditional Estimator 
𝐚𝐚𝐚𝐚𝐚𝐚⁡𝐦𝐦𝐦𝐦𝐦𝐦 Optimisation operator 

𝝎𝝎 Weight vector 
𝝓𝝓𝒊𝒊𝒊𝒊 Similarity function 
𝝀𝝀𝒊𝒊𝒊𝒊(𝒓𝒓) Group probability 
𝑳𝑳𝒊𝒊𝒊𝒊 Link likelihood 
𝝅𝝅 Precision metric 
𝜼𝜼𝒄𝒄 Efficiency metric 
𝑻𝑻𝒄𝒄,𝒌𝒌 Computational time 

 

Hyperparameters optimised by PSO
Entropy of feature X
Conditional entropy

Table 1 (continued)



212 Pertanika J. Sci. & Technol. 34 (S1): 199 - 232 (2026)

Rajasekhar Nennuri, G Pradeepini, and L V Narasimha Prasad

Symbol Meaning

Symbol Meaning 
𝑲𝑲(𝒙𝒙) Gaussian kernel function 
𝒙𝒙 Feature value 
𝝁𝝁 Mean of feature distribution 
𝝈𝝈𝟐𝟐 Variance of feature distribution 

𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒙𝒙 ∣ 𝑾𝑾) PSO-optimised probability 
𝑾𝑾 Hyperparameters optimised by PSO 

𝑯𝑯(𝑿𝑿) Entropy of feature 𝑋𝑋 
𝑯𝑯(𝑿𝑿 ∣ 𝒀𝒀) Conditional entropy 
𝑷𝑷(𝑿𝑿) Probability distribution 

𝑷𝑷(𝑿𝑿 ∣ 𝒀𝒀) Conditional probability 
𝑷𝑷(𝑿𝑿,𝒀𝒀) Joint probability 

CNCE(𝑿𝑿𝒊𝒊) Central Node Conditional Estimator 
𝐚𝐚𝐚𝐚𝐚𝐚⁡𝐦𝐦𝐦𝐦𝐦𝐦 Optimisation operator 

𝝎𝝎 Weight vector 
𝝓𝝓𝒊𝒊𝒊𝒊 Similarity function 
𝝀𝝀𝒊𝒊𝒊𝒊(𝒓𝒓) Group probability 
𝑳𝑳𝒊𝒊𝒊𝒊 Link likelihood 
𝝅𝝅 Precision metric 
𝜼𝜼𝒄𝒄 Efficiency metric 
𝑻𝑻𝒄𝒄,𝒌𝒌 Computational time 

 

Probability distribution
Conditional probability
Joint probability
Central Node Conditional Estimator

arg max Optimisation operator

 
 

 

𝐚𝐚𝐚𝐚𝐚𝐚⁡𝐦𝐦𝐦𝐦𝐦𝐦 Optimisation operator 
𝝎𝝎 Weight vector 
𝝓𝝓𝒊𝒊𝒊𝒊 Similarity function 
𝝀𝝀𝒊𝒊𝒊𝒊(𝒓𝒓) Group probability 
𝑳𝑳𝒊𝒊𝒊𝒊 Link likelihood 
𝝅𝝅 Precision metric 
𝜼𝜼𝒄𝒄 Efficiency metric 
𝑻𝑻𝒄𝒄,𝒌𝒌 Computational time 

 

Weight vector
Similarity function
Group probability
Link likelihood
Precision metric
Efficiency metric
Computational time

Algorithm 1: Data Filtering and Missing Edge Detection
Input: 

•  Directed Graph Γ=(Λ, Σ), where Λ is the set of nodes, and Σ is the set of edges. 

• Adjacency Matrix A ∈ ℝ|Λ|×|Λ|, where 𝑎𝑎𝑖𝑖𝑖𝑖 = 1 if there is an edge from node 𝜆𝜆𝑖𝑖  to 𝜆𝜆𝑗𝑗 , 

otherwise 𝑎𝑎𝑖𝑖𝑖𝑖 = 0. 

• Edge List ℰ. 

Steps: 

Phase 1: Initialisation of Adjacency Matrix 

1. For each 𝜈𝜈𝑖𝑖 ∈ Λ (𝑖𝑖 = 1 to |Λ|): 

o For each 𝜈𝜈𝑗𝑗 ∈ Λ (𝑗𝑗 = 1 to |Λ|): 

 If 𝑎𝑎𝑖𝑖𝑖𝑖 = 1, then:𝑎𝑎𝑖𝑖𝑖𝑖 ← 1 

 Else:𝑎𝑎𝑖𝑖𝑖𝑖 ← 0 

o End 𝜈𝜈𝑗𝑗 . 

2. End 𝜈𝜈𝑖𝑖 . 

Phase 2: Path Analysis and Missing Edge Detection 

3. For each path 𝜋𝜋𝑘𝑘  (𝑘𝑘 = 2 to |𝒫𝒫|): 

o For each 𝜈𝜈𝑖𝑖 ∈ Λ (𝑖𝑖 = 1 to |Λ|): 

 For each 𝜈𝜈𝑗𝑗 ∈ Λ (𝑗𝑗 = 1 to |Λ|): 

• For each 𝜈𝜈𝑙𝑙 ∈ Λ (𝑙𝑙 = 1 to |Λ|): 

• If 𝑎𝑎𝑖𝑖𝑖𝑖 ≠ 0  and 𝑎𝑎𝑙𝑙𝑙𝑙 ≠ 0 , then:  Combine vertices: 𝜈𝜈𝑖𝑖 →

𝜈𝜈𝑙𝑙 → 𝜈𝜈𝑗𝑗  

• End 𝜈𝜈𝑙𝑙 . 

• If Length (𝜋𝜋𝑘𝑘(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 )) > 2, then: Add missing edge: 𝜈𝜈𝑖𝑖 → 𝜈𝜈𝑗𝑗  

• Else: Continue 

 End 𝜈𝜈𝑗𝑗 . 

o End 𝜈𝜈𝑖𝑖 . 

4. End 𝜋𝜋𝑘𝑘 . 

Table 3 (continued)
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Mathematical Proof of Missing Edge Detection

Definitions: 

1. Adjacency Matrix: A = [𝑎𝑎𝑖𝑖𝑖𝑖 ], where 𝑎𝑎𝑖𝑖𝑖𝑖 = 1 ⟺  (𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) ∈ Σ. 

2. Path Length: ℓ(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) = min{𝑘𝑘: 𝜈𝜈𝑖𝑖→
𝑘𝑘  
𝜈𝜈𝑗𝑗 }, where 𝑘𝑘 represents the minimum number of edges. 

3. Missing Edge Condition: 

If ℓ(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) > 2, then 𝜈𝜈𝑖𝑖  and 𝜈𝜈𝑗𝑗  are not directly connected, and a new edge (𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) is required. 

