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A B S T R A C T

Link prediction is one of the primary issues in the social network analysis

domain, focusing on predicting the emergence of future links. Among

state-of-the-art approaches, metaheuristic-based methods stand out, as they

can combine existing heuristic measures for link formation with greedy

exploration, thereby improving the effectiveness of future link prediction.

Many of these heuristics are designed based on the structural characteristics of

social networks. However, only a limited number of methods have incorporated

community structure, a fundamental property of social networks. In this

article, a novel link prediction method is introduced by integrating the

concept of community structure into the ant colony optimization algorithm.

Specifically, three common neighbor-based heuristics are extended to consider

the community structure and the distinct nature of intra-community and

inter-community relationships. These enhanced heuristics are then utilized

in the ant colony optimization search mechanism. The effectiveness of the

proposed method is evaluated against several benchmark techniques using

nine real-world datasets. The results demonstrate the outperformance of the

presented approach considering AUC and precision comparison metrics.

1 Introduction

Social networks are composed of individuals and the
interactions or relationships between them. These sys-
tems are typically modeled as graphs, where nodes rep-
resent individuals and edges represent their relation-
ships [1]. A key challenge in social network analysis is
the link prediction problem. As social networks evolve
over time, through the addition of nodes and links,
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link prediction serves as a valuable tool for under-
standing the mechanisms that drive their evolution [2].
The formation of new links depends on both the cur-
rent structure of the network and the characteristics
of its nodes. Community structure is one of the main
inherent properties of social networks. Communities
are densely connected subgroups of nodes where intra-
community links are strong, and inter-community
links are relatively weak [3]. Examples of communities
include circles of friends in friendship networks and
clusters of researchers connected by shared research
interests in co-authorship networks [3]. This tendency
for connections to form between similar nodes is also
explained by the principle of homophily[4], where,
analytical assessments reveal individuals with many
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common characteristics (age, job, gender) usually in-
teract with each other more densely in comparison
with those that do not have common features [5]. Link
prediction methods can be classified into several cat-
egories, including similarity-based, probabilistic and
statistical, meta-heuristic-based, matrix factorization-
based, and machine learning technique-based meth-
ods [6–10]. Among these, similarity-based approaches,
which utilize local link-structural measures to calculate
node similarity, are notably run-time efficient. How-
ever, their heuristic nature does not guarantee effec-
tive prediction outcomes [6–8]. Nature-inspired meta-
heuristic methods can address this limitation by com-
bining their powerful greedy exploratory search with
various local and non-local link structural heuristic
measures. Additionally, their scalable time complexity
makes them suitable candidates to be applied for link
prediction in social networks [11]. Ant Colony Opti-
mization (ACO), introduced by Dorigo et al. [12], is a
prominent nature-inspired algorithm based on swarm
intelligence. Modeled on the collective foraging behav-
ior of ants, ACO leverages key mechanisms such as
positive feedback, distributed computing, and greedy
heuristic search [13]. While several ACO-based meth-
ods for link prediction have been proposed [11, 13–16],
a significant gap remains: none explicitly incorporate
the community structure inherent to social networks.
Based on the preceding discussion, in this study, a new
ACO-based method considering the community struc-
ture property of the social networks is proposed for
link prediction. The proposed approach leverages this
structure by modeling the distinct effects of existing
intra-community and inter-community relationships
on future link formation. While intra-community links
are critically important, inter-community connections
also provide significant signals and must not be ne-
glected. To address this, three new community-aware
local similarity-based measures are proposed, which
are applied for computing the heuristic values of the
edges in the ACO. The contributions of this study are
outlined as follows:

• Three existing local measures—Common Neigh-
bors, Resource Allocation, and Jaccard— are ex-
tended based on the community structure infor-
mation and different essences of intra-community
and inter-community relationships.

• Three versions of ACO are proposed in which
the three mentioned proposed community-based
measures are applied as the exploitation ability
of ACO, for link prediction in social networks.

• A new fitness function proper for link prediction
is proposed considering the community structure
of the social networks.

The rest of this article is organized as follows. The
related works are reviewed in section 2. In section

3, the proposed method is discussed. The details of
the experiments on nine real-world datasets for the
proposed method and benchmark ones are presented
in section 4. Finally, the study is concluded in section
5.

2 RelatedWorks

In recent years, various methods have been proposed
for predicting future links in social networks. These
methods can be broadly categorized into similarity-
based methods, probabilistic and statistical methods,
meta-heuristic-based methods, matrix factorization-
based methods, and machine learning technique-based
methods. The last category itself includes various sub-
categories, including classic classification-based meth-
ods, classic clustering-based methods, deep learning-
based methods, graph neural network-based meth-
ods, and reinforcement learning-based methods [6–10].
These categories differ in terms of runtime complexity,
the type and amount of information they require, and
the mechanisms they employ for link prediction.

• Similarity-based methods: In the similarity-based
methods, the heuristic assumption is that nodes
tend to form links with similar nodes. Accord-
ingly, a similarity measure is defined to calculate
a score representing the similarity value between
every two nodes of the social network. After com-
puting these scores, the node pairs with the high-
est similarity values are recommended as the most
likely future links [6–10]. The existing similarity
measures are divided into three categories: local,
global, and quasi-local [6–10]. In local similarity-
based methods, local link structural information
about nodes is applied to compute similarity val-
ues. Common neighbors [17], Adamic-Adar in-
dex [18], Jaccard index [19], and resource allo-
cation index [20, 21] are considered in this cate-
gory. These methods are more runtime efficient
and more parallelizable than non-local methods;
nevertheless, they are less effective because they
rely solely on local structural information. Global
similarity-based methods apply the global char-
acteristics and link structural details of the whole
network to compute the scores of every pair of
nodes. Due to having a more global view of the
network in calculations, the effectiveness of pre-
dictions in this category of methods is higher than
the local methods. However, they have higher
time complexity, making them less scalable for
large networks. Additionally, the parallelization
of global methods is more challenging. Negated
Shortest Path [22], Katz index [23, 24], random
walk [25], random walk with restart [26], and flow
Propagation [27] are considered in this category.
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The quasi-local methods strike a balance between
local and global approaches. Their runtime com-
plexity is closer to that of local methods, but they
incorporate additional topological information,
enhancing their effectiveness. Local path index
[28], local random walk [25], FriendLink [29], Mu-
tual Influence Random Walk (MIRW) [30], and
asymmetric influence-based superposed random
walk [31] are considered in this category. Some of
the methods exist in this category are presented
based on community structure, offered to improve
effectiveness or run time efficiency [10], which are
discussed under Section 2-2.

