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Abstract
Link prediction (LP), as an attempt to predict event-based future connections within a network, is the main task of social network
analysis (SNA). Accordingly, common LP approaches to forecast future connections utilize similarity metrics of non-connected
links in a static network representation. A general shortcoming of most existing research studies in this field is that they tap the
present condition of a system and fail to take any temporal events into account. Moreover; social networks are innately
evolutionary since they are assumed to be online, non-deterministic, and unforeseeable in most applications. Consequently, it
is not appropriate to employ deterministic models for examining actual social network problems. With regard to time-series LP
(TSLP) problems, temporal evolution of connection incidence is correspondingly exploited to predict connection chances at a
particular time. In this paper, a new TSLP method based on irregular cellular learning automaton (ICLA) and evolutionary
computation (EC) is proposed. In the evolutionary procedure suggested here, each vertex (i.e. cell) includes a genome as well as a
set of learning automata (LAs). Accordingly, the genome residing in a cell represents predicted links for the corresponding cell.
Local information among cells in successive time 1 to T in the network is then analyzed to predict future connections in time T +
1. According to the distributed feature of the recommended approach, each genome is locally developed by a local search. The
experiments in this study via e-mail and co-authorship networks ultimately show that the proposed algorithm leads to remarkable
outcomes in predicting future connections.
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1 Introduction

Since links among individuals on cyberspace are growing
daily, useful information is being made available for analyzing
social networks. In this respect; link prediction (LP) has been
recognized as one of the leading topics in studies of social
network analysis (SNA), which can be explained as the eval-
uation of a possible connection between two separate

individuals in the future [1–5]. Typically, such possibilities
can bemeasured through similarities or relative ranks between
node pairs. The existing approaches to LP are also classified
into two categories of (1) similarity-based and (2) learning-
based approaches.

The similarity-based approaches are also grouped into
three sub-categories including (1) node-based [6–8], (2)
topology-based [9], and (3) social network criteria-based sim-
ilarity methods [10–14]. The node-based similarity metrics
calculate similarity of two nodes according to actions and
interests they share [7]. Additionally, the topology-based sim-
ilarity metrics analyze similarity of two nodes using structural
features of a social network such as the shortest path length or
the number of common neighborhoods between two nodes
[9]. Lastly, the social network criteria-based similarity ap-
proaches employ notions of social networks such as commu-
nity and clustering factor to measure degree of similarity
among nodes [10, 11].

Tapping the features provided by internal attributes,
similarity-based metrics, and external information; another
group of methods called learning-based similarity methods
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has been lately introduced which can be classified into four
groups: (1) feature-based classification methods [15–18], (2)
probabilistic graph-based models [19, 20], (3) matrix factori-
zation [21], and (4) learning automaton (LA)-based models
[22–24].

The model presented in this paper is a learning-based ap-
proach that utilizes irregular cellular LA (ICLA) and evolu-
tionary computation (EC), shortened as ICLA-EC.

In accordance with artificial intelligence, an evolutionary
algorithm (EA) is a sub-group of ECs, which is known as a
meta-heuristic optimization process based on a population.
Using a population of candidate solutions, EAs aim to find
optimal ones. This population is thus assessed and the best
solutions are chosen to mate and to form the next generations.
Among several generations, there is also a number of proper
trait augments, leading to a growth in quality of solutions.
Besides, an EA can be considered as a parallel one. In the
majority of parallel EAs (PEAs), tasks are classified into dif-
ferent parts which are then simultaneously solved using vari-
ous processors. Single-population fine-grained is a kind of
PEAs that includes just one population, while containing a
spatial structure restricting relations among individuals
[25–27]. In this kind of PEA, an individual can compete and
mate with its neighbors. However, appropriate results may
spread over the whole population, since neighborhoods over-
lap. In addition, it is common to put individuals of a PEA into
a 1, 2, or 3-dimensional regular grid. In [25], it has been
accordingly reported that such a system can be modeled via
cellular automata (CAs) with stochastic rules. In a CA model,
as a non-linear dynamic one, time and space are discrete. Each
cell in the CAmodel can also collect partial information about
others and the whole system. Moreover, the cell must decide
on the state changing by employing limited information;
therefore, uncertainty is entered into decisions. Learning in
decisions can also get over the mentioned uncertainty [28].
An adaptive decision-making algorithm i.e. LA can be further
used to learn optimal actions among a group of authorized
ones via interactions with a random environment [29]. To
improve local interactions of LA in a complicated system,
CA and LA algorithms are therefore merged and introduced
as a cellular learning automaton (CLA) [30]. The CLA is also
superior to a CA, since it attempts to learn optimal actions and
enhances learning processes via a collection of LAs that inter-
act together. The elimination of the regular structure of the
CLA also leads to a new model labeled as irregular CLA
(ICLA).

The combination of the CLA model and the EAs also re-
sults in a model called CLA-based EC (CLA-EC) [31]. Such
an algorithm can execute searches in large, complicated, and
multimodal environments.

In this research, a TSLP model, called ICLA-based EC for
TSLP (ICLA-EC-TSLP), is proposed. The ICLA-ECmodel is
a mixture of ICLA [32] and the evolutionary model [31]. In

this algorithm, the entire network is modeled as an ICLA, so
that each vertex (i.e. cell) is equipped with a cell of ICLA, and
there is a set of LAs in each vertex. For each vertex, the
probability of any future connection with a related one is an-
alyzed by each LA. A time sequence from 1 to T is considered
to predict connection incidence in time T + 1. Each LA in each
cell contains two actions to decide about the presence of the
corresponding connection at time T + 1. Therefore, the ICLA-
EC passes through time 1 to T to examine the presence of
corresponding connections. In each step, under a local rule,
a reinforcement signal vector is developed to feed the group of
LAs residing in a cell. Based on a learning procedure, each LA
in the cell can update the probabilities of its actions using the
received signal. The environment of time t also form the group
of the required predictions for time t + 1, computed using
local information of each cell at time t. The explained steps
are also repeated up to the time once a termination condition is
met. As the algorithm terminates, the genome in each cell
represents predicted links for a corresponding cell. The main
idea behind using the ICLA-EC in this work is that it utilizes
local interactions and learns optimal behaviors to adapt to
unknown environments.