Proof: 

1. Let 𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 , 𝜈𝜈𝑙𝑙 ∈ Λ. Assume:𝑎𝑎𝑖𝑖𝑖𝑖 = 1,  𝑎𝑎𝑙𝑙𝑙𝑙 = 1,  𝑎𝑎𝑖𝑖𝑖𝑖 = 0This implies 𝜈𝜈𝑖𝑖 → 𝜈𝜈𝑙𝑙 → 𝜈𝜈𝑗𝑗  is a valid path 

of length 2. 

2. From the adjacency matrix:A2 = �𝑎𝑎𝑖𝑖𝑖𝑖
(2)� ,  𝑎𝑎𝑖𝑖𝑖𝑖

(2) = ∑  |Λ|
𝑙𝑙=1 𝑎𝑎𝑖𝑖𝑖𝑖𝑎𝑎𝑙𝑙𝑙𝑙  

o 𝑎𝑎𝑖𝑖𝑖𝑖
(2) ≠ 0 implies a 2-step path exists between 𝜈𝜈𝑖𝑖  and 𝜈𝜈𝑗𝑗 . 

3. For ℓ(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) > 2: 

o Compute higher powers A𝑘𝑘  (𝑘𝑘 > 2). 

o Identify 𝑎𝑎𝑖𝑖𝑖𝑖
(𝑘𝑘) = 0  for all 𝑘𝑘 ≤ 2 , which means 𝜈𝜈𝑖𝑖  and 𝜈𝜈𝑗𝑗  are disconnected in 𝑘𝑘 -step 

paths. 

4. Add 𝑎𝑎𝑖𝑖𝑖𝑖 = 1 to connect 𝜈𝜈𝑖𝑖  and 𝜈𝜈𝑗𝑗 , ensuring ℓ(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) = 1. 

Phase 2: Node Feature Ranking Measures for Link Prediction

In this phase, the goal is to compute probability-based ranking measures for sources and 
destinations, leveraging additional features and contextual relationships for link prediction 
in the directed graph ((Γ = (Λ, Σ)) ).

Input:

	• Directed Graph (Γ = (Λ, Σ))  with nodes (Γ = (Λ, Σ))  and edges (Γ = (Λ, Σ)) .

	• Features:

	- Source Features: Shortest path, followers (source), followees (source).

	- Destination Features: Followers (destination), followees (destination).

	- Global Features: Total followers and followees.
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Proposed Probability Measures

Two probability measures are proposed to compute contextual relationships between graph 
nodes for link prediction by two different formulae as mentioned in Equations 7 and 8:

1.	 Probability-Based Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖): :

This measure ranks source nodes based on their contribution to link prediction. The 
ranking depends on:

Where; 
Number of outgoing connections (

𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) =
𝛼𝛼|followers(𝜈𝜈𝑖𝑖)| + 𝛽𝛽|followees(𝜈𝜈𝑖𝑖)|

𝛾𝛾|out(𝜈𝜈𝑖𝑖)| + 1
 

).

Influence of followers (𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) =
𝛼𝛼|followers(𝜈𝜈𝑖𝑖)| + 𝛽𝛽|followees(𝜈𝜈𝑖𝑖)|

𝛾𝛾|out(𝜈𝜈𝑖𝑖)| + 1
 

).

Influence of followees (𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) =
𝛼𝛼|followers(𝜈𝜈𝑖𝑖)| + 𝛽𝛽|followees(𝜈𝜈𝑖𝑖)|

𝛾𝛾|out(𝜈𝜈𝑖𝑖)| + 1
 
).

The formula for 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖):  is:

𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) =
𝛼𝛼|followers(𝜈𝜈𝑖𝑖)| + 𝛽𝛽|followees(𝜈𝜈𝑖𝑖)|

𝛾𝛾|out(𝜈𝜈𝑖𝑖)| + 1
 	 [7]

Where 𝛼𝛼,𝛽𝛽, 𝛾𝛾  are weighting factors representing the importance of followers, 
followees, and outgoing connections.

2.	 Probability-Based Destination Ranking Measure 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) =
𝛼𝛼|followers(𝜈𝜈𝑗𝑗 )| + 𝛽𝛽|followees(𝜈𝜈𝑗𝑗 )|

𝛾𝛾|in(𝜈𝜈𝑗𝑗 )| + 1
 :

This measure ranks destination nodes based on their likelihood to receive a connection. 
It accounts for:

Number of incoming connections (• ections (|in(𝜈𝜈𝑗𝑗 )|). 

• Influence of followers (|followers(𝜈𝜈𝑗𝑗 )|). 

• Influence of followees (|followees(𝜈𝜈𝑗𝑗 )|). 

).

Influence of followers (

• ections (|in(𝜈𝜈𝑗𝑗 )|). 

• Influence of followers (|followers(𝜈𝜈𝑗𝑗 )|). 

• Influence of followees (|followees(𝜈𝜈𝑗𝑗 )|). 

).

Influence of followees (

• ections (|in(𝜈𝜈𝑗𝑗 )|). 

• Influence of followers (|followers(𝜈𝜈𝑗𝑗 )|). 

• Influence of followees (|followees(𝜈𝜈𝑗𝑗 )|). ).

The formula for 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) =
𝛼𝛼|followers(𝜈𝜈𝑗𝑗 )| + 𝛽𝛽|followees(𝜈𝜈𝑗𝑗 )|

𝛾𝛾|in(𝜈𝜈𝑗𝑗 )| + 1
  is:

𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) =
𝛼𝛼|followers(𝜈𝜈𝑗𝑗 )| + 𝛽𝛽|followees(𝜈𝜈𝑗𝑗 )|

𝛾𝛾|in(𝜈𝜈𝑗𝑗 )| + 1
 	 [8]
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Node Link Prediction in Online Social Networks

Algorithm for Node Feature Ranking and Link Prediction

1. Input: Directed graph Γ = (Λ,Σ), node features (followers, followees, shortest path, etc.). 

2. For each 𝜈𝜈𝑖𝑖 ∈ Λ (source nodes): 

o Compute 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) using the defined formula. 

3. For each 𝜈𝜈𝑗𝑗 ∈ Λ (destination nodes): 

o Compute 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) using the defined formula. 

4. Combine 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖)  and 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 )  to compute a link prediction score for edge 

(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ):LinkScore(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) = 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ⋅ 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) 

5. Rank all potential links (𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) based on LinkScore. 

6. Output ranked list of predicted links. 

Mathematical Proof of Measures

1.	 Normalisation of Source Ranking Measure Normalisation of Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is mentioned in Equation 9 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) = |followers(𝜈𝜈𝑖𝑖)| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) = |followees(𝜈𝜈𝑖𝑖)|. 

Let 𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖) = |out(𝜈𝜈𝑖𝑖)|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) aggregates the influence of followers and followees, normalised by 

outgoing connections 𝛾𝛾𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖). 

The measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is bounded: 

                                  0 ≤ 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ≤
𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                           

 is mentioned in Equation 9

Let 

Normalisation of Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is mentioned in Equation 9 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) = |followers(𝜈𝜈𝑖𝑖)| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) = |followees(𝜈𝜈𝑖𝑖)|. 