• Probabilistic and statistical methods: In proba-
bilistic and statistical methods, statistical anal-
ysis and probability theory are applied for link
prediction. First, a model is constructed based on
an assumed network structure, where the model
parameters can be estimated according to that
structure. Next, these computed parameters are
applied to the probabilistic prediction of future
links, where the possible links are ranked based
on the probabilistic values [6–8]. The hierarchical
Structure Model [32] and Stochastic Block Model
[33, 34] are considered in this category. The main
drawback of these methods is their high time
complexity [6–8].

• Meta-heuristic-based methods: Nature-inspired
meta-heuristics can do greedy search based on any
similarity-based measure to compute the similari-
ties between nodes. Accordingly, the effectiveness
of the applied similarity-based measures may be
increased, while at the same time, the runtime
complexity of nature-inspired heuristics methods
is proper for running on social networks [6, 35].
Two important subgroups of these methods are
evolutionary algorithms and swarm intelligence-
based algorithms. The genetic algorithm is one of
the most well-known and widely applicable evo-
lutionary algorithms, which is applied in some
studies to predict future links [36–40]. Swarm in-
telligence algorithms are inspired by the behavior
of natural populations such as birds, ants, and
fish, which are used to solve complex optimiza-
tion problems. ACO algorithm is one of the most
widely applied methods in this category. The ad-
vantages of the ACO include positive feedback
through the communication between ants, dis-
tributed computing, and greedy heuristic search
[13]. In this research, the ACO algorithm is con-
sidered for link prediction. Given that this study
focuses on applying the Ant Colony Optimization
(ACO) algorithm, a detailed discussion of related
works is provided in Subsection 2.1.
• Matrix factorization-based methods: Dimension-

ality reduction plays a vital role in link prediction

tasks, as it simplifies complex, high-dimensional
graph data. This simplification is particularly
beneficial for large-scale datasets, where process-
ing and analysis can be computationally chal-
lenging. By creating a lower-dimensional repre-
sentation, the data becomes more manageable,
leading to gains in processing speed and poten-
tially enhancing the predictive effectiveness of
models. A widely adopted technique in this do-
main is matrix factorization. This method in-
volves decomposing a matrix representing the
graph to generate embedding vectors for nodes,
which subsequently facilitate the efficient pre-
diction of missing links [9, 10]. While numerous
matrix factorization-based methods have been
introduced in recent years [41–45], the approach
has notable drawbacks. A primary limitation is
its strong reliance on approximating the observed
network with a low-rank matrix—an assumption
that may not hold for networks with intricate,
non-linear structures. Additionally, the factoriza-
tion process can be computationally intensive,
and without proper regularization, it is prone
to overfitting, especially in the context of large
networks [10].

• Machine learning technique-based methods: Ma-
chine learning is applied to link prediction, lever-
aging its capabilities across diverse domains. A
common approach involves feature engineering,
where informative characteristics are extracted
from network data. These features serve as input
for learning algorithms designed to estimate the
likelihood of a link forming between two nodes.
The existing literature on machine learning-based
link prediction can be broadly classified into sev-
eral categories, including classic classification-
based methods [46–49], classic clustering-based
approaches [50, 51], deep learning models [52–
56], Graph Neural Network (GNN)-based tech-
niques [57–62], and methods utilizing reinforce-
ment learning [63–65].

2.1 Ant Colony-Based Link PredictionMeth-
ods

In [13], an ACO-based method is proposed for link
prediction, where, first, the complete graph of the so-
cial network named the logical graph is constructed.
Next, an initial pheromone value and a heuristic value
are assigned to every link of the logical graph. Eventu-
ally, a set of iterations begins, where in each iteration,
ants find their paths considering the pheromone and
heuristic values. At the end of every iteration, the
pheromones of the links of the path are updated based
on the quality of that path. The final pheromone of
every link would be equivalent to the similarity score
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of two endpoint nodes of that link. In this method,
the initial value of the pheromone of every link in the
logical graph is determined based on the presence or
absence of that link in the main social network graph.
Also, the initial value of the heuristic of every link is
determined based on the number of common neigh-
bors between two endpoint nodes in the main social
network graph. In the method presented in [11], ACO
is applied in the network subgraphs detection phase.
This method is presented based on the fact that mem-
bership in the same subgraph structure means the
similarity between the nodes of that structure, and
this heuristic can be applied to predict the future links
between the nodes. These subgraphs are the tringles
of the network, and the probability of link formation
between their belonging nodes is higher. By detecting
the triples of the network using ACO, a pheromone
is assigned to the links of the logical graph, which
is applied to assign a score to the links for link pre-
diction. In [14], quantum computing and ACO are
combined for link prediction. Accordingly, a heuristic
value named visibility of link and a pheromone value
is assigned to every link in the logical graph. Moreover,
a quantum pheromone value is set for every node. In
each iteration of the ACO, ants explore their paths
considering these three values. At the end of the iter-
ations, based on both mentioned values of every link,
the similarity score between each pair of nodes is ob-
tained. The initial value of the pheromones is set equal
to the same constant value. Also, the initial value of
the visibility of links is determined based on the de-
gree of common neighbors of the two endpoints of ev-
ery edge. Quantum pheromone values are determined
based on the quantum bits in quantum computing. In
[15], the chaotic perturbation model and ant colony
optimization are combined to predict the missing links.
Accordingly, ants detect missing links through quasi-
local information of nodes and link weights, while a
chaotic perturbation is applied to keep the ant colony
from being trapped in local optimums. This strategy
leads to higher prediction accuracy as demonstrated
by conducted evaluations. In [16], a complete logical
graph containing nodes and missing links of the graph
are constructed, to be traversed by the ants in the
ACO. Pheromone of every link is updated based on
the Euclidian distance between nodes, and the heuris-
tic value is determined based on the degree of nodes
and their common neighbors. At the end of every it-
eration, the pheromones of the links of the path are
updated based on the quality of that path.