According to empirical achievements, ICLA-EC-TSLP
surpasses other static LP techniques including Jaccard simi-
larity index (JC) [33], common neighbors (CN) [3], Adamic/
Adar index (AA) [34], preferential attachment (PA) [35],
quasi-local LP methods like local path [36], global LP
methods like Katz index [37], as well as the latest LP tech-
niques such as LA-TSLP [22], covariance matrix adaptive
evolution strategy (CMA-ES) [15], interaction prediction
(IP) [18], mutual information of network structure LP (MI-
LP) [17], autoregressive integrated moving average LP
(ARIMA-LP) [16], fuzzy LP based on distributed LA (FLP-
DLA) [24], ant colony LP (ACO-LP) [38], and vector auto
regression model (VAR) [39] both in precision and
performance.

The rest of the paper is organized as follows. Section 2
reviews relevant literature on TSLP. Section 3 describes
CLA and ICLA. Section 4 proposes ICLA-EC as a new mod-
el. In section 5, a new TSLP algorithm is introduced using
ICLA-EC. Moreover, the experimental study on predicting e-
mail and co-authorship links is presented in section 6. Finally,
section 7 summarizes the main conclusions of the paper and
discusses future directions.

2 Related works

In this section, a few previous research studies regarding ex-
ploitation of temporal information for LP are discussed in
brief.

Soares et al. [40] introduced a new proximity measure for
LP using the idea of temporal events. They thus used temporal
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events like creation, maintenance, or interruption of relations
between nodes in successive time periods. In their method, an
event-based score is also defined and then modified over time
by rewarding the temporal events identified among node pairs
and their neighbors. Furthermore, they performed several ex-
periments on co-authorship networks to assess the suggested
event-based system in an LP problem.

As another method to organize temporal information, it is
possible to consider LP as a time-series prediction problem
and set up a time-series for each node pair, in which every
series observation is defined as frequency of connection inci-
dence among nodes within a particular time [41]. In this re-
spect, an ARIMAmodel is used in [42] to produce time-series
predictions and to calculate probability of connection inci-
dence in the future. A new LP method utilizing both time-
series patterns and similarity algorithms is further introduced
by Huang et al. [16]. According to this algorithm, the time-
series data are created using LP at different times and the
ARIMA model could predict its subsequent value. The final
predictions are thus computed according to a mixture of pre-
dicted outcomes beside a selected similarity-based method.

Considering temporal similarity metrics and continuous
action-set learning automata (CALA), Moradabadi et al. [23]
introduced a new algorithm using various similarity metrics
and time periods. In this method, an LP problem is regarded as
a noisy optimization one and a group of CALA is applied to
find a solution to this problem. The acquired LP outcomes
also demonstrated that the suggested algorithm is appropriate
for some social network datasets. Similarly, another time-
series LP algorithm is proposed in [22], employing LAs to
predict existence or non-existence of connections at time
T + 1 via some similarity metrics from time 1 to T. Also, in
[24], an LP method based on FLP-DLA is proposed which
could estimate the strength of test links using the network
information. They also employed the strength of the test link
as the output of the LP method.

For LP in evolving networks, a new algorithm called
vector auto regression (VAR) for multivariate TSLP is
introduced by Özcan et al. [39], combining (1) temporal
network evolution, (2) node similarities, and (3) node
connectivity information. In this algorithm, available con-
nections and a computed similarity metrics are used for
each time. They also performed several experiments to
compare various similarity metrics.

In [15], a method is proposed to predict future connections
employing CMA-ES to enhance weights used in a linear mix-
ture of sixteen neighbors and node similarity scores. They
further analyzed a dynamic social network with more than
106 nodes. Ultimately, their proposed approach demonstrated
rapid convergence and high accuracy for the first twenty pre-
dicted connections.

In [18], a new LP problem is proposed for dynamic net-
works called interaction prediction (IP). The proposedmethod

has accordingly used feature selection and time-series forecast
to predict new links in the near future.

Employing information theory and mutual information of
social structure, a novel LP approach, which is called (MI-
LP), has been also introduced in [17]. They thus used ten
networks to analyze their method and compared it with six
common prediction algorithms. As well, the achieved out-
comes demonstrated an improvement in LP precision and a
logical computational complexity.

In [38] an unsupervised link prediction algorithm is intro-
duced based on an ant colony system. In the proposed ap-
proach, initially special subgraphs are identified as triangular
triads in the network. Then, their evolution is assessed so as to
predict new edges in the network. The ant colony system is
used to discover triangular subgraphs. Not only does the in-
troduced algorithm improve the execution time, the achieved
results for some datasets are better compared to those of other
unsupervised link prediction methods.

3 Background

In this section; problem formulation, LA, and CLA are briefly
reviewed.

3.1 Problem formulation

In this paper, undirected unipartite graphs are studied entirely.
Following [16, 40], a TSLP problem is formally introduced.
At first, the temporal network dataset is separated into time-
sliced snapshots from time 1 to T. Considering V as a set of
vertices, V = (1, 2,…,N). G = (G1,G2,…,GT) is a graph se-
r ies re la ted to a group of symmetr ic adjacency
matricesM = (M1,M2,…,MT), whereGt is the social network
structure at time t with a vertex set Vt and a connection set
Et.At times t and t + 1, the graphs include the same set of
vertices; however, there is a various set of connections. Each
Mt is a N ×N matrix with nonzero elements Mt(i, j) which
correspond with edges Et(i, j) in Et. The value ofMt(i, j) is also
from the set {0, 1}, indicating the existence or otherwise non-
existence of edge (i, j) through time period (t). Considering
such a graph, the goal of the proposed LPmethod is to forecast
the incidence of probabilities of edges in time T + 1 by
employing adjacency matrices M = (M1,M2,…,MT).