Let 𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖) = |out(𝜈𝜈𝑖𝑖)|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) aggregates the influence of followers and followees, normalised by 

outgoing connections 𝛾𝛾𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖). 

The measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is bounded: 

                                  0 ≤ 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ≤
𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                           

 and 

Normalisation of Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is mentioned in Equation 9 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) = |followers(𝜈𝜈𝑖𝑖)| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) = |followees(𝜈𝜈𝑖𝑖)|. 

Let 𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖) = |out(𝜈𝜈𝑖𝑖)|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) aggregates the influence of followers and followees, normalised by 

outgoing connections 𝛾𝛾𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖). 

The measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is bounded: 

                                  0 ≤ 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ≤
𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                           

.

Let 

Normalisation of Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is mentioned in Equation 9 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) = |followers(𝜈𝜈𝑖𝑖)| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) = |followees(𝜈𝜈𝑖𝑖)|. 

Let 𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖) = |out(𝜈𝜈𝑖𝑖)|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) aggregates the influence of followers and followees, normalised by 

outgoing connections 𝛾𝛾𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖). 

The measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is bounded: 

                                  0 ≤ 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ≤
𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                           

.

The numerator 

Normalisation of Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is mentioned in Equation 9 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) = |followers(𝜈𝜈𝑖𝑖)| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) = |followees(𝜈𝜈𝑖𝑖)|. 

Let 𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖) = |out(𝜈𝜈𝑖𝑖)|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) aggregates the influence of followers and followees, normalised by 

outgoing connections 𝛾𝛾𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖). 

The measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is bounded: 

                                  0 ≤ 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ≤
𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                           

 aggregates the influence of followers and followees, 
normalised by outgoing connections 

Normalisation of Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is mentioned in Equation 9 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) = |followers(𝜈𝜈𝑖𝑖)| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) = |followees(𝜈𝜈𝑖𝑖)|. 

Let 𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖) = |out(𝜈𝜈𝑖𝑖)|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) aggregates the influence of followers and followees, normalised by 

outgoing connections 𝛾𝛾𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖). 

The measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is bounded: 

                                  0 ≤ 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ≤
𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                           

.
The measure 

Normalisation of Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is mentioned in Equation 9 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) = |followers(𝜈𝜈𝑖𝑖)| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) = |followees(𝜈𝜈𝑖𝑖)|. 

Let 𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖) = |out(𝜈𝜈𝑖𝑖)|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) aggregates the influence of followers and followees, normalised by 

outgoing connections 𝛾𝛾𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖). 

The measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is bounded: 

                                  0 ≤ 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ≤
𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                           

 is bounded:

Normalisation of Source Ranking Measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is mentioned in Equation 9 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) = |followers(𝜈𝜈𝑖𝑖)| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) = |followees(𝜈𝜈𝑖𝑖)|. 

Let 𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖) = |out(𝜈𝜈𝑖𝑖)|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑖𝑖) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑖𝑖) aggregates the influence of followers and followees, normalised by 

outgoing connections 𝛾𝛾𝑁𝑁𝑜𝑜(𝜈𝜈𝑖𝑖). 

The measure 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) is bounded: 

                                  0 ≤ 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ≤
𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                           	 [9]

2.	 Normalisation of Destination Ranking Measure 2. Normalisation of Destination Ranking Measure 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) is mentioned in Equation 10. 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑗𝑗 ) = |followers(𝜈𝜈𝑗𝑗 )| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑗𝑗 ) = |followees(𝜈𝜈𝑗𝑗 )|. 

Let 𝑁𝑁𝑖𝑖(𝜈𝜈𝑗𝑗 ) = |in(𝜈𝜈𝑗𝑗 )|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑗𝑗 ) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑗𝑗 ) aggregates the influence of followers and followees, normalised by 

incoming connections 𝛾𝛾𝑁𝑁𝑖𝑖(𝜈𝜈𝑗𝑗 ). 

The measure 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) is bounded: 

                            0 ≤ 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) ≤ 𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                                          [10] 

Link Prediction Model: 
For a pair of nodes (𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ), the combined score is as in Equation 11. 

                 LinkScore(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) = 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ⋅ 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 )                                   [11] 

 is mentioned in Equation 10.

Let 

2. Normalisation of Destination Ranking Measure 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) is mentioned in Equation 10. 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑗𝑗 ) = |followers(𝜈𝜈𝑗𝑗 )| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑗𝑗 ) = |followees(𝜈𝜈𝑗𝑗 )|. 

Let 𝑁𝑁𝑖𝑖(𝜈𝜈𝑗𝑗 ) = |in(𝜈𝜈𝑗𝑗 )|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑗𝑗 ) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑗𝑗 ) aggregates the influence of followers and followees, normalised by 

incoming connections 𝛾𝛾𝑁𝑁𝑖𝑖(𝜈𝜈𝑗𝑗 ). 

The measure 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) is bounded: 

                            0 ≤ 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) ≤ 𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                                          [10] 

Link Prediction Model: 
For a pair of nodes (𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ), the combined score is as in Equation 11. 

                 LinkScore(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) = 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ⋅ 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 )                                   [11] 

 and 

2. Normalisation of Destination Ranking Measure 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) is mentioned in Equation 10. 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑗𝑗 ) = |followers(𝜈𝜈𝑗𝑗 )| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑗𝑗 ) = |followees(𝜈𝜈𝑗𝑗 )|. 

Let 𝑁𝑁𝑖𝑖(𝜈𝜈𝑗𝑗 ) = |in(𝜈𝜈𝑗𝑗 )|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑗𝑗 ) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑗𝑗 ) aggregates the influence of followers and followees, normalised by 

incoming connections 𝛾𝛾𝑁𝑁𝑖𝑖(𝜈𝜈𝑗𝑗 ). 

The measure 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) is bounded: 

                            0 ≤ 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) ≤ 𝛼𝛼+𝛽𝛽
𝛾𝛾+1

.                                                                          [10] 

Link Prediction Model: 
For a pair of nodes (𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ), the combined score is as in Equation 11. 

                 LinkScore(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) = 𝑃𝑃𝑠𝑠(𝜈𝜈𝑖𝑖) ⋅ 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 )                                   [11] 

.

Let 

2. Normalisation of Destination Ranking Measure 𝑃𝑃𝑑𝑑(𝜈𝜈𝑗𝑗 ) is mentioned in Equation 10. 

Let 𝑁𝑁𝑓𝑓(𝜈𝜈𝑗𝑗 ) = |followers(𝜈𝜈𝑗𝑗 )| and 𝑁𝑁𝑒𝑒(𝜈𝜈𝑗𝑗 ) = |followees(𝜈𝜈𝑗𝑗 )|. 

Let 𝑁𝑁𝑖𝑖(𝜈𝜈𝑗𝑗 ) = |in(𝜈𝜈𝑗𝑗 )|. 

The numerator 𝛼𝛼𝑁𝑁𝑓𝑓(𝜈𝜈𝑗𝑗 ) + 𝛽𝛽𝑁𝑁𝑒𝑒(𝜈𝜈𝑗𝑗 ) aggregates the influence of followers and followees, normalised by 
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Compare predicted links against known edges (Γ = (Λ, Σ))  for accuracy.