2.2 Community-Based Link Prediction
Methods

The similarity scores between pairs of nodes can be
calculated based on the different characteristics of the

social network structure. One of the main characteris-
tics of the social networks is the community structure
where there are strong relationships within communi-
ties and weak relationships between communities. This
important property has been considered in the process
of link prediction in some studies of this domain. In this
regard, the method presented in [66] as a community-
based statistical method and the method presented in
[67] as a supervised learning-based method can be men-
tioned. Moreover, the methods presented in [68–70]
have developed the global similarity-based measures
to be community-based. Since the goal of the current
study is to combine the local similarity-based mea-
sures with the meta-heuristic-based ACO algorithm,
in the following, the existing community-based local
similarity-based link prediction methods are reviewed
in more details. The general idea of all these methods
is to extend the local similarity-based measures based
on the number of common neighbors between pairs of
nodes, considering the community structure. In this
regard common neighbors within the same community
as a pair of nodes are treated differently from common
neighbors belonging to other communities. In some of
the presented methods, after obtaining the community
structure of the network, the similarity score is calcu-
lated only for pairs of nodes inside the communities
[71, 72], while in other methods, predicting the links
between different communities is also of concern [73–
77]. In the methods presented in [71] and [72], first,
the community structure of the network is determined.
Next, by finding the similarity scores between the pairs
of nodes within each community, the links that will be
formed in the future within the communities, are pre-
dicted. In [71], after community detection, for every
node i in every community, a set of candidate nodes for
link establishment is selected. These candidate nodes
are the ones that are in the same community as node
i, their distance from node i is less than or equal to
the average shortest path of the social network, and
their degree is greater than or equal to the degree of i.
Then, based on a new similarity measure, which is de-
fined considering the common neighbors of two nodes,
the similarity score of every node i with its candidate
nodes is calculated. Eventually, pairs of nodes whose
calculated similarity score is higher than a threshold
value are recommended as a future link. In [72], nine
local similarity-based measures are extended based
on the community structure. The extended similarity
measures are calculated only for pairs of nodes within
the same community. Since all these local measures
are defined based on the number of common neighbors,
the idea of extending them based on the community
structure, is to first divide the common neighbors of a
pair of nodes into two groups of: a) members of the two
nodes’ community and b) none-members, and next,
applying the numbers of these two groups in the equa-
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tions based on the different weight factors. Although
with a higher probability, the future links are those
that are formed within communities, the prediction of
edges between communities is also important, and not
considering them is a limitation. This limitation has
been addressed in some studies [73–77]. In [75], a sim-
ilarity measure is proposed to be calculated between
each pair of communities based on whether every two
nodes and how many of their common neighbors are
members of these two communities. This measure is
combined with a similarity-based measure for pairs of
nodes to determine the probability of link formation
between nodes. In [73], similarity-based local measures
are extended based on the community structure of the
social network. In this regard, after identifying the
network’s communities, common neighbors between
pairs of unconnected nodes and their communities are
identified. For every common neighbor of pairs of un-
connected nodes that are in the same community as
those nodes, their similarity score in the applied mea-
sure is increased. Accordingly, the existing nodes and
their neighbors in the same community are consid-
ered more important. In [76], the common neighbors
similarity-based measure is extended so that, for every
pair of nodes, the number of their common neighbors
is added to the number of their common communities.
In [77], two different threshold values are determined
for the local similarity score between pairs of nodes
a) inside the same community, and b) belonging to
two communities. If the similarity score of a pair of
nodes is higher than this value, a possible future link
is predicted. To determine the threshold values, first,
the similarity scores between all pairs of nodes are
determined; next, the pairs of nodes are divided into
two categories: intra-community and inter-community.
Eventually, the threshold values are determined so
that the same percentage of every category is selected
as future links. In [74], the common neighbors of a pair
of nodes are divided into four categories, according to
whether the two nodes are in the same community or
not, and whether the community of each of their com-
mon neighbors is the same as the community of the
two nodes or not. To determine the similarity score
between pairs of nodes, a function is assigned to each
common neighbor. The similarity score is then calcu-
lated as the weighted sum of the function values of the
common neighbors, with a distinct weight assigned
to each category of common neighbors. All the men-
tioned methods in [71–77] has been compared with
their basic versions and the evaluation results demon-
strate their superiority. However, no experimental or
analytical comparison between the mentioned meth-
ods has been presented. In this study, an ACO-based
algorithm is presented that considers the community-
based local similarity-based measures. In this regard,
through presenting various heuristics functions based

on extended local similarity measures, local methods
have been applied, and through leveraging the inter-
action, cooperation, and feedback among ants during
each iteration of the ACO, the algorithm harnesses the
power of meta-heuristic methods for efficient greedy
search.

3 Proposed Method

An undirected, unweighted social network is modeled
as a simple graph G = (V,E), where V is the set of
nodes, and E is the set of existing links of the social
network. All the possible links of such a graph form

the set U , whose size, for N = |V |, is |U | = N(N−1)
2 .

Link prediction is the problem of determining the links
that will be formed in the future in the social network.
Such links belong to the set U − E. In this study,
the pheromone, heuristic, and fitting function of the
ACO algorithm are redefined to make a community-
based model for predicting links in social networks.
To apply the ACO on the social network graph, the
graph G = (V,E) is converted to a complete graph
GC = (V,EC), where all the nodes are connected to
every other node (Fig.1). Accordingly, all the possible
paths for the ants to explore are considered. As every
link in the complete network is assigned a heuristic
value and an initial pheromone, ants will tend to
move in paths with higher pheromone and heuristic
values than other paths. The proposed community-
based ACO is designed and implemented based on the
complete graph GC . The flowchart of this algorithm
is illustrated in Fig. 2, and its details are explained as
follows:

Pheromone matrix initialization: Having G =
(V,E) as the primary network graph, and CG =
{c1, c2, . . . , cm} as the communities of the network,
the initial values of the pheromone matrix τ = [τij ],
are assigned based on the adjacency matrix values
A = [aij ] (1 if a link exists between nodes, and 0 if
no link exists between nodes), and community matrix
values MC = [cij ] (1 if nodes are in the same commu-
nity, and 0 if nodes are in the different communities),
through equation 1:

∀vi, vj ∈ V, vi ∈ ci, vj ∈ cj ⇒

τij =


1 ci = cj , aij = 1

0.50 ci = cj , aij = 0

0.75 ci 6= cj , aij = 1

0.25 ci 6= cj , aij = 0

(1)

Heuristics matrix initialization: Heuristic val-
ues between nodes, denoted as η = [ηij ], are initialized
through one of the proposed community-based sim-
ilarity measures. These measures take into account



6An Ant-Colony-Optimization-Based Method for Community-Aware Link Prediction in Social Networks —M. Hosseini, A. Fatemi, et al.

    
a)                                              b) 