3.2 LA

AnLA [29, 43] is an adaptive decision-making tool that learns
an optimal action through repeated interactions with an un-
known random environment. At each stage, LA chooses an
action out of a set of finite ones based on a probability distri-
bution of the action-set. The selected action is then applied to
the environment. After that, the environment evaluates the
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selected action and sends feedback to the automaton, which is
used to update the probabilities of actions [43]. Figure 1 indi-
cates how an automaton interacts with its environment.

A linear formula can be thus used for updating action prob-
abilities, once the action i is performed. When the positive
response (β = 0) is received, the action probabilities are up-
dated through Eq. (1):

pi nþ 1ð Þ ¼ pi nð Þ þ a 1−pi nð Þ½ �
pj≠i nþ 1ð Þ ¼ 1−að Þpj nð Þ ð1Þ

When the negative response (β = 1) is received from the
environment, the action probabilities are also updated via
Eq. (2):

pi nþ 1ð Þ ¼ 1−bð Þpi nð Þ
pj≠i nþ 1ð Þ ¼ b�

r−1

� �þ 1−bð Þpj nð Þ ð2Þ

Wherein a and b are reward and penalty parameters. When
a = b, the above equation called linear reward–penalty LR − P.
If b = 0, the presented equation is labeled as linear reward-
Inaction LR − I; and if 0 < b < < a < 1, it is called linear
reward-ε penalty LR − εP.

3.3 CLA and irregular CLA

CLA [30], made by combining CA [44] and LA, is a powerful
scientific model for some decentralized problems. During the
interaction of multiple LAs, LA potentials can be thus recog-
nized completely. When each cell in CA is equipped with an
LA, a CLA is created. The action probability of the LA resid-
ing in a cell is also used to identify its state. Similar to CA,
there is a rule controlling CLA performance. The reinforce-
ment signal to LA is also identified by the rule for CLA and
the actions chosen by adjacent LAs. The CLA can be accord-
ingly divided into synchronous, in which all cells utilize their
local rules simultaneously assuming an external clock to cause
synchronous events for each cell; and asynchronous, in which
just some cells are activated and the state of others do not
change.

The generalized form of common CLA called ICLA [32]
can get over the limitations of rectangular grid construction.
ICLA is an undirected graph that each vertex is equipped with

an LA. Regardless of its irregular limitation, ICLA perfor-
mance is identical to that of CLA.

4 Proposed ICLA-EC

In this section, ICLA-EC model is proposed. It should be
noted that fundamental units of every social community are
individuals, making specific selections, adopting certain char-
acters, and operating in several emotional forms. Information
about individuals is also local, and they influence each other
within a particular neighborhood mutually and locally.
Learning and adaptation are correspondingly essential fea-
tures of individuals in this social community. Each individual
can accordingly learn from his own experiences and the ex-
periences of his adjacent individuals. By voting on experi-
ences of the best neighboring individuals, individuals can also
learn others’ experiences. Consequently, an individual can
update his knowledge according to the results of previous
self-experience as well as voting. These characteristics of in-
dividuals in the social community have motivated us to intro-
duce a new EA called ICLA-EC, which is a hybrid algorithm
based on ICLA and EC. The intuition behind this algorithm is
the irregular structure and the synchronous feature of ICLA-
EC, which is compatible with the requirements of social net-
works. ICLA-EC is also defined as a connected undirected
graph in which each vertex represents a cell, and each edge
induces an adjacency relation between two cells. Each cell is
equipped with two components; a model genome and a ge-
nome. A model genome is composed ofm LAs. Each LA also
has a finite set of actions. The group of actions selected by the
set of LAs of a particular cell concatenates to form the second
component of the cell i.e. the genome. On the other hand, the
genomes are associated with the network nodes.

Formally, an ICLA-EC with N vertices (i.e. cells) and m
LAs in each vertex is a structure

A ¼ G < V ;E >;Φ;A ;P ;α;Ne; F
� �

, where;

1- G is a connected undirected graph, with V as a set of
vertices (i.e. cells) and E as a set of edges (that is, adja-
cency relations).

2- Φ stands for a finite set of actions.
3- A ¼ A1;A2;…;AN

n o
refers to population of model ge-

nomes as s igned to ICLA-EC, whe re in Ai ¼
LAi

1; LA
i
2;…; LAi

m

� �
indicates a set of LAs allocated to

cell ci.
4- Pi ¼ Pi

1;P
i
2;…;Pi

m

� �
represents action probability vec-

tor of model genome Ai.
5- α ¼ α1;α2;…;αNf g shows population of genomes,

where αi ¼ αi
1;α

i
2;…;αi

m

� �
is genome in ith vertex and

Fig. 1 The interaction between learning automata and environment
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αi
k represents value of kth gene, 1 ≤ i ≤N, 1 ≤ k ≤m and

αi
kϵ Φ.

6- Neighborhood vector of any particular cell ci is also de-
fined as a set of all model genomes residing in adjacency

of cell ci, that is Nei ¼ Aj

n 			 i; jf g∈Eg.
7- F : Φ→β indicates local rule of ICLA-EC. β is a set of

values that the reinforcement signal can take. The local
rule also computes the reinforcement signal based on cur-
rent genome residing in cell and neighboring genomes of
cell.