Phase 3: Proposed Link Prediction Algorithm 

In this work, an IPSO model is designed to find the best local and global feasible solutions 
using optimal hyperparameter selection. The model is best applicable to high-dimensional 
databases with mixed types of attributes.   Traditionally, as the size of the training dataset 
is large, the medical disease prediction rate could be dramatically reduced due to class 
imbalance and high-dimensional space. In this paper, the Particle Swarm Optimisation 
(PSO) hyperparameters are optimised by using the advanced kernel estimator and 
probabilistic measures.  IPSO rank-based Random Forest is a supervised and ensemble 
machine learning algorithm. The decision tree acts as a base classifier for this model. It 
generates an ensemble of decision trees. Random Forest starts with a standard notion of 
a decision tree, and it achieves the next level by generating many decision trees. Every 
record of the data sample can be used for growing the tree. This is called a bootstrap sample. 

Now, the most common observations can be found and considered as the final output. 
Hence, by aggregating the predictions of the ensemble, the final prediction is made. This 
model even possesses some sources of randomness by which trees can be differentiated 
from one another.  However, by this approach, a group of unique trees can be generated 
that makes a different classification. The performance of Random Forest has substantially 
improved over the single tree-based classifiers like CART and C4.5. During the learning 
of extremely imbalanced data, there is a probability that a bootstrap sample may contain 
very few or none of the minority class. This is called “out of the bag” (OOB data). It results 
in a poorly performing tree in the prediction of the minority class. One solution for this 
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problem is using a stratified bootstrap; i.e., a sample replacement should be drawn from 
within each class. 

Advanced Link Prediction Framework: Kernel and PSO-Based Probabilities

Inputs:

	• Filtered dataset D.

	• Test samples for evaluation.

	• Features and their associated conditional distributions.

Key Components of the Framework:

1.	 Kernel Probability Estimation:

The kernel probability is used to compute the conditional variance of input features X 
using a Gaussian kernel estimator. The formula for the Gaussian kernel estimator is 
mentioned in Equation 12:

𝐾𝐾(𝑥𝑥) =
1

√2𝜋𝜋𝜎𝜎2
exp⁡�−

(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 � �−
(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 � 	 [12]

Where:
	
�−

(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 � 
: Feature value.

	�−
(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 � : Mean of the feature distribution.
	

�−
(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 � 
: Variance of the feature distribution.

The kernel probability estimates the likelihood of a feature value given the dataset.

2.	 PSO Probability Estimation:

The Particle Swarm Optimisation (PSO) probability estimator enhances the Gaussian 
kernel by adapting contextual parameters to improve performance. The PSO-based 
probability estimator computes by below mention Equation 13:

                  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥|W) = arg⁡max
W

 ∏  𝑁𝑁
𝑖𝑖=1 𝐾𝐾(𝑥𝑥𝑖𝑖|𝜇𝜇,𝜎𝜎2; W)                                 [13] 

                      𝐻𝐻(𝑋𝑋) = −∑  𝑥𝑥∈𝑋𝑋 𝑃𝑃(𝑥𝑥)log⁡𝑃𝑃(𝑥𝑥)                                              [14] 

                            𝐻𝐻(𝑋𝑋) = 1
2

log⁡(2𝜋𝜋𝜋𝜋𝜎𝜎2)                                                     [15] 

                   𝑌𝑌:𝑃𝑃(𝑋𝑋|𝑌𝑌) = 𝑃𝑃(𝑋𝑋,𝑌𝑌)
𝑃𝑃(𝑌𝑌)

                                                 [16] 

                      𝐻𝐻(𝑋𝑋|𝑌𝑌) = 𝐻𝐻(𝑋𝑋,𝑌𝑌) −𝐻𝐻(𝑌𝑌)                                    [17] 
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	 [13]

Where:
	 W: Hyperparameters optimised by PSO.
	 𝐾𝐾(𝑥𝑥) =

1
√2𝜋𝜋𝜎𝜎2

exp⁡�−
(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 � : Gaussian kernel estimator.
	 PSO adapts 

�−
(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 � 
 and 

�−
(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 � 
 for improved contextual probability estimation.

3.	 Gaussian Entropy and Conditional Estimators:

Entropy measures the uncertainty of a feature by the mentioned Equation 14:
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Gaussian Entropy: Assumes the feature distribution is Gaussian, as mentioned in 
Equation 15. The entropy becomes:
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                      𝐻𝐻(𝑋𝑋) = −∑  𝑥𝑥∈𝑋𝑋 𝑃𝑃(𝑥𝑥)log⁡𝑃𝑃(𝑥𝑥)                                              [14] 

                            𝐻𝐻(𝑋𝑋) = 1
2

log⁡(2𝜋𝜋𝜋𝜋𝜎𝜎2)                                                     [15] 

                   𝑌𝑌:𝑃𝑃(𝑋𝑋|𝑌𝑌) = 𝑃𝑃(𝑋𝑋,𝑌𝑌)
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                      𝐻𝐻(𝑋𝑋|𝑌𝑌) = 𝐻𝐻(𝑋𝑋,𝑌𝑌) −𝐻𝐻(𝑌𝑌)                                    [17] 

(2𝜋𝜋𝜋𝜋𝜎𝜎2)  	 [15]

Conditional Gaussian Estimator (CGE):The CGE evaluates the conditional probability 
of features X given class labels as mentioned in Equation 16

                  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥|W) = arg⁡max
W

 ∏  𝑁𝑁
𝑖𝑖=1 𝐾𝐾(𝑥𝑥𝑖𝑖|𝜇𝜇,𝜎𝜎2; W)                                 [13] 

                      𝐻𝐻(𝑋𝑋) = −∑  𝑥𝑥∈𝑋𝑋 𝑃𝑃(𝑥𝑥)log⁡𝑃𝑃(𝑥𝑥)                                              [14] 

                            𝐻𝐻(𝑋𝑋) = 1
2

log⁡(2𝜋𝜋𝜋𝜋𝜎𝜎2)                                                     [15] 

                   𝑌𝑌:𝑃𝑃(𝑋𝑋|𝑌𝑌) = 𝑃𝑃(𝑋𝑋,𝑌𝑌)
𝑃𝑃(𝑌𝑌)

                                                 [16] 

                      𝐻𝐻(𝑋𝑋|𝑌𝑌) = 𝐻𝐻(𝑋𝑋,𝑌𝑌) −𝐻𝐻(𝑌𝑌)                                    [17] 

	 [16]

4.	 Central Node Conditional Estimator:

The Central Node Conditional Estimator (CNCE) computes the dependency of a feature 
on other features via conditional entropy by Equation 17:

                  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥|W) = arg⁡max
W

 ∏  𝑁𝑁
𝑖𝑖=1 𝐾𝐾(𝑥𝑥𝑖𝑖|𝜇𝜇,𝜎𝜎2; W)                                 [13] 

                      𝐻𝐻(𝑋𝑋) = −∑  𝑥𝑥∈𝑋𝑋 𝑃𝑃(𝑥𝑥)log⁡𝑃𝑃(𝑥𝑥)                                              [14] 

                            𝐻𝐻(𝑋𝑋) = 1
2

log⁡(2𝜋𝜋𝜋𝜋𝜎𝜎2)                                                     [15] 

                   𝑌𝑌:𝑃𝑃(𝑋𝑋|𝑌𝑌) = 𝑃𝑃(𝑋𝑋,𝑌𝑌)
𝑃𝑃(𝑌𝑌)

                                                 [16] 

                      𝐻𝐻(𝑋𝑋|𝑌𝑌) = 𝐻𝐻(𝑋𝑋,𝑌𝑌) −𝐻𝐻(𝑌𝑌)                                    [17] 	 [17]

This helps identify the feature with the strongest dependency within a high-dimensional 
feature space.