 
Figure 1. a) An Example Graph of a Network, and b) Its Corresponding Complete Graph.

the distinction between intra-community and inter-
community links. In following, these measures are
discussed:

(1) Community-based resource allocation measure
(CRA)
The modified ACO presented based on this mea-
sure is named CRA-ACO. To calculate this mea-
sure, three distinct scenarios should be consid-
ered: a) when two endpoint nodes of the link be-
long to the same community, η = [ηij ] is initial-
ized through equation 2; b) when two endpoint
nodes of the link belong to different communi-
ties, η = [ηij ] is initialized through equation 3;
c) When two nodes have no common neighbors,
regardless of whether they are in the same com-
munity or not, η = [ηij ] is initialized through
equation 4. The equations are as follows:

ηij = ά(ΣZ∈{Γi∩Γj},(Ci=Cj andCZ=Ci)
1

|ΓZ |
)

+ β́(ΣŹ∈{Γi∩Γj},(Ci=Cj and (CŹ 6=Ci or CŹ 6=Cj))

1

|ΓŹ |
)

+ ε

(2)

ηij =β́(ΣŹ∈{Γi∩Γj},(Ci 6=Cj and (CŹ 6=Ci or CŹ 6=Cj))

1

|ΓŹ |
)

+ ε

(3)

ηij = ε (4)

where, Γi and Γj are the set of neighbors of nodes
i and j respectively, |ΓZ | is the degree of node Z,
and ε is a constant value. As shown in equation

2, the first term is based on common neighbors
that belong to the same community as the two
target nodes, and the second term is based on
common neighbors that belong to a different
community from two target nodes. To differenti-
ate the weight of common neighbors within and
between communities, two coefficients ά and β́
are applied in calculating the final value of Γij
in both equations 2 and 3. Also, according to
equation 4, the role of weak links in forming new
links is considered.

(2) Community-based common neighbors measure
(CCN)
The modified ACO presented based on this mea-
sure is named CCN-ACO. To calculate this mea-
sure, three distinct scenarios is considered simi-
lar to the previously discussed measure: a) when
two endpoint nodes of the link belong to the
same community, ηij is initialized through equa-
tion 5; b) when two endpoint nodes of the link
belong to different communities,ηij is initialized
through equation 6; c) When two nodes have no
common neighbors regardless of whether they
are in the same community or not, ηij is initial-
ized through equation 4. Equations 5 and 6 are
as follows:

ηij = ά.|Z|+ β́.|Ź|+ ε (5)

ηij = β́.|Ź|+ ε (6)

where, |Z| represents the number of common
neighbors of nodes i and j that belong to the
same community as both nodes, and |Ź| is the
number of the common neighbors of nodes i and
j that are not at least in the same community
with one of them. ε is a constant value, and ά
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Figure 2. Flowchart of the Proposed ACO for Link Prediction.
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and β́ are applied coefficients to differentiate
between the weight of common neighbors within
and between communities in calculating the
final value of ηij .

(3) Community-based Jacquard measure (CJ)
The modified ACO presented based on this mea-
sure is named CJ-ACO. To calculate this mea-
sure, three distinct scenarios are considered here
as well: a) when two endpoint nodes of the link
belong to the same community, ηij is initialized
through equation 7; b) when two endpoint nodes
of the link belong to different communities, ηij
is initialized through equation 8; c) When two
nodes have no common neighbors regardless of
whether they are in the same community or not,
ηij is initialized through equation 4. Equations
7 and 8 are as follows:

ηij = ά.
|Z|

|Γi + Γj |
+ β́.

|Ź|
|Γi + Γj |

+ ε (7)

ηij = β́.
|Ź|

|Γi + Γj |
+ ε (8)

where Γi and Γj are the set of neighbors of nodes
i and j respectively, |Z| represents the number of
common neighbors of nodes i and j that belong
to the same community as both nodes, and |Ź| is
the number of the common neighbors of nodes i
and j that are not at least in the same community
with one of them, ε is a constant value, and ά
and β́ are applied coefficients to differentiate
between the weight of common neighbors within
and between communities in calculating the final
value of ηij .

(4) Resource allocation measure by Soundarajan
and Hopcroft [73] (SHRA):
In addition to the previously proposed versions
of the ACO algorithm, which are based on the
three measures introduced in this research, the
two measures proposed by Soundarajan and
Hopcroft [73] are also applied to initialize the
ηij values in the proposed ACO algorithm. This
provides a mechanism for comparison with ex-
isting community-based link prediction meth-
ods. In the first measure (SHRA) which is based
on resource allocation concept, first the com-
mon neighbors of two unconnected nodes are
identified, then the algorithm examines their
communities. If common neighbors with uncon-
nected node pairs are in the same community, a
positive score is assigned to them according to
the resource allocation measure. The proposed
ACO algorithm based on this criterion is named

SHRA-ACO.
(5) Common neighbors measure by Soundarajan

and Hopcroft [73] (SHCN):
To initialize a ηij value, in this measure, first, the
common neighbors of two unconnected nodes
are identified, then their communities are exam-
ined. If common neighbors with unconnected
node pairs are in the same community, a positive
score is assigned to them according to the com-
mon neighbors measure. The proposed ACO al-
gorithm based on this measure is named SHCN-
ACO.

Parameter discussion: In equations (2), (5), and
(7), which apply to node pairs within the same commu-

nity, the parameters ά and β́ weight the contributions
of common neighbors from inside and outside the com-
munity, respectively. If ά = β́, CRA behaves like RA.
For ά > β́, and with a relative increase in ά, nodes
within the same community as the two target nodes
gain a higher weight in producing results compared to
other neighboring nodes. In this research, based on the
previously discussed points, the goal is to relatively
reduce the influence of common neighbors in other
communities rather than completely eliminating their
impact. Therefore, the values ά = 0.6 and β́ = 0.4 are
set. Furthermore, in equations (3), (6), and (8), the re-
sults are calculated for node pairs that do not belong
to the same community. In this case, the term con-
taining ά is removed because all common neighbors
belong to other communities. However, considering
them with a weight of β́ neither eliminates their im-
pact nor considers it to be as significant as that of
common neighbors within the same community.