Algorithm 1, which is shown in Fig. 2, demonstrates the
ICLA-EC steps. The operation of an ICLA-EC, in any partic-
ular vertex vi, also takes place as follows. Each LAi

j selects one

of its actions according to its action probability vector Pi. The
actions chosen by the set of LAs of the vertex are concatenated
to each other to form a new genomeωi for that vertex (line 4 of
Algorithm 1). The fitness of new genome ωi is then evaluated
(line 5 of Algorithm 1). If the fitness of the ωi is better than the
current genome, ωi replaces the current genome of that cell
(line 6 to 8 of Algorithm 1). Next, a number of neighboring
vertices of the vertex, according to the fitness evaluation of
their corresponding genomes, are selected for mating (line 9 of
Algorithm 1). The result of the mating process in the vertex is
some reinforcement signals, one for each LAi

j of the vertex

(line 10 of Algorithm 1). The method of computing the rein-
forcement signal for each LAi

j is described in Fig. 5. Each LA
i
j

also updates its action probability vector based on the supplied
reinforcement signal and its selected action (line 11 of
Algorithm 1). This process continues until a termination cri-
terion is met. The relationship between the genome and the
model genome for ICLA-EC is illustrated in Fig. 3.

ICLA-EC can be also compared with other PEAs reported
in the related literature in three ways: first, local interaction of
LAs in ICLA-EC is based on a graph structure while it is
based on a lattice in PEAs. Second, the local rule in ICLA-
EC is a combination of local selection and reinforcement sig-
nal vector, but it is a combination of local selection, crossover,

and mutation in PAEs. Third, an individual in ICLA-EC is
composed of a genome and a set of LAs, while it is a genome
in PAEs. In the following section, this model is used to solve
TSLP in a social network.

5 TSLP based on ICLA-EC (ICLA-EC-TSLP)

In this section, an algorithm based on ICLA-EC for TSLP,
called ICLA-EC-TSLP, is presented.

There is an ICLA-EC that is isomorphic to the vertices of
the input social network. On the other hand, each cell of
ICLA-EC is assigned to a vertex of the social network, and
the set of edges in the social network shows adjacency rela-
tions. Considering that each cell ci has been assigned to vertex
vi in the graph structure of the social network, from this point
on, vertex vi and cell ci are used interchangeably. As we have
shown in Fig. 4, the main goal of given algorithm is to employ
time 1 through Tconsecutively to predict future connections in
time T + 1.

To achieve this goal, after defining model genomes for
vertices of social network, the ICLA-EC-TSLP algorithm tries
to predict links in an iterative manner by using local informa-
tion. The process of predicting links for each cell is guided by
the set of LAs residing at the cell. With the aid of ICLA-EC-
TSLP, the set of obtained predicted links in each cell is im-
proved by both the previous self-experience and reinforce-
ment signal which is generated by using genome of the cell
and the best adjacent genomes.

The initial phase of this algorithm is explained below (lines
4 and 5 of Algorithm 2).

In order to use ICLA-EC for predicting links in social net-
works, each cell ci of the network can be modeled by a tuple

Algorithm 1: procedure of ICLA-EC
1. Initialize
2. While not a predetermined criterion is met do
3. For each vertex in the ICLA-EC do in parallel
4. Generate a new genome according to probability vector

5. Evaluate the new genome based on fitness function

6. If fitness(new genome)> fitness(old genome) then
7. The new genome replaces the genome of the vertex

8. End if
9. Select several vertices based on their fitness from the neighbors of

vertex

10. Generate the reinforcement signal vector

11. Update LA of vertex based on reinforcement signal and learning 

algorithm

12. End parallel for
13. End while

Fig. 2 Pseudo-code of the proposed Irregular Cellular Learning
Automata-based Evolutionary Computation

1 0 1 0 0

0 1 1 1 0

1 1 1 1 0

1 0 1 1 1

1 1 1 0 0

genome of the cell Ci

Selected Neighboring 
genomes in Nes

i

Number of 1's > number of 0 Number of 0's< number of 1

Reward punishment

The genome of cell Ci votes on the experiences of the selected neighboring genomes

Fig. 5 The process of computing the reinforcement signal for LAs
residing in a cell
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< Ai;αi >, where Ai depicts a model genome in which Ai

¼ LAi
1; LA

i
2;…; LAi

m

� �
indicates a set of LAs allocated to cell

ci. Each LAi
j is assigned to a test link that corresponds to the

cell ci in time T + 1which must be predicted. So, LAi
j analyzes

the probability of any future connection between cell ci and cj.

αi ¼ αi
1;α

i
2;…;αi

m

� �
is a genome in which αi

j∈ αi
j0;α

i
j1

n o

(for each αi
j∈αi ) indicates the set of actions that can be taken

by LAi
j and controlling existence or non-existence of the cor-

responding connection, respectively. The genome αi shows
predicted links for the cell. Every LAi

j also contains a proba-

bility distribution Pi
j ¼ Pi

j0;P
i
j1

n o
; 1≤ i≤N ; 1≤ j≤m which

points out the probability of selecting 0 or 1, respectively.

Fig. 3 Schematic of Irregular
Cellular Learning Automata-
based Evolutionary Computation.
The numbers 1 through 5 on the
figure represent the steps of the
proposed algorithm

Ci

Cm

Cj

Ck

Ci

Cm

Cj

Ck

. . . .

Time

1 2 t

Ci

Cm

Cj

Ck

Ci

Cm

Cj

Ck

T T+1

?
Ci

Cm

Cj

Ck

Ci

Cm

Cj

Ck

. . . .

3 t+1

G1 G2

G3
Gt Gt+1

GT

Fig. 4 Structure of social network for time 1 through T
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Since no previous information exists about the presence of the
connections, the initial probability of selecting action 1 (i.e.
connection existence) is set to 0.5 i.e. Pi

j1 ¼ 0:5 and Pi
j0 ¼ 1

−Pi
j1 for each LAi

j.