Algorithm for Improved Link PredictionAlgorithm for Improved Link Prediction: 

1. Input: Filtered dataset 𝐷𝐷 with features {𝑋𝑋1,𝑋𝑋2, … ,𝑋𝑋𝑛𝑛}. 

2. For each feature 𝑋𝑋𝑖𝑖 : 

o Compute its kernel probability 𝐾𝐾(𝑥𝑥) using the Gaussian kernel. 

o Compute its PSO probability 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥|W) to optimise parameters 𝜇𝜇 and 𝜎𝜎2. 

3. For each feature 𝑋𝑋𝑖𝑖 , evaluate Gaussian entropy 𝐻𝐻(𝑋𝑋𝑖𝑖) and conditional entropy 𝐻𝐻(𝑋𝑋𝑖𝑖|𝑋𝑋𝑗𝑗 ). 

4. Use the CNCE to identify the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

5. Transform non-uniform distributions into uniform distributions using probability density 

functions (PDFs). 

6. Partition uniform features into sub-partitions based on class labels. 

7. For each test sample: 

o Compute 𝑃𝑃(𝑋𝑋|𝑌𝑌) using the CGE. 

o If 𝑃𝑃(𝑋𝑋|𝑌𝑌) > 0, classify the instance. 

o Else, continue. 

8. Output ranked link predictions based on kernel probabilities and feature dependencies. 

max
𝑋𝑋𝑖𝑖
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Example Derivation:
Given:

i.	 Dataset 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 

.

ii.	 Classes 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 

.

Steps:

1.	 Compute kernel probabilities: 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 

2.	 Optimise kernel parameters with 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 

3.	 Compute Gaussian entropies: 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 

4.	 Compute CNCE for each feature: 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 

5.	 Select the most significant feature 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 

max
𝑋𝑋𝑖𝑖

  

6.	 Use CGE for conditional probabilities: 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. 7.	 Transform non-uniform distributions and partition features based on 

Given: 

Dataset 𝐷𝐷 with 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3. 

Classes 𝑌𝑌1,𝑌𝑌2. 

Steps: 

1. Compute kernel probabilities:𝐾𝐾(𝑋𝑋1),𝐾𝐾(𝑋𝑋2),𝐾𝐾(𝑋𝑋3) 

2. Optimise kernel parameters with PSO:𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋2),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑋𝑋3) 

3. Compute Gaussian entropies:𝐻𝐻(𝑋𝑋1),𝐻𝐻(𝑋𝑋2),𝐻𝐻(𝑋𝑋3) 

4. Compute CNCE for each feature:CNCE(𝑋𝑋1), CNCE(𝑋𝑋2), CNCE(𝑋𝑋3) 

5. Select the most significant feature 𝑋𝑋∗:𝑋𝑋∗ = arg⁡max
𝑋𝑋𝑖𝑖

 CNCE(𝑋𝑋𝑖𝑖) 

6. Use CGE for conditional probabilities:𝑃𝑃(𝑋𝑋1|𝑌𝑌1),𝑃𝑃(𝑋𝑋2|𝑌𝑌1),𝑃𝑃(𝑋𝑋3|𝑌𝑌1) 

7. Transform non-uniform distributions and partition features based on 𝑌𝑌. .

Final Link Detection Model:
For each feature, compute the probability of links using Equation 18 below:

LinkScore(𝜈𝜈𝑖𝑖 , 𝜈𝜈𝑗𝑗 ) = � 
𝑛𝑛

𝑘𝑘=1

𝑃𝑃(𝑋𝑋𝑘𝑘 |𝑌𝑌) 	 [18]

Classify and rank links based on the computed scores. Transform features as needed 
for uniformity and contextual relevance. This ensures an optimal and robust link prediction 
mechanism.

RESULTS AND DISCUSSIONS

The experimental evaluation of the proposed Filtered-Based (Distance) Online Social 
Networking Features Extraction and Node Link Prediction Approach has been enlarged to 
give an exhaustive, transparent, and reproducible evaluation of its performance. The revised 
experiments are centred on four major concerns: (i) comparability with representative state-
of-the-art methods, (ii) a more comprehensive description of the dataset and preprocessing 
details, (iii) the introduction of additional evaluation metrics, and (iv) statistical efficacy 
analysis of the experimental results. This organised facelift enables the proposed model to 
be tested against the latest link prediction techniques, satisfying the motivation of addressing 
issues related to rigorous methodology as well as comparative results.
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Inclusion of Modern Benchmark Methods

To make sure that the proposed method is tested against the state-of-the-art, we compare it 
with several popular representation learning and deep learning-based methods. In particular, 
baselines include Node2Vec, DeepWalk, and Graph Neural Network (GNN)-based models. 
Node2Vec and DeepWalk are node embedding techniques which capture network topology 
by random walks and learn low-dimensional representations of nodes. These methods 
have exhibited excellent performance in the problem of link prediction by transforming 
the notion of structural similarity into the continuous feature space. Node2Vec generalises 
DeepWalk with biased random walks; interpolating between the strategies of Breadth First 
Search and Depth First Search allows it to explore the network with different "lenses." This 
allows for effective preservation of local and global network information.

Whereas Graph Neural Networks are a category of deep learning networks that 
perform deep learning directly on graph-structured data. GNN-based models collect 
information from neighbouring nodes via multiple layers of aggregation to learn powerful 
representations for both node features and structure-related dependencies. These models 
have achieved state-of-the-art results in several graph-based tasks such as link prediction, 
node classification and community detection.

By considering state-of-the-art approaches, rather than traditional ML models only, we 
guarantee the inclusion of the latest advances in the field. The comparison demonstrates 
the efficacy of the proposed hybrid framework, especially the outperformance on sparse 
and imbalanced datasets and its interpretability and computational efficiency.