Calculating the selection probability of the
next node in a path: Having the initial pheromone
matrix and heuristics matrix, the probability of select-
ing the node vj , when the kth ant is in the node vi, is
determined based on equation 9:

pkij =
(τij)

α × (ηij)
β

Σa∈N(vi)(τia)α × (ηia)β
(9)

where, the α and β are controller coefficients that
are used to increase or decrease the influence of the
pheromone and heuristic weight in calculating the
probability of selecting a node.N(vi) represents the set
of neighbors of the node vi. The higher the probability
of a link according to equation 9, the more the ants
will choose that link in the forward path.

Evaluating the quality of the path traveled by
the ants: Based on the previously presented content,
every ant explores a path with a pre-defined size, l.
According to the flowchart in Fig.2, the number of
paths of length l equals m (the number of ants in
each iteration). In addition, a measure is needed to
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evaluate the quality of the paths traveled by each
ant considering intra-community and inter-community
links. When the traveled path by ant k is shown with
W (k) whereW (k) = (w1, w2, . . . , wl) andwi ∈ V , the
quality of the path is computed through equation 10:

Q(W (k)) =
1

|l|
ΣScore(eij) (10)

where, Score(eij) is obtained through equation 11:

∀ eij ∈W (k) : Score(eij) ={
1 ci = cj

0.50 ci 6= cj

(11)

Based on equations 10 and 11, it is observable that the
quality of the path traveled by ant k depends on the
type of navigated links. If the navigated link connects
two nodes in the same community, then a score of 1
will be assigned to it, and if it connects nodes of two
different communities, a score of 0.5 will be assigned
to it. Accordingly, the quality of the traveled path
is always a number between [0.5, 1]. The closer this
number is to one, the higher the quality of the path.

Updating the pheromones of links: In every
iteration, m ants travel the paths with length l. More
than one ant may pass a link between two nodes.
Accordingly, at the end of every iteration, the quality
of every link is calculated through equation 12:

∆τij(t) = Σmk=1∆τkij(t) (12)

where ∆τkij(t) is the pheromone change of the link
between nodes i and j by ant k, and is calculated
through equation 13:

∆τkij(t) = Q(W (k)) (13)

It can be seen that the more ants choose a link, the
more the pheromone of that link will be, and as a
result, its probability of being selected in the next
iteration is increased. Based on this, the pheromone
of each link is calculated as equation 14:

τij(t+ 1) = (1− ρ)× τij(t) + ∆τij(t) (14)

where the ρ is the evaporation parameter of the
pheromones. In fact, at the end of every iteration,
for every link, a percentage of the pheromone value
of the previous iteration remains, while some of
the pheromones evaporate. Then, the remaining
pheromone values for each link are aggregated with
the values of the pheromone changes obtained in
the current iteration and will update the pheromone
matrix. As a result, after each iteration, according
to the changes of the pheromone matrix, the prob-
ability matrix also changes, and the probability of
high-quality links increases.

Checking the final condition of the iterations:

Eventually, as the end condition of the iterations, one
of the following two conditions must be met:

(1) Reaching the maximum number of iterations of
the algorithm, displayed by MI.

(2) maxi,j |τij(t+ 1)− τij(t) < λ|

At the end of the algorithm, the final pheromone
matrix is considered as the similarity matrix. The
values in this matrix indicate the similarity scores
between nodes. Accordingly, the higher the values of
this matrix, the greater the similarity of the nodes in
the row and column corresponding to that similarity
value.

Time complexity: To discuss the time complex-
ity of the proposed algorithm, different parts of the
algorithm are considered separately. First, calculat-
ing the community matrix and the initial values of
the pheromone matrix is of O(n2) time complexity,
where n is the number of the nodes. To calculate the
initial values of the heuristic matrix based on each of
the mentioned measures (equations 2 to 8), determin-
ing the set of common neighbors of pairs of nodes is
needed. In Python, if the size of two sets is p and q, de-
termining the intersection of two sets is conducted in
O(min(p, q)). Accordingly, having the average degree
of the nodes in the network as k, the time complexity of
the heuristic matrix initialization is equal to O(n2.k).
Also, the time complexity of choosing a path by an ant
is O(n2). Accordingly, the time complexity for t times
of iterations, where in every iteration r ants choose
a path, is equal to O(rtn2). Eventually, the overall
time complexity of the algorithm is O(rtn2 + n2.k).
The provided time complexity assumes that the com-
munity structure of the network is already available.
If the community structure is not known, the cost of
community detection must be added to this time com-
plexity. However, since many community detection
methods are scalable, the overall cost of the algorithm
remains acceptable for running on social networks. For
example, the time complexity of label propagation-
based community detection algorithms is O(n+m),
where n is the number of nodes and m is the number
of edges [78].

4 Evaluations

Experiments are run to address the following main
questions:

• Do the proposed community-based similarity
measures outperform the existing community-
based and none-community-based similarity
measures in ranking the future links for link
prediction?

• Can the proposed community-based ACO method
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improve the effectiveness of the link prediction in
social networks by combining its greedy search
ability with local similarity-based measures en-
riched based on the intra-community and inter-
community information?

All the implementations are run in Python, applying
the networkX package [79]. Experiments are run on a
2.5 GHz Intel core i7 processor with 16 GB memory.

4.1 Evaluation Measures

To run the evaluations, the set of existing links, E,
is randomly divided into two sets ET and EP , where
E = ET ∪EP and ET ∩EP = ∅ . ET denotes the set
of training links and includes the 0.8 of existing links,
and EP denotes the set of test links. The needed sets
are summarized in Table 1. To have a fair evaluation,
the cross-validation method is applied here, where,
the existing links are randomly divided into k subsets
with the same size. The training and testing process
is repeated k times, and in each iteration, one set is
selected as the test set, and the rest of the sets are
selected as the training set [13]. In this research, the
value of k is considered equal to 10 based on similar
studies [13].

Accordingly, applied evaluation measures in this
study are as follows:

Area under curve (AUC) [68]: it is a widely ap-
plied measure to evaluate the link prediction algo-
rithms, and is presented through equation 15:

AUC =
ń+ 0.5.´́n

n
(15)

where n is the number of independent comparisons,
ń represents the number of times that the random
selection of a missing link (link withinEP ) has a higher
similarity score than the random selection of a non-
existent link (link within U −E), and ´́n represents the
number of times that their similarity scores are equal
to each other. The closer the value of the AUC is to
0.5, the higher the random behavior of that method,
and the closer it is to 1, the higher the effectiveness
of it.

Precision [68]: This measure is another widely ap-
plied one to evaluate the effectiveness of the proposed
algorithms in the link prediction field. This measure
is presented through equation 16:

precision =
Lr
L

(16)

where, L represents the number of links with the high-
est score among the predicted links and Lr represents
the number of these links that are inside EP (|L| ≤
|EP |). In the current study, and in line with existing
literature, |L| is considered equal to |EP |.