ICLA-EC-TSLP algorithm contains several principal steps
i.e. {s1, s2,…, sT}. The social network structure of time t is
called one step. In each step st, each LA i.e. LAi

j in each cell ci
tries to learn about existence or non-existence of the corre-
sponding link for time t + 1 with the reinforcement signal
produced from the local environment in time t.This prediction
also repeats until some termination criteria are met. When
prediction operation of step st is completed, the ICLA-EC-
TSLP goes to the next time. Then, in the next time, every cell
attempts to enhance its estimation via the new social network
structure in time t + 1 and predict the connections incidence of
the corresponding links for time t + 2 and the rest. In each step
the structure of social network will be changed. So, ICLA-EC-
TSLP in each cell can use different experiences of adjacent
cells while it moves along different steps for predicting links.

In addition to the initial phase, there are two other principal
phases: (1) local search phase as a repetitive one to learn
ICLA-EC, and (2) prediction phase as one to generate the
output of the proposed method.

In s tep t , for each cel l c i , when LAs in Ai ¼
LAi

1; LA
i
2;…; LAi

m

� �
choose their actions and generate ge-

nome αi ¼ αi
1;α

i
2;…;αi

m

� �
, each gene in αi i.e. αi

j deter-

mines whether the corresponding link appears in time t + 1
or not. After the local search is applied to genome αi, the

probability vector of the model genome i.e. Pi is updated
according to the learning algorithm of Eqs. (1) and (2)
based on the reinforcement signal received from the local
search on the genome of the cell and adjacent genomes of
the corresponding cell. In the next iteration, LAs of model
genome select new actions again based on the new proba-
bility vector of the model genome and this procedure re-
peats until a termination criterion is met. Then the CLA-
EC-TSLP goes to the step t + 1 and start to learn the links
existence by the current action probability vector using the
new environment t + 1. Table 1 demonstrates the definition
of the main symbols.

The pseudo-code in Algorithm 2 correspondingly accounts
for the principal phases of the suggested algorithm in more
detail, as discussed in the following sub-sections.

5.1 Local search phase

This sub-section presents the local search phase of the
ICLA-EC-TSLP. Figure 6 demonstrates the pseudo-code
for ICLA-EC-TSLP. To execute LP, ICLA-EC commences
its learning procedure in step s1. In this step, each LA i.e.
LAi

j in each cell ci tries to learn about existence or non-

existence of the corresponding link for time 2 with the
reinforcement signal produced from the time one. This
prediction also repeats until some termination criteria are
met. Then, the ICLA-EC-TSLP goes to step 2. In step 2,
the group of LAs, in each cell tries to update and improve
its actions using the new time 2 in order to predict the
occurrence or non-occurrence of the corresponding links
for time 3. These steps are further repeated until the
ICLA-EC-TSLP goes to step ST and tries to learn the pre-
dictions for time T + 1. Considering that the group of cells
(vertices) runs in parallel, the lifecycle of the given cell
i.e. ci in each step is explained as follows:

1- Each LA of model genome Ai ¼ LAi
1; LA

i
2;…; LAi

m

� �
chooses its action using action probability vector Pi ¼
Pi
1;P

i
2;…;Pi

m

� �
and employs it as an indicator of exis-

tence or non-existence of the corresponding link (line 10
of Algorithm 2).

2- The chosen actions of LAs are concatenated and a new
genome ωi nð Þ ¼ αi

1;α
i
2;…;αi

m

� �
is generated.

Note 1. Steps 1 and 2 are related to the state in which an
individual in a social community presents certain selections
and operates in specific emotional forms.

3- The fitness of the genome is computed via Eq. (3) (line 11
of Algorithm 2).

fitness of string genome ¼ #correct links
#predicted links

ð3Þ

4- If the computed fitness is better than that of the current
genome, the new genome ωi nð Þ becomes the genome of
that cell (lines 12 to 14 of Algorithm 2). That is,

αi nð Þ ¼ αi n−1ð Þ fitness αi n−1ð Þð Þ≥ fitness ωi nð Þð Þ
ωi nð Þ fitness αi n−1ð Þð Þ < fitness ωi nð Þð Þ



ð4Þ

Note 2. Step 4 is associated with the state in which an
individual in a social community can learn from his earlier
self-experience.

5- Of the neighboring vertices of cell ci, a number of vertices
whose genomes have a higher fitness than threshold γ are
selected for mating (line 15 of Algorithm 2). We called
this set of cells Neis. Note that the mating in this context is
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not reciprocal i.e. a cell selects another one for mating but
not necessarily vice versa.

6- Defining Neijk , the number of vertices in Neis whose jth

LAs have selected their kth actions is:

Neijk ¼ ∑
lϵNi

s

δ αi
j nð Þ ¼ k

� �
ð5Þ

where,

δ expð Þ ¼ 1 if expis true
0 otherwise



ð6Þ

Then, the reinforcement signal for jth LA i.e. LAi
j is com-

puted as [31]:

βi
j nð Þ ¼

U Neij1 � Neij0
h i

; if αi
j nð Þ ¼ 0

U Neij0 � Neij1
h i

; if αi
j nð Þ ¼ 1

8<
: ð7Þ

Where, U(.) shows step function. According to Eq. (7),
the genome of the vertex votes on the experiences of the
selected neighboring genomes (line 16 of Algorithm 2).
On the other hand, for jth position of the genome, a re-
ward signal is given to jth learning automaton of the ver-
tex if most of the vertices in Neis have selected the same
action as the vertex has. This process is described in Fig.
5.

7- Each LA in Ai ¼ LAi
1; LA

i
2;…; LAi

m

� �
updates its in-

ternal structure using the learning algorithm of Eqs. (1)

and (2) and the given reinforcement signal (line 17 of
Algorithm 2).

Notes 3. Steps 5, 6, and 7 are related to the state in which an
individual in a social community selects some experts, and
then updates his knowledge according to the results of voting
amongst the experiences of the chosen individuals and earlier
self-experience.

These procedures continue until a termination criterion
is met. After the termination criterion is met, then the
ICLA-EC-TSLP goes to the next step and these proce-
dures repeated for the next steps. After stopping in step
T, to predict the links for time T + 1 we use the following
prediction phase.

