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Abstract Link prediction is an area of social network
research that tries to predict future links using a social net-
work structure. This paper proposes a novel link prediction
method (FLP-DLA) that is based on fuzzy social networks
and distributed learning automata (DLA). Distributed learn-
ing automata are reinforcement-based optimization tools
which try to learn and converge to the optimal behavior
from environmental feedback using graph navigation. In the
preprocessing phase of the FLP-DLA, the proposed method
tries to calculate a fuzzy strength for each link based on
the information of the network, such as event time. In the
main phase of the FLP-DLA, it uses these fuzzy strengths
in addition to DLA to determine the strength of test links.
In each iteration of the proposed method, the DLA tries to
find a path between the endpoints of a random test link;
following this, the FLP-DLA calculates the fuzzy strength
of the obtained path using the fuzzy strengths of the links
through the path, and rewards or penalizes the DLA based
on the path strength. The main phase is repeated until the
LAs converge to an action. Finally, we use the strength of
the test links as the output of the link prediction. The results
reported in this paper have proven satisfactory, indicat-
ing the usefulness of the proposed method for some social
network datasets.

P< Mohammad Reza Meybodi
mmeybodi@aut.ac.ir

Behnaz Moradabadi
moradabadi @aut.ac.ir

Department of Computer Engineering, Amirkabir University
of Technology, Tehran, Iran

Keywords Social network - Fuzzy graph -
Learning automata

1 Introduction

Today, social networks help people and organizations to
exchange information more efficiently. A social network
can be considered as a graph in which the nodes are indi-
viduals and the edges display some type of communication
between the corresponding individuals, such as collabora-
tion, friendship, like or dislike [1, 2] Since this kind of
network is generally complex and highly dynamic, it is very
important to understand its behavior in time [1, 3]. An area
of research called social network analysis (SNA) aims to
understand the dynamics of social networks. Link predic-
tion is one of the main tasks undertaken by SNA [1, 4]
which focuses on predicting communications that will be
generated in the future. Link prediction is applicable to a
wide variety of application areas. For example, in the area
of the Internet and web science, it can be used in tasks such
as automatic web hyperlink creation and website hyperlink
prediction [1]. In e-commerce, one of the most prominent
usages of link prediction is to build recommendation sys-
tems [5]. It also has various applications in other scientific
disciplines. For instance, in bibliography and library sci-
ence, it can be used for deduplication and record linkage [6];
in bioinformatics, it has been used in protein-protein inter-
action (PPI) prediction [7]. In security-related applications,
it can be used to identify hidden groups of terrorists and
criminals [2].

All link prediction methods address the following ques-
tion: “Given a pair of nodes u and v in the current social
network, how likely is it that u will interact with v in the
future?”. To solve the link prediction problem, there are
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several techniques proposed in the literature [8]: the most
common approach is based on applying topological simi-
larity metrics to non-existent links at time t to determine
whether a link will appear at a time t’ (t” > t). These meth-
ods generate scores for each link, and the scores are used
to perform prediction tasks either using an unsupervised or
a supervised technique. There are many similarity metrics,
and these are briefly explained in Section II. The major chal-
lenge of standard link prediction methods is that they do
not consider network evolution or repeated links; they only
use the current network structure without considering the
frequency and creation time of the links. Our work tries to
overcome these problems by using both the fuzzy concept to
model the strength of links and DLA to predict future links.
The novelty of the proposed method is that it uses the fuzzy
concept to present the link strength.

A learning automaton is an adaptive decision-making
unit that improves its performance by learning how to
choose the optimal action from a finite set of allowed
actions, through repeated interactions with a random envi-
ronment [9]. Distributed learning automata (DLA) are
networks of interconnected learning automata which col-
lectively cooperate to solve a particular problem. In each
iteration, an automaton randomly chooses one of its out-
going edges (actions) according to its action probabilities
and activates the learning automaton at the other end of the
selected edge. The activated automaton in turn randomly
selects an action, which results in the activation of another
automaton. The process of choosing the actions and activat-
ing automata is continued until a criterion is reached. The
chosen actions, along with the path, are applied to the ran-
dom environment. The environment evaluates the applied
actions and generates a reinforcement signal to the LAs.
The LAs along the chosen path update their action proba-
bility vectors on the basis of the reinforcement signal using
a learning algorithm. These steps are repeated until the LAs
converge to some action.