Table 1. Applied sets in the evaluations

applied sets Description

ET set of training links

EP set of test links

E = ET ∪ EP set of existing links

U set of all possible links

U − E set of none-existing links

U − ET set of none-observed links

4.2 Datasets

Applied datasets are presented as follows:

Karate [80]: This social network includes the re-
lationships of friendships between 34 members of a
karate club. Due to disagreements between the man-
ager and coach of the club, the nodes that represent the
members are divided into two different groups, which
has caused intra-community and inter-community
links in this network.

Dolphin [81]: This undirected social network com-
prises 62 bottlenose dolphins. These dolphins live in
small groups and communicate with each other using
sounds. The behavior of these 62 dolphins has been
studied for seven years. This network has two commu-
nities.

Football [82]: This network models American foot-
ball matches in American high schools. The nodes
and links in this network represent the teams, and the
games played between them, respectively. The teams
are divided into 12 different conferences so that al-
most every conference has between 8 to 12 teams. In
this network, the number of games played between
teams of the same conference is much more than the
number of games played between teams from different
conferences.

Books about American politics [83]: This net-
work contains information on the books sold on Ama-
zon during the 2004 presidential election. The nodes
represent the sold books and the links represent books
purchased by the same buyer. Nodes are in three cat-
egories: liberal, neutral, or conservative. The number
of links between books from one category is more
than the links between books from different categories.
These three categories represent the three communi-
ties in this network.

AstroPhysics collaboration network [84]: This
network contains the information of the e-print arXiv
considering the collaborations between authors of the
papers submitted to Astro Physics category. The in-
formation is from January 1993 to April 2003.



Research Article, 2026, Volume 13, Number 1 (pp. 1–21) 11

Twitter [85]: This dataset consists of the circles
from Twitter and it was crawled from public sources.
The dataset includes user profiles, circles, and ego
networks.

Email data from a European research insti-
tution [84]: This dataset includes all incoming and
outgoing emails between members of a large European
research institution. Members constitute the nodes
and the emails between them are the edges.

Facebook [85]: This dataset consists of ’friends
lists’ from Facebook including profiles, circles, and
ego networks.

Twitch Social Network (users of England)
[86]: This dataset includes the Twitch user-user rela-
tionships of gamers in England. Nodes are the users
and the links are the friendships between them. These
social networks is collected in May 2018.

Among the applied datasets, the ground truth com-
munity structure of Karate, Dolphine, Football, Books,
and email-Eu-core datasets are available. For the As-
tro Physics collaboration network, Twitter, Facebook,
and Twitch datasets, one of the most applicable com-
munity detection methods, louvain community detec-
tion method [87] is applied here.

The information on datasets is summarized in Table
2, and their degree distribution is presented in Fig.3.

4.3 Benchmark Methods

As described earlier, this study focuses on extending
the similarity-based local measures. Accordingly, first,
three local similarity-based measures, which are Com-
mon neighbors (CN) [17], Jaccard index (J) [19], and
resource allocation index (RA) [20, 21], are extended
considering the information of community structure.
These three proposed community-based measures are
called CRA, CCN, and CJ. Next, these three pro-
posed measures in addition to two existing community-
based measures (SHRA) proposed by Soundarajan and
Hopcroft [73], and SHCN proposed by Soundarajan
and Hopcroft [73],) are extended into an ACO-based
approach. Accordingly, the information of proposed
and benchmark methods is summarized in Table 3.

As it is demonstrated in Table. 3, two categories of
methods are adopted as the benchmark methods:

(1) Common neighbors (CN) [17], Jaccard index (J)
[19], and resource allocation index (RA) [20, 21]
as the local similarity-based measures.

(2) SHRA proposed by Soundarajan and Hopcroft
[73], SHCN proposed by Soundarajan and
Hopcroft [73], community-based resource al-
location measure proposed by Bai et al. [74]
(CMS-RA), and community-based common

neighbors measure proposed by Bai et al. [74]
(CMS-CN), as the extended similarity-based
measures considering community structure.
The difference between SHRA and SHCN with
CMS-RA and CMS-CN is that the first two
mentioned methods only calculate the similarity
between the pair of nodes in the communities,
while the last two mentioned methods calcu-
late the similarity between the pair of nodes
between different communities as well. The ad-
vantages of the first three proposed methods in
this study, CRA, CNN, and CJ, over CMS-RA,
and CMS-CN include: 1) adjusting the relative
importance of inter-community neighbors com-
pare to intra-community neighbors using two
different weights which their sum is one, and 2)
incorporating the parameter ε to consider the
role of current weak links in the formation of
future links.

In addition to the two aforementioned categories, an
ACO-based version of the RA measure (RA-ACO) is
also employed as a benchmark method. This approach
differs from other ACO-based methods in this study
in that its heuristic matrix is initialized using the RA
values of node pairs, without considering their commu-
nity co-membership. Similarly, the pheromone matrix
is initialized by setting each entry to 1 if an edge exists
between the two nodes, or to 0.25 otherwise. Conse-
quently, community information is not incorporated
into either matrix. RA measure was selected because
its community-based version in ACO has performed
better in most datasets.

4.4 Results and Discussion

To run the five versions of community-aware ACO-
based methods, value of different parameters of the
algorithm should be adjusted. Accordingly, ρ = 0.1,
ε = 0.1, ά = 0.6, and β́ = 0.4 are considered for all
datasets. To adjust α and β, α is varied from 0.75 to 3
in increments of 0.25, while for each value, β is varied
from 0.5 to 2 in increments of 0.25, and the best values
are determined for every dataset (Table. 4).

The precision and AUC results obtained by running
different methods on different datasets are presented
in Tables 5 to 8. Considering 10 different runs of ACO
and for every run, use of cross-validation, the mean
value of the results is reported for each dataset. For
the ACO-based results, the result intervals are also
provided.