5.2 Prediction phase

For every LAi
j in cell ci, the action with a higher probability

is selected as the ultimate prediction outcome for the re-
lated connection (lines 24 to 25 of Algorithm 2). In other
words, in time T + 1 for every test connection j corre-
sponding to cell ci, the eventual prediction is explained

as ϑi
j and computed according to the following rule:

ϑi
j ¼

αi
j1 Pi

j1 > Pi
j0

αi
j0 else

(
ð8Þ

At last, the ICLA-EC-TSLP algorithm considers set ϑ
values as the result of the suggested LP method.

Table 1 Definition of symbols

Symbol Definition

ci or vi Cell or vertex indexed by i in the ICLA-EC

Ai Model genome of cell cithat consists of a set of LAs

LAi
j jth LA in model genome Ai

αi Genome of cell ci
ωi New generated genome of cell ci
αi

k The value of kth gene in ith genome

Pi Actions probabilities vector of Ai

Nei Neighborhood vector of cell ci
Neis The set of best neighboring cells of cell ci
Neijk The number of cells in Ni

s whose jth LAs have selected their kth actions

β The set of values that the reinforcement signal can take

a Reward parameter

b Punishment parameter

Φ Finite set of actions

F : Φ→β The local rule of the ICLA-EC

si The step which is defined for ith time
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6 Experiments and results

In this section, the experimental evaluation of the suggested
method together with results is presented. In section 6.1, the
required social network data along with the analysis process

are explained. In section 6.2, the required assessment metrics
for the present investigations, together with two proposed ex-
periments, are described. The suggested method is also com-
pared with some LP algorithms in section 6.3. Finally, the
precision rate of ICLA-EC-TSLP is analyzed in section 6.3.1.

Fig. 7 The progressive accuracy diagram of the ICLA-EC-TSLP for co-authorship datasets

Algorithm 2: Procedure of the ICLA-EC-TSLP
1. Let , , … , be the adjacent matrix for time 1 through T.

2. Let I be the maximum number of iterations for one step.

3. Let i, s be the iteration counter and step counter and initially set to 0 and let S be the total number of 

steps.

**initialization phase**
4. Let in each cell, be the set of LAs indexes with 1 through m, in each cell one learning automaton 

for each link that must be predicted for that cell.

5. Set the initial probability distribution of choosing action 1 for each in a cell to be ( ) = 0.5.

6. **local search phase**
7. While < do

8. While < do

9. For each cell in ICLA-EC do in parallel

10. Select actions = , , … , of LAs based on the action probability =

, , … , .

11. Evaluate the new genome based Equation (3).

12. If fitness (new genome) > fitness (old genome) then

13. Accept the new string genome

14. End if
15. Select a number of genomes from neighbors of the cell based on its fitness

16. Generate the reinforcement signal based on genome of the cell and genomes of the best 

adjacent cell using Equation (7)

17. Using Equations (1) and (2)Update the probability distribution of LAs of cell.

18. End parallel for
19. i=i+1
20. End while
21. s=s+1
22. End while
23. **test phase**
24. For each test link j corresponds to the cell 

25. be the output of prediction result based on Equation (8).

Fig. 6 Pseudo-code of the
proposed time-series link predic-
tion based on ICLA-EC
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The introduced ICLA-EC-TSLP is compared with two
categories:

1- Topology-based similarity metrics: Of this set of algo-
rithms, local similarity metrics is chosen such as CN [3],
JC [33], PA [35], and AA [34]; global similarity metrics
such as Katz index [37] and quasi-local metrics such as
local path [36]. The definition of this set of metrics is also
shown in Table 2.

2- Learning-based metrics: In this group, feature-based
classification algorithms such as IP [18], CMA-ES
[15], MI-LP [17], ARIMA-LP [16], VAR [39], ACO-
LP [38]; and LA-based algorithm like LA-TSLP [22],
CALA [23], FLP-DLA [24] are chosen.

6.1 Data and setting

With a specific end goal to assess the execution of the pro-
posed method, data from three co-authorship networks, one
collegemessaging network, and one email network are used in
these experiments. Table 3 describes the features of these
datasets.

A vertex in a co-authorship network corresponds to an au-
thor, while an edge demonstrates that two particular nodes
have co-authored a paper [45]. In the co-authorship networks,
the publishing year of the co-authored paper is saved by every
edge. The required co-authorship network data to analyze the
proposed algorithm is also gathered using arXiv1 e-print,
which preserves an immense database of various scientific
articles. To analyze the proposed approach, three co-

authorship networks are considered, and the required data
are gathered for the interval between 1993 and 2003 for all
these datasets. The first network includes papers of authors
who went along theoretical high energy physics (Hep-th)
while the second one contains the papers of those who collab-
orated in high energy physics (Hep-ph). Finally, the third net-
work involves papers of authors who studied Astro Physics
area (Astro-ph). Co-authorship networks are highly sparse;
therefore, it is necessary to use a lower number of candidate
pairs to improve the calculation process. Therefore, just those
with not less than two contributions between 1993 and 2003
are selected.

Enron email communication network as a public dataset is
also used as the second dataset to analyze the proposed ap-
proach. The required data are thus gathered for the months
between May 1999 and May 2002 (36 months). In the
Enron email network, a node corresponds to an email address,
while an edge demonstrates that address j has received at least
one email from address i [46].

A college messaging network is further considered as the
third dataset whose network includes students of California
University, Irvine. This network dataset encompasses an inter-
val between April and October 2004 [47].

6.2 Evaluation metrics

Two common evaluation metrics are used to assess the pro-
posed method with other LP methods as follows [3].