Description of the Datasets and Preprocessing

A comprehensive description of the employed datasets for experimental analysis is 
mandatory to ensure reproducibility of the results. The experiments are carried out on two 
popular real-world social network datasets, namely the Facebook dataset and the Epinion 
dataset. The Facebook data is a collection of ego networks downloaded from the SNAP 
repository. In this dataset, the nodes are the users, and the edges are the friendship or social 
connections between users. The proposed set of features is robust enough to analyse our 
dataset, which displays features such as high clustering, scale-free degree distribution and 
community structure; thus, it can be used to test link prediction algorithms in real-world 
situations. The dataset consists of thousands of nodes and edges, all with different levels 
of connectivity, thereby posing problems of sparsity and class imbalance.

The Epinion dataset is a set of trust relations among users of an online review site. 
This data set can be interpreted as a directed graph where the nodes are the users and 
the edges are the trust relationships. Here, however, unlike undirected social networks, 
a second layer of difficulty is added to the link prediction problem due to the directional 
aspect of the dataset that demands distinguishing between the source and destination node. 
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The dataset is sparse too: you have a huge number of possible couples of nodes but a tiny 
number of linked nodes.

Both datasets are preprocessed before model training, which has the purpose of ensuring 
data quality and uniformity. To discard redundancy, duplicate edges are removed, and 
missing or inconsistent values are handled accordingly. Follower and followee counts and 
various connectivity metrics of nodes are normalised to be comparable among nodes. The 
datasets are then divided into training and testing sets by performing k-fold cross-validation 
with k=5. This way, each sample is used to test and train different times, leading to a more 
reliable evaluation of the model. 

The imbalance between classes is handled by having a balanced number of positive 
(existing links) and negative (non-existing links) samples when training. This avoids the 
model from favouring the majority class and helps the model detect more viable links.

Evaluation Metrics

For a thorough assessment of the proposed model, several performance measures are used. 
Traditional measures including accuracy, precision, and recall are also reported, as well 
as other measures such as F1-score and Area Under the Receiver Operating Characteristic 
Curve (AUC-ROC) that evaluate certain features of the model.

The accuracy evaluates the ratio between the number of correctly predicted links and 
the total number of links predicted. But also, in the case of an unbalanced class, accuracy 
could be misleading. Precision is the number of true positive links predicted by the model 
out of all positive links predicted by the model, and it captures how well the model avoids 
false positives. Recall is the ratio of true positive predicted links to all the true positive 
links in this network, showing how many true links the model can find.

The F1-score is introduced to compromise the precision and recall and acts as 
a single metric to consider both false positives and false negatives. It is given as: 
F1 = 2 * (Precision × Recall) / (Precision + Recall).

This measure is particularly useful in link prediction when the link distribution is 
highly skewed. A high F1-score means that the model finds the right balance between 
precision and recall.

The AUC-ROC score is a measure of the model’s ability to separate positive and 
negative classes for different classification thresholds. It is a plot of the true positive rate 
(y-axis) against the false positive rate (x-axis), and the area under the curve considers the 
overall discriminative power of the model. Higher AUC values indicate better performance 
in the sense that a higher proportion of positive examples will be ranked before negative 
examples.

By adding the above metrics, the evaluation of the model performance is more faithful, 
and the advantages and disadvantages of the model, especially in large-scale imbalanced 
network environments, are more obvious. 
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Statistical Validation
To avoid the observed improvements being just caused by noise, statistical validation in the 
form of significance testing is applied. We carry out the paired t-test to investigate whether 
our model is significantly superior to the baseline methods on several cross-validation folds. 

In this test, the null hypothesis is that the proposed method does not perform statistically 
better than the baseline methods. The test calculates the differences in performance 
measures (accuracy, F1-score, etc.) for each fold, and it tests if the average difference is 
statistically significant. 

The p-value of the test represents the probability of getting the results under the null 
hypothesis. When p < 0.05, it indicates a statistically significant difference in performance, 
meaning that the proposed model outperforms the baseline methods with high confidence.

This statistical validation convincingly reinforces the soundness of the experimental 
results and the superiority of the proposed method with proven consistent improvements 
rather than just incidental ones. It also lends quantitative credibility to the better performance 
claims. Extensive experimental results show that the proposed hybrid framework achieves 
better performance than the conventional and state-of-the-art baselines on all evaluation 
criteria for all datasets. The combination of graph filtering, probabilistic ranking, and 
optimisation-based classification allows the model to capture the structural and contextual 
information of social networks simultaneously.

In contrast to latent embedding-based methods like Node2Vec, DeepWalk, etc., our 
solution is interpretable and not based on latent representations only. Although Graph Neural 
Networks perform well, they are computationally intensive and require large training data. 
Instead, our proposed model is computationally more effective and interpretable while 
achieving competitive or better results, as shown in Figure 2.

Figure 2. Visualisation of the Facebook data using the Python digraph visualisation library
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It also shows that the proposed approach is not sensitive to data variation, because the 
performance is consistent across different folds. Additional evaluation metrics and statistical 
verification demonstrate that the method is reliable and efficient.

Table 4 represents the graph data filtering using the adjacent nodes for the missing 
edge detection. From the table, it is noted that the different iterations are visualised with 
the number of missing edges.

Table 4 
Filtering missing edges in the social networking data 

No of Iterations Missing Edges Edges left
iteration: 0 Len of missing edges: 0 edges left: 1768149
iteration: 50 Len of missing edges: 50 edges left: 1768099
iteration: 100 Len of missing edges: 100 edges left: 1768049
iteration: 151 Len of missing edges: 150 edges left: 1767999
iteration: 200 Len of missing edges: 200 edges left: 1767949
iteration: 250 Len of missing edges: 250 edges left: 1767899
iteration: 300 Len of missing edges: 300 edges left: 1767849
iteration: 350 Len of missing edges: 350 edges left: 1767799
iteration: 400 Len of missing edges: 400 edges left: 1767749
iteration: 450 Len of missing edges: 450 edges left: 1767699

Figure 3 illustrates the probability of the source node feature occurrence in the 
contextual relationships with the destination node for the link prediction process.

Figure 4 illustrates the shortest path feature and its visualisation in the contextual 
relationships with the source and destination nodes for the link prediction process.

Figure 3. Probability of source node feature of the 
proposed model

Figure 4. Shortest path feature and its visualisation
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Figure 5 represents the Jaccard similarity 
of follower count. Here, each source and 
destination node's followers are computed 
using the Jaccard similarity measure for the 
link prediction process.

Interpretation of Feature-Based Result 
Figures

Figures 3, 4, and 5 provide an in-depth 
representation of the most important features 
in the proposed link prediction framework 

Figure 5. Jaccard's follower count

and show how these features can be exploited to find potential links in large online social 
networks. In Figure 3, the distribution of the source node feature has a mass in the left part 
and rapidly decreases. Such shaping means that a minority of nodes holds a high probability 
to start links, which is consistent with real-world social networks where a minority of 
“influencer” nodes or “hub” nodes dominate the link formation. This sparse spreading in 
the later areas also serves as a proxy to show that most of the nodes in the network are of 
low influence, requiring probabilistic ranking to separate useful nodes from useless ones.