The bold values in Tables 5 to 8 represent the max-
imum values among all methods for each dataset. As
shown, the mean precision and mean AUC obtained
by the CRA-ACO method are higher than those of
the other methods across all datasets except Dolphin
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Figure 3. Degree Distributions of the Datasets.
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Table 2. The Characteristics of the Applied Aatasets.

dataset Number of
nodes

Number of
links

Number of
communi-

ties

Average
degree

Diameter Density Clustering
coefficient
average

1 Karate 34 78 2 4.58 5 0.13 0.570

2 Dolphins 62 159 2 5.12 8 0.08 0.258

3 Football 115 613 12 10.66 4 0.09 0.403

4 Books 105 441 3 8.40 7 0.08 0.487

5 email-Eu-core 1005 25571 42 33.24 7 0.033 0.3994

6 Facebook 4039 88234 16 43.69 8 0.010 0.6055

7 Twitch of
England

7126 35324 17 9.91 10 0.0013 0.1309

8 ca-AstroPh 18772 198110 38 21.1 14 0.0011 0.63

9 Twitter 81306 1342310 70 33.01 7 0.0004 0.56531

and Football. According to the degree distribution
of the networks in Fig. 3, these two networks adhere
more strongly to a power-law degree distribution,
where not only the number of common neighbors but
also their degrees play a significant role.
By comparing the values of local similarity-based
measures and different versions of the proposed
ACO-based method, it is evident that when a local
similarity-based measure in these networks outper-
forms other methods, their corresponding ACO-based
version outperforms other ACO-based methods.
CRA-ACO and CCN-ACO methods have better
results than SHRA-ACO and SHCN-ACO meth-
ods. This issue demonstrates that considering inter-
community relations is an essential factor in improv-
ing the performance of link prediction methods. These
results are observed in community-based similarity
measures, where CRA and CCN, and CMS-RA and
CMS-CN outperform SHRA and SHCN due to con-
sidering the intra-community relationships. Moreover,
CRA and CCN methods produce better results than
CMS-RA and CMS-CN considering the applied im-
provements.
According to the precision and AUC results of differ-
ent datasets, it can be concluded that the proposed
approach outperforms others due to its combined
nature (local and community structure) and also
feedbacks from the ants at the end of every iteration.

5 Conclusions

Considering the importance of link prediction in the
social network domain, i.e., predicting the links that
will appear in the future in the network, extending the

local similarity-based method based on 1) information
of the community structure, and 2) the ability to get
feedback from the ants in ACO, is of concern in this re-
search to explore more accurate answers. Community
structure is one of the main characteristics of social
networks, based on which both intra-community and
inter-community relationships have their importance.
In the few studies, which have considered community
structure in the link prediction, often only the rela-
tionships within the communities are of concern and
the relationships between communities are not consid-
ered. By a combination of the mentioned approaches
in the ACO algorithm, a new method is proposed for
link prediction in social networks. Accordingly, three
new similarity measures are presented to initialize the
heuristics matrix of the ACO algorithm, which pre-
dicts the links in some iterations. To evaluate the per-
formance of the proposed method, several benchmark
methods and nine real data sets are applied. The re-
sults show the better effectiveness of this method for
networks.
In addition to the importance of link structure and its
related characteristics in link prediction, information
flow dynamics in social networks are very important
in this regard. Assessing the process of information
propagation between non-adjacent nodes can play an
important role in determining future links. Combining
this information with community structure informa-
tion in the proposed method is one of the future re-
search directions. Extending the idea of this research
to the link prediction in attributed social networks,
specifically signed social networks, is also one of the fu-
ture works. Applying the community-based ant-colony
approach to link prediction in dynamic and temporal
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Table 3. Summery of the Proposed and Benchmark Methods.

Proposed / Benchmark Method Description

1

Proposed methods, Not ACO-based

Community-based Jaccard index
(CJ)

community-based considering
both inter-community and

intra-community links

2 Community-based common
neighbors (CCN)

community-based considering
both inter-community and

intra-community links

3 community-based resource
allocation (CRA)

community-based considering
both inter-community and

intra-community links

4

Proposed methods, ACO-based

ACO-based version of the
proposed CJ (CJ-ACO)

community-based considering
both inter-community and

intra-community links

5 ACO-based version of the
proposed CCN (CCN-ACO)

community-based considering
both inter-community and

intra-community links

6 ACO-based version of the
proposed CRA (CRA-ACO)

community-based considering
both inter-community and

intra-community links

7 ACO-based version of SHCN
proposed by Soundarajan and
Hopcroft [73] (SHCN-ACO)

community-based considering
only intra-community links

8 ACO-based version of SHRA
proposed by Soundarajan and
Hopcroft [73] (SHRA-ACO)

community-based considering
only intra-community links

9

Benchmark methods

Jaccard index[19] (J) Non community-based

10 Common neighbors [17] (CN) Non community-based

11 resource allocation index [20, 21]
(RA)

Non community-based

12 community-based common
neighbors proposed by Bai et al.

[74] (CMS-CN)

community-based considering
both inter-community and

intra-community links

13 community-based resource
allocation proposed by Bai et al.

[74] (CMS-RA)

community-based considering
both inter-community and

intra-community links

14 community-based common
neighbors proposed by

Soundarajan and Hopcroft [73]
(SHCN)

community-based considering
only intra-community links

15 community-based resource
allocation proposed by

Soundarajan and Hopcroft [73]
(SHRA)

community-based considering
only intra-community links

16 ACO-based version of RA index
(RA-ACO)

Non community-based
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Table 4. Values of α and β for each Dataset.

dataset Karate Dolphins Football Books email-Eu-core Facebook Twitch of England ca-AstroPh Twitter

α value 1 1.5 0.75 1.5 2 2 1.5 1 1.75

β value 0.75 1 0.75 1.25 2 1.5 1 0.75 1.5

Table 5. Results of Mean Precision for None-Community-Based and Community-Based Methods.

Datasets J CN RA CMS-CN CMS-RA SHCN SHRA CJ CCN CRA

Karate 0.021 0.130 0.213 0.133 0.216 0.131 0.213 0.047 0.141 0.253

Dolphin 0.120 0.177 0.160 0.185 0.180 0.180 0.168 0.146 0.208 0.192

Football 0.418 0.396 0.382 0.421 0.436 0.463 0.428 0.507 0.509 0.499

Book 0.158 0.242 0.272 0.259 0.288 0.242 0.276 0.189 0.267 0.299

Email-Eu-core 0.292 0.312 0.329 0.358 0.370 0.354 0.362 0.348 0.364 0.371

Facebook 0.276 0.297 0.315 0.338 0.350 0.326 0.332 0.328 0.371 0.384

Twitch 0.144 0.168 0.168 0.184 0.189 0.179 0.181 0.166 0.190 0.194

ca-AstroPh 0.230 0.262 0.276 0.316 0.321 0.303 0.314 0.289 0.319 0.328

Twitter 0.146 0.161 0.176 0.224 0.229 0.207 0.211 0.165 0.227 0.236

Table 6. Results of Precision for ACO-Based Methods.