AUC: Considering the score given to all non-observed
links, the AUC value can be interpreted as the probability that
a randomly chosen missing link is assigned with a higher
score than a randomly chosen non-existent l ink.
Accordingly, a missing link as well as a non-existent one is
randomly selected for a comparison of their scores. If out of n
independent comparisons, n’ times missing links have higher

Table 2 The six similarity-based methods. Let Γ(x) denotes neighbors of the node x. The degree of node x is represented by k(x)

1 Arxiv.org e-print archive
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score and n” times have the same score, the AUC value is:

AUC ¼ n
0 þ 0:5n′′

n
ð9Þ

Precision: Given the rankings of the non-observed links,
precision is specified as the ratio of chosen relevant items to
the number of those which are chosen. In other words, it is
supposed that the top-L links are taken to be the predicted
ones, out of which Lr links are right; as a result, precision
equals Eq. (10). Obviously, higher precision denotes greater
accuracy of prediction.

Precision ¼ Lr
L

ð10Þ

6.3 LP comparison

In this section, results for ICLA-EC-TSLP are provided and
compared with similarity-based methods. Each result reported
in the following sections is based on averages taken over 20
runs. According to experimental outcomes, ICLA-EC-TSLP
is used in the conducted experiments with a reward parameter
a = 0.04 and penalty parameter b = 0.01. The convergence of
all LAs is also considered as a termination condition at a
specific time. The algorithm may also terminate after 2000
iterations at a specific time. Note that these tables give the best
outcomes in bold.

6.3.1 Co-authorship networks

Table 4 shows the AUC value of the proposed algorithm and
similarity-based methods for Hep-ph, Hep-th, and Astro-ph
datasets. In this experiment, each year is considered as a time.
To do this, 10 years from 1993 to 2002 is regarded as the
training data and the test links for the years 1996 through
2003 are predicted. To predict a test link in year α, ICLA-
EC is also used which consists of steps 1993 through α − 1.
The LP results of the ICLA-EC-TSLP for years 1996 through
2003 are also compared with some similarity-based algo-
rithms using the AUC metrics. The results confirm that the
proposed method can achieve a better AUCmeasure than CN,
PA, AA, and JC.

The growing precision diagrams of ICLA-EC-TSLP for
co-authorship datasets are demonstrated in Fig. 7. According
to these results, ICLA-EC-TSLP acts stochastically during the
first steps, while it learns new patterns after several steps
which are the combination of older ones as well as novel
environmental patterns.

6.3.2 Enron E-mail dataset

In this dataset, each three-month is considered as one time. To
do this, 6 times from January 2000 to December 2001 are
considered, and the test links for times of May 2000 through
April 2002 are predicted and compared with some similarity-
based LP using the AUC metric.

The results reported in Table 5 also show that the proposed
TSLP method can achieve better results compared with CN,
JC, PA, and AA on average.

6.3.3 College messaging network

In this experiment, ICLA-EC-TSLP is compared with some
similarity-based methods for a college messaging network
using the AUC metrics. To do this, each month is considered
as one time. The analysis also includes all users sending or
receiving at least one message during that period. The obtain-
ed results of the proposed algorithm and its comparison with
other methods for college messaging network are reported in
Table 6.

The results presented in Tables 4, 5, and 6 confirm that the
ICLA-EC-TSLP algorithm can achieve the highest AUC cri-
terion value for various datasets compared with local
similarity-based metrics such as CN, AA, PA, and JC. The
reason for this superiority is that temporal information is an
important aspect to consider for LP.

6.3.4 Comparison of ICLA-EC-TSLP and recent LP methods

In this section, the suggested ICLA-EC-TSLP algorithm is
compared with the latest LP approaches. The IP, ARIMA-
LP, VAR, LA-TSLP, FLP-DLA, CALA, and ICLA-EC-
TSLP use temporal information in different time periods.

According to Table 7, the suggested ICLA-EC-TSLP can
reach AUC (0.8010) measure, which far surpasses local path

Table 3 Network size in terms of nodes and edges

Data Set Nodes Edges Description

Hep-th 9877 51,971 Collaboration network of ArXiv’s High Energy Physics Theory

Hep-ph 12,008 237,010 Collaboration network of ArXiv’s High Energy Physics

Astro-ph 18,772 396,160 Collaboration network of ArXiv’s Astro Physics

Email-Enron 87,273 1,148,072 Email communication network from Enron

CollegeMsg 1899 59,835 College message network of students at the University of California
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and Katz algorithms. To predict future connections, local path
and Katz algorithms utilize the path length between two
nodes, while ICLA-EC-TSLP considers temporary neighbor-
hood changes. The given method also surpasses the CMA-ES
algorithm since it employs time-series information, while
CMA-ES attempts to merge similarity metrics via defining a
weight for every similarity. Given that the proposed algorithm
is much superior to similarity-based methods, it is not surpris-
ing that it outperforms CMA-ES as well.

The results reported here show that the ACO-LP algorithm
has the ability to achieve the better AUC criterion value for
various datasets compared to local similarity criteria such as
CN, AA, PA, and JC. The reason for this superiority is that the
ACO-LP algorithm calculates the connection probability of
two nodes in future based on local communities.

Moreover, it can be seen that ICLA-EC-TSLP achieves
better AUC than the IP algorithm. Since both algorithms use
time-series graph information, the superior results produced
by the proposed algorithm are due to the fact that ICLA-EC-
TSLP estimates the weight of test links using neighborhood
changes that exist in time-series graphs. In contrast, the IP
algorithm estimates the future value of any feature in the net-
work using a prediction model. It becomes obvious that
ICLA-EC-TSLP algorithm achieves better results than MI-
LP. The reason for that is selecting different neighborhoods

while moving along different time-series, whereas MI-LP on-
ly uses the mutual node information to predict links.

The ICLA-EC-TSLP is better than LA-TSLP, since every
vertex utilizes a combination of local information of equiva-
lent vertex and neighboring vertices; while LA-TSLP employs
local similarity-based methods in time 1 through T to predict
future connections. LA-TSLP has not used the experiments of
other neighbors, so it has not ability to track the changes of the
social network. The ICLA-EC-TSLP is thus better than FLP-
DLA, since every vertex uses a combination of local informa-
tion in time-series graphs. So, appropriate results spread over
the whole population, because of neighborhood overlap;
while FLP-DLA determines a fuzzy strength for each relation
which is defined based on the date of link occurrence and the
number of collaborations in the corresponding link. Then, the
distributed learning automata use fuzzy links to find the
strength of test links to predict future connections.