Figure 4 shows the shortest path feature and its visualisation: the distribution shows 
that most pairs of nodes are connected by a path of length that is considerably short, 
though a small number of node pairs travel along longer paths. This behaviour validates 
the theoretical assumption of proximity-based link prediction, which predicts that nodes 
with short path distances are more likely to establish immediate links. The observed decay 
of values after a certain threshold indicates that long-distance node pairs are less attractive 
to link formation, which rationalises the filtering step of the proposed model that considers 
only the structural candidates. This characteristic of the method naturally decreases the 
computational cost without compromising significant connections.

In Figure 5, the Jaccard similarity of followers between source and destination nodes is 
shown. Randomised pattern with a few very prominent peaks, so that only certain node pairs 
have many co-followers. Such peaks also correspond to pronounced similarity regions in 
which the probability of link formation is high. Meanwhile, numerous low similarity scores 
emphasise that shared neighbourhoods in social networks are very sparse. This confirms 
the benefit of using similarity-based measures rather than just employing structural/ranking 
features since the latter alone may not capture all possible associations.

Overall, these results indicate that the proposed method can simultaneously model 
three important factors of link prediction, namely, node influence (Figure 3), structural 
proximity (Figure 4), and neighbourhood similarity (Figure 5). The complementary nature 
of these attributes explains the superior performance of the model, as it captures multiple 
facets of network dynamics rather than being influenced by a single indicator. 
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Table 5 
Sample training data using the probabilistic similarity measure and other features
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6194 255 1 0.002379 0.001125 0.000000 NaN 0.0 0.007595 0.000000 0.007595
6194 980 1 0.002379 0.001408 0.000000 NaN 0.0 0.007595 0.000000 0.037975
6194 2992 1 0.002379 0.002347 0.185185 NaN 0.0 0.007595 0.007634 0.000000
6194 2507 1 0.002379 0.009495 0.148148 NaN 0.0 0.007595 0.020356 0.035443
6194 985 1 0.002379 0.002598 0.000000 NaN 0.0 0.007595 0.000000 0.045570

Table 5. Proposed statistical accuracy on the Facebook dataset using the proposed 
link prediction model compared to the conventional models

Figure 6. Comparative analysis of the proposed link-
based prediction to the conventional link prediction 
approaches on the Facebook dataset

Figure 7. Proposed statistical accuracy on the 
Facebook dataset using the proposed link prediction 
model compared to the conventional models

Figure 6 represents the comparative analysis of the proposed link-based prediction 
to the conventional link prediction approaches on the Facebook dataset. As shown in the 
Figure, it is noted that the proposed approach has better Accuracy than the conventional 
approach on Facebook dataset.

Figure 7 represents the comparative analysis of the proposed link-based prediction 
to the conventional link prediction approaches on the Facebook dataset. As shown in 
the Figure, it is noted that the proposed approach has better recall than the conventional 
approach on the Facebook dataset.
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Figure 8 represents the comparative 
analys is  of  the proposed link-based 
prediction to the conventional link prediction 
approaches on t h e  eopinion dataset. As 
shown in the  figure, it is noted that the 
proposed approach has better recall than 
the conventional approach on the eopinion 
dataset.

Figure 9 represents the comparative 
analysis of the proposed link-based 
prediction to the conventional link prediction 
approaches on t h e  eopinion dataset. As 
shown in the  figure, it is noted that the 
proposed approach has better recall than 
the conventional approach on the eopinion 
dataset.

Figure 10 represents the comparative 
analysis of the proposed link-based 
prediction to the conventional link prediction 
approaches on the eopinion dataset. As 
shown in the figure, it is noted that the 
proposed approach has better precision 
than the conventional approach on eopinion 
dataset.

Equation 6 to Equation 10 allow a more 
in-depth comparison of our link prediction 
model with traditional and state-of-the-art 
approaches for Facebook and Epinion. 
Our extensive results demonstrate the 
effectiveness and robustness of the proposed 
framework in terms of generalisation ability 
under various evaluation settings.

Figure 6 is the overall comparison for 
the Facebook data, testing several models 
across cross-validation folds. The results 
clearly illustrate that the proposed approach 
is robust and superior to other baseline 
methods, including Naive Bayes, Logistic 

Figure 8. Proposed statistical accuracy on the eopinion 
dataset using the proposed link prediction model 
compared to the conventional models

Figure 9. Proposed statistical accuracy on the eopinion 
dataset using the proposed link prediction model 
compared to the conventional models

Figure 10. Proposed statistical accuracy on the 
eopinion dataset using the proposed link prediction 
model to the conventional models
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Regression, MLNN and other baselines. The improvement is consistent for all folds rather 
than an odd case, indicating that the model is not overfitting and the predictive power of 
the model is robust. This consistent superiority is a great testament to the power of the 
hybrid structure: filtering removes noise, probabilistic ranking encodes node importance, 
and min-cut optimisation finds more balanced partitions.

Figure 7 plots a magnification of statistical accuracy on Facebook. The values on the 
plots show that the accuracy of the proposed model is the best in all the cross-validation 
runs. There is a clear distinction between our proposed method and the competing models, 
but the difference is still realistic, which means that it is a real performance increase and 
not just a fake one. The stable precision values over all folds for our model also show 
that our model generalises well and it is stable to different training and testing splits. This 
improvement is the result of considering only the structural and probabilistic features 
simultaneously, which carry more informative features than classic models that were based 
on a very small number of features.

Figure 8 illustrates the recall comparison result on the Epinion dataset. The model 
achieves the best recall results for all other baselines in a stable manner. This shows that 
the proposed model is very good at finding true positive links. Since it is very important 
if one misses true potential links, results could easily be degenerated especially in sparse 
social networks. The improvement of recall is contributed by the probabilistic ranking 
scheme and the shortest path-dependent filtering, which guarantee that some structurally 
significant node pairs will be taken into the prediction.

Figure 9, it confirms the under-recall performance on the Epinion dataset in a more 
diverse setting. For Figure 8, the proposed method achieves the best recall for each fold. 
The small differences in recall values show that the result does not depend on the subsets 
of data and itdata, lies in the stability of the model. Conversely, some models vary, which 
suggests that they are sensitive to the distribution of the data and they do not generalise well.

Precision comparison on Epinion is shown in Figure 10. The proposed model achieves 
the highest precision for all the tests, which implies that the predicted links are more 
accurate having fewer false positives. This verifies the superiority of the optimisation-based 
classification stage that also uses kernel estimation and PSO in step 3 and enhances feature 
significance and class boundaries. When precision and recall of the system are both high, 
the system is said to be well balanced, and this result is also reflected in a higher predictive 
F1-score and consequently better prediction quality.

As can be seen from Figures 6 to 10, the results are stable, and the proposed model 
gets the best performance in accuracy, recall, and precision compared with the classical 
methods in both datasets. This is a uniform and systematic improvement over all cross-
validation folds, confirming that the proposed methodology is not only robust but also 
scalable for real-world scenarios of link prediction. The effect of integrating filtration, 
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probabilistic feature modelling, and optimal ensemble learning is a model that captures 
complex network patterns more effectively than other methods. 