Datasets SHCN-ACO SHRA-ACO CJ-ACO CCN-ACO CRA-ACO RA-ACO

Karate
Mean 0.224 0.257 0.034 0.244 0.338 0.230

Interval [0.190,0.243] [0.226,0.272] [0.028,0.038] [0.215,0.264] [0.294,0.388] [0.194,0.255]

Dolphin
Mean 0.214 0.168 0.139 0.238 0.221 0.168

Interval [0.207,0.212] [0.149,0.181] [0.123,0.141] [0.228,0.249] [0.216,0.228] [0.142,0.179]

Football
Mean 0.461 0.464 0.527 0.539 0.524 0.468

Interval [0.434,0.492] [0.447,0.497] [0.488,0.552] [0.501,0.556] [0.593,0.546] [0.435,0.492]

Book
Mean 0.271 0.309 0.206 0.292 0.345 0.290

Interval [0.248,0.303] [0.277,0.335] [0.179,0.237] [0.261,0.334] [0.328,0.381] [0.256,0,329]

Email-Eu-core
Mean 0.380 0.383 0.371 0.394 0.404 0.377

Interval [0.364,0.405] [0.356,0,417] [0.356,0.398] [0.382,0.422] [0.383,0.426] [0.357,0.403]

Facebook
Mean 0.389 0.397 0.367 0.406 0.410 0.355

Interval [0.348,0.443] [0.349,0.456] [0.304,0.428] [0.367,0.458] [0.364,0.463] [0.312,0.399]

Twitch
Mean 0.194 0.206 0.186 0.226 0.237 0.187

Interval [0.123,0.275] [0.108,0.316] [0.101,0.258] [0.138,0.336] [0.159,0.340] [0.099,0.269]

ca-AstroPh
Mean 0.354 0.368 0.331 0.365 0.387 0.345

Interval [0.284,0.439] [0.301,0.457] [0.278,0.389] [0.306,0.440] [0.320,0.465] [0.300,0.418]

Twitter
Mean 0.273 0.289 0.262 0.286 0.305 0.269

Interval [0.253,0.304] [0.248,0.313] [0.251,0.279] [0.245,0.307] [0.252,0.328] [0.232,0.302]
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Table 7. Results of Mean AUC for None-Community-Based and Community-Based Methods.

Datasets J CN RA CMS-CN CMS-RA SHCN SHRA CJ CCN CRA

Karate 0.600 0.635 0.680 0.663 0.682 0.624 0.660 0.608 0.702 0.714

Dolphin 0.704 0.746 0.725 0.758 0.748 0.734 0.732 0.712 0.860 0.732

Football 0.819 0.827 0.804 0.828 0.821 0.824 0.811 0.827 0.838 0.809

Book 0.826 0.816 0.832 0.840 0.855 0.818 0.840 0.841 0.852 0.866

Email-Eu-core 0.877 0.884 0.892 0.901 0.911 0.893 0.897 0.898 0.911 0.915

Facebook 0.770 0.783 0.794 0.839 0.842 0.813 0.825 0.840 0.856 0.858

Twitch 0.672 0.695 0.707 0.718 0.726 0.712 0.724 0.690 0.728 0.731

ca-AstroPh 0.785 0.808 0.811 0.824 0.830 0.814 0.827 0.823 0.830 0.839

Twitter 0.721 0.743 0.751 0.771 0.779 0.767 0.774 0.760 0.788 0.798

Table 8. Results of AUC for ACO-Based Methods.

Datasets SHCN-ACO SHRA-ACO CJ-ACO CCN-ACO CRA-ACO RA-ACO

Karate
Mean 0.668 0.712 0.635 0.725 0.780 0.659

Interval [0.600,0.724] [0.656,0,730] [0.565,0.702] [0.678,0,758] [0.673,0.849] [0.561,0.749]

Dolphin
Mean 0.826 0.752 0.728 0.870 0.830 0.762

Interval [0.763,0.856] [0.674,0.832] [0.660,0.796] [0.831,0.910] [0.778,0.869] [0.696,0.814]

Football
Mean 0.849 0.843 0.860 0.879 0.846 0.841

Interval [0.817,0.870] [0.812,0.882] [0.837,0.893] [0.840,0.904] [0.808,0.877] [0.805,0.878]

Book
Mean 0.868 0.874 0.885 0.902 0.923 0.885

Interval [0.831,0.893] [0.830,0,902] [0.856,0.919] [0.868,0.935] [0.892,0.953] [0.833,0.922]

Email-Eu-core
Mean 0.909 0.914 0.902 0.924 0.939 0.903

Interval [0.897,0.915] [0.909,0.922] [0.894,0.917] [0.912,0.937] [0.926,0.945] [0.891,0.915]

Facebook
Mean 0.870 0.877 0.862 0.897 0.911 0.843

Interval [0.829,0.904] [0.822,0.913] [0.815,0.894] [0.850,0.931] [0.857,0.955] [0.809,0.890]

Twitch
Mean 0.738 0.744 0.715 0.750 0.761 0.737

Interval [0.611,0.825] [0.652,0.857] [0.590,0.803] [0.628,0.865] [0.654,0.896] [0.604,0.820]

ca-AstroPh
Mean 0.882 0.906 0.865 0.910 0.914 0.865

Interval [0.859,0.928] [0.875,0.925] [0.826,0.878] [0.874,0.936] [0.881,0.937] [0.817,0.884]

Twitter
Mean 0.808 0.821 0.794 0.819 0.832 0.807

Interval [0.745,0.875] [0.734,0.883] [0.717,0.866] [0.724,0.872] [0.784,0.896] [0.759,0.870]
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social networks represents another valuable direction
for future research. The application of deep learn-
ing approaches integrated with ACO for enhancing
link prediction in social networks represents another
promising direction for future research.

Availability of Data and Materials

The applied datasets in this study are publicly
available at https://github.com/vlivashkin/

community-graphs, https://snap.stanford.

edu/data/email-Eu-core.html, https://snap.

stanford.edu/data/egonets-Facebook.html,
https://www.kaggle.com/datasets/andreagarritano/

twitch-social-networks, https://snap.stanford.
edu/data/ca-AstroPh.html, https://snap.stanford.
edu/data/ego-Twitter.html.
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