Considering that ARIMA-LP, VAR and ICLA-EC-TSLP
use time series information, a better result can be obtained
for two main reasons: 1) in contrast to ARIMA-LP and VAR
algorithms, ICLA-EC-TSLP uses previous self-experience as
well as voting and 2) ICLA-EC-TSLP considers dynamicity
of adjacent nodes in graph navigation and because of neigh-
borhood overlap appropriate results spread over the whole
population, so it can adopt with graph changes and receive
better results. In order to predict the future node similarity

Table 4 Comparison of AUC of the ICLA-EC_TLSP with similarity-based methods on Astro-ph, Hep-ph, Hep-th datasets

Method CN JC AA PA ICLA-EC-TSLP

Year Astro-
ph

Hep-
ph

Hep-th Astro-
ph

Hep-
ph

Hep-th Astro-
ph

Hep-
ph

Hep-th Astro-
ph

Hep-
ph

Hep-th Astro-
ph

Hep-
ph

Hep-th

1996 0.5240 0.5230 0.5350 0.5243 0.5255 0.5347 0.5247 0.5250 0.5378 0.5273 0.5125 0.5150 0.8590 0.8247 0.7863

1997 0.5233 0.5705 0.5480 0.5287 0.5725 0.5540 0.5190 0.5735 0.5494 0.5110 0.5675 0.4910 0.8920 0.8069 0.7924

1998 0.5507 0.5250 0.5390 0.5577 0.5265 0.5413 0.5647 0.5205 0.5443 0.5090 0.5125 0.5005 0.8802 0.8926 0.7863

1999 0.5737 0.5580 0.5677 0.5850 0.5530 0.5630 0.5950 0.5545 0.5610 0.5263 0.5278 0.5114 0.8821 0.8190 0.7582

2000 0.5503 0.5505 0.5443 0.5600 0.5465 0.5507 0.5525 0.5470 0.5486 0.5112 0.5315 0.5263 0.8577 0.8265 0.7916

2001 0.5583 0.5365 0.5507 0.5365 0.5415 0.5510 0.5750 0.5460 0.5590 0.5167 0.5015 0.5312 0.8467 0.8729 0.7835

2002 0.5250 0.5840 0.5600 0.5437 0.5805 0.5593 0.5937 0.5850 0.5587 0.5214 0.5412 0.5175 0.8550 0.8544 0.74

2003 0.5350 0.5275 0.5577 0.5550 0.5385 0.5587 0.5788 0.5420 0.5537 0.5188 0.5510 0.5212 0.8650 0.8515 0.7849

Table 5 Comparison of AUC of the ICLA-EC_TLSP with similarity-
based methods on Enron E-mail dataset

Method CN JC PA AA ICLA-EC_TSLP
Year/month

2000-5to8 0.6600 0.6627 0.6561 0.6593 0.7014

2000-9to12 0.6584 0.6565 0.5789 0.6578 0.6112

2001-1to4 0.6531 0.6548 0.5083 0.6496 0.6694

2001-5to8 0.5899 0.5835 0.5928 0.5919 0.6247

2001-9to12 0.6194 0.6209 0.5854 0.6155 0.6459

2002-1to4 0.5911 0.5916 0.5811 0.5841 0.7212

Table 6 Comparison of AUC of the ICLA-EC_TLSP with similarity-
based methods on College Messaging dataset

Method CN JC PA AA ICLA-EC_TSLP
Year/month

2004–6 0.4999 0.5330 0.4883 0.3969 0.6963

2004–7 0.5330 0.5180 0.5129 0.4704 0.7849

2004–8 0.5024 0.4989 0.4871 0.4276 0.8131

2004–9 0.4904 0.4871 0.4734 0.3796 0.7788

2004–10 0.4451 0.4414 0.4291 0.3802 0.7825
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scores in ARIMA-LP algorithm, a time series forecasting
model, ARIMA, based on past node similarity scores is used.

The VAR model is a little better than ARIMA model be-
cause VAR algorithm uses different similarity metrics and link
occurrences information.

Furthermore, CALA is a little better than the proposed
approach because it considers different similarity metrics
and times with a variety of coefficients.

7 Conclusion

In this paper, a novel TSLP approach employing a combina-
tion of ICLA and EC is proposed to predict existence or non-
existence of connections in time T + 1 via a network construc-
tion from time 1 to T. The traditional static algorithms consider
the network within time T to predict new relationships at the
future time T + 1. However, the proposed algorithm considers
time-series information via observation of network evolution
over time. In other words, the suggested procedure is an EA in
which every genome corresponds to a part of the solution, and
the entire population is equivalent to the complete solution. In
the suggested method, a genome and a group of LAs is
assigned to every vertex of input social networks. The genome
also corresponds to the predicted connections of the corre-
sponding cell and saves the histories of exploration. ICLA-
EC-TSLP is thus a distributed algorithm in which every ge-
nome, regardless of any previous information, is locally de-
veloped via local information. Since the vertices in social net-
works are dynamic and also social networks are branching,
changes in social networks take place at different times.
Neighboring vertices may also appear, disappear, or even go
unchanged at different times. A realization of the evolutionary
patterns in the network can thus help in understanding the
evolution of the network. In this paper, ICLA-EC is used to

analyze network evolution through neighborhood dynamicity.
Several experiments are further devised to analyze the perfor-
mance of ICLA-EC-TSLP compared with other LP algo-
rithms. According to the results of the experiments, ICLA-
EC-TSLP surpasses earlier approaches. So, the mixture of
interaction among vertices and the dynamicity of adjacent
nodes lead to an improvement in the prediction process.
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