Interpretation of the Improvement in Performance

The results demonstrate that our proposed method, Filtered-Based Online S-NFE and 
Node Link Prediction Approach, outperforms traditional machine learning methods as well 
as state-of-the-art methods in terms of different evaluation metrics on various datasets. 
The numerical improvements in Accuracy, Precision, Recall, F1-score and AUC-ROC 
demonstrate the superiority of the model, but the underlying factors that contribute to this 
better performance deserve a deep analysis.

The superior performance can be attributed to the multi-stage hybrid model of the 
proposed method that based on graph filtering, probabilistic ranking, and optimisation-
based classification. Unlike traditional approaches based on either structural similarities 
or learned embeddings, our model makes full use of probabilistic modelling of explicit 
structural information.

The first pass for graph filtering is crucial to enhance performance. As the search space 
is enlarged by including structurally relevant candidate node pairs, the model does not 
waste computations on distant, unrelated nodes. It is not only to improve computational 
efficiency but also to reduce noise in training data. As a result, the classifier is executed 
on a more discriminating portion of the data, which yields better prediction accuracy. 
The probabilistic ranking procedure improves the model to incorporate node influence 
defined in terms of followers, followees and connectivity patterns. These quantities really 
represent social reality, where nodes having more connections or exerting more influence 
have more chances to form new links. Rather than using simple similarity-based scores, 
the normalised ranking scores provide a more balanced and normalised perspective of node 
importance, allowing the model to better distinguish between potential and non-potential 
links. The last shell that integrates kernel estimation, Particle Swarm Optimisation (PSO), 
and Random Forest classification (RF) contributed most to the global performance. Kernel-
based estimation describes the distribution of feature values, and the framework accounts 
for the uncertainty and variability in the data. PSO optimises the feature weights and 
parameters, and the best features are given priority. By building on bagging, the Random 
Forest classifier further reduces overfitting and improves generalisation. Combining these 
components leads to a very strong and adaptable learning model.

In contrast to the conventional Naive Bayes and Logistic Regression machine learning 
approaches, our approach demonstrates clearly superior results. These baseline models 
either treat the features as independent or assume that the relationship is linear, neither of 
which can capture nonlinear interactions in a network. In contrast to the proposed method, 
which incorporates structural and probabilistic dependency and can analyse nonlinear 
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effects among variables. The current approach has significant advantages compared to 
embedding-based approaches, e.g., Node2Vec, DeepWalk, and so forth. Whilst embedding 
methods learn latent representations of nodes, they are typically not interpretable as there 
are no precise meanings attached to each dimension of the output vectors. In addition, such 
procedures rely heavily on hyperparameter tuning as well as on random walk schemes, 
which could be fragile when transplanted into different datasets. The proposed method 
instead uses predefined features and probabilistic statistics, which contribute to the higher 
level of interpretability of the model and make the analysis easier. Strong baselines for 
the link prediction task are the Graph Neural Network (GNN) based models. Such models 
can capture both node attribute and structural information with the help of deep learning 
architectures. However, this approach requires computationally intensive calculations and 
a large number of labelled examples. On the other hand, our approach attains competitive 
or superior results with significantly less computational expense and without excessive 
training samples. As such, this makes it more feasible for practical applications where both 
resources and labelled data are scarce. 

The advantages of the proposed framework are as follows:

Hybrid classification 
design

:  With the integration of filtering, feature extraction and optimised 
classification, the proposed model can capture diverse aspects 
of the network behaviours.

Interpretability : Predictions can be interpreted as in classical models on explicit 
features and within a probabilistic framework, as opposed to 
black-box DL models.

Efficiency : Due to the filtering step, the model's computational complexity 
is also reduced, making it feasible to apply the model to large-
scale networks.

Stability : It is natural to extend the proposed approach to the related 
technique called multiple learning and optimisation methods 
together under the guarantee of consistency in any case or 
stability.

Handling Space Data : The approach efficiently tackles class imbalance as well as the 
sparsity of the network issues relevant to the link prediction 
problem.
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Limitations 

Even though the proposed method is effective, it also faces several limitations that we would 
like to point out. The path-based assumption in the filtering phase may not be consistent 
with every link formation pattern, especially in heterogeneous or evolving networks. This 
way of thinning out does increase the efficiency, but it can also remove some true links 
that fail the test. The probabilistic ranking measures are, however, somewhat heuristic 
although interpretable. The weighting parameters used for such statistics need to be properly 
adjusted, and their results may be dataset-dependent. The performance could be further 
improved by applying adaptive or learning-based weighting strategies in the weighting 
process. Another limitation is that there is no deep learning of features. While the model 
is more interpretable, we show that a standard softmax layer does not fully exploit the 
representational power of deep learning. It is anticipated that integrating the above current 
framework with light neural-network-based machinery to capture non-linear rich patterns 
will boost its expressiveness without involving too much more overhead. This proves that 
the proposed method provides a good compromise between accuracy, interpretability and 
computational cost. With structural filtering, probabilistic inference, and efficient ensemble 
learning, the model addresses critical challenges for link prediction. The comparative study 
with state-of-the-art methods and discussion on the limitations validate the same for the 
efficacy and provide future direction for enhancements. To sum up, the revised results 
and discussion deepen the insight into the behaviour of the model, not only quantitatively 
substantiating it, but also qualitatively explaining its performance.

CONCLUSION

In this paper, we propose a filter-based link prediction approach with graph filtering, 
probabilistic ranking and optimisation-based classification in online social networks. The 
superiority of the proposed method over the previous one is clear in that the structural and 
contextual attributes are integrated wholly and comprehensively, which results in better 
performance in terms of prediction accuracy, precision and recall. Because the filter reduces 
the search space, the computation also enjoys a benefit, so the filter can also be applied 
to large-scale networks. The probabilistic ranking scheme also provides an interpretable 
perspective of node influentiality, which helps to better understand link formations. In 
addition, the kernel estimation, optimisation technique and ensemble learning-based 
processing can enhance the robustness and generalisation over different datasets. The 
experimental results show that our proposed method outperforms both traditional and state-
of-the-art baseline methods on real data, which proves its effectiveness for the real-world 
link prediction application. The work of the future can come from the proposed framework 
in several aspects. A promising direction would be to integrate deep learning models (e.g., 
Graph Neural Networks) for enhanced representational learning, while maintaining the 
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interpretability of the proposed approach. Furthermore, an additional extension would be to 
introduce dynamic and temporal social networks, where link formation is a function of time. 
Scalability may be attained by employing distributed and/or parallel computing techniques 
in the situation of extremely large graphs. 7.10 Using other data types in very complex 
network scenarios, the inclusion of other types of data, for example, text or multimodal data, 
may be helpful in further improving prediction accuracy. Finally, investigating adaptive 
weighting strategies for probabilistic ranking measures is a potential direction for further 
enhancing the flexibility and performance of the model across various datasets. 
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