In this paper, to predict the future links a new link predic-
tion is proposed which uses both fuzzy social networks and
DLA (FLP-DLA). The proposed method has two steps: in
the initialization phase, it models the strength of each link
as a fuzzy variable by using the time and frequency infor-
mation of the link. Thus, we have a fuzzy social network
where each link has a fuzzy strength and we use this network
as the input of the next step. The main phase of FLP-DLA
uses distributed learning automata to predict the future links
based on graph navigation. To do this in FLP-DLA, there
is one LA for each node in the network. In each iteration,
the LAs try to form a path in the network such that the link
between the starting (sp) and ending (ep) nodes of the path
belong to some test link (sp, €p). After a path is created, the
strength of the path is calculated based on the fuzzy links in
the path. FLP-DLA then assigns the strength of the path to
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the strength of test link (sp, €p), and based on this strength
it rewards or penalizes each LA in the path. The main phase
is repeated until the LAs converge to some paths. Finally, it
uses the strength of the test links as the output of the link
prediction. In order to examine the results of the proposed
method, several evaluations are conducted, and the results
of the proposed method are compared with those achieved
by other link prediction techniques. In general, the exper-
iments show that our approach performs better than other
strategies.

The rest of this paper is organized as follows. Section 2
reviews the literature regarding the link prediction problem.
Learning automata and distributed learning automata are
described in Section 3. Section 4 introduces the proposed
DLA-based link prediction method. Section 5 presents
the experimental study for some social network datasets.
Section 6 summarizes the main conclusion of our research.

2 Link prediction

A classic definition of the link prediction problem is
expressed by: “Given a snapshot of a social network at
time t, we seek to accurately predict the edges that will be
added to the network during the interval from time ¢ to a
given future time #+4/” [2]. The most widespread approach
to the problem is to explore the topological/structural pat-
terns of the social network of interest [10]. Various metrics
to describe node pairs have already been adopted in pre-
vious studies [11]; these explore the structural patterns of
the network and commonly provide a degree of proxim-
ity/similarity between the nodes. There are many similarity
metrics, including [2]: 1) local similarity metrics that only
use the local information of a link to calculate the simi-
larity metric, such as Common Neighbors, Salton Index,
Jaccard Index, Hub Depressed Index, Hub Promoted Index,
Leicht-Holme Newman Index (LHN1), Preferential Attach-
ment Index, Adamic-Adar Index and Resource Allocation
Index; 2) global similarity metrics that can use all the infor-
mation in the network to calculate the similarity metric
between two nodes, such as the Katz Index, Leicht-Holme-
Newman Index (LHN2) and Matrix Forest Index (MFI);
and 3) quasi-local metrics that do not require global topo-
logical information but use more information than local
indices, such as Local Path Index, Local Random Walk,
Superposed Random Walk, Average Commute Time, Cos+,
random walk with restart, SimRank, Resource Allocation
Index and Local Path Index. As previously mentioned, the
starting point in these approaches is to extract the val-
ues/scores of different metrics that represent the proximity
of pairs of nodes. Then, pairs of non-connected nodes are
ranked according to a chosen metric (for instance the num-
ber of common neighbors) [2]. After that, the top L ranked
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pairs are assigned as predicted links. To put it another way,
it is always assumed that the links which have the highest
scores are most likely to occur. In the following, the seven
most commonly used similarity measures that are used in
the experiments are briefly presented.

1) Common Neighborhood: In this measure, two nodes x
and y are more likely to have a link if they have many
common neighbors. This score is defined as

CN(x,y) =|'(x) NT ()|

where I"(x) denotes the neighbors of node x.
2) Salton: This score is defined as
II'(x) NT'(y)l
INCIIRINGD]
3) Jaccard Index [12]: This index was proposed by Jac-
card, and is defined as:
IF(x) N T (y)l
IF(x) UT ()l
4) Preferential Attachment (PA) [13]: The preferential
attachment (PA) algorithm is based on the preferential
attachment phenomena rule [14] that is discovered in a
variety of social networks. In this method, the link score

is set to be the product of the degrees of the involved
nodes and it is defined as follows:

PA(x,y) =[T(x)| x (I

5) Adamic-Adar Index (AA) [15]: This index is an exten-
sion of the common neighborhood method such that
the less-connected neighbors have more weight. It is
defined as:

AA@, ) =)

Salton(x,y) =

Jaccard(x,y) =

1

Zer (NI (y) log(I'(Z))

6) Katz Index: In this metric, a similarity is defined as the
sum of the number of paths with different lengths, such
that shorter paths have more weights. It is defined by
the following equation:

o0
Katz(x,y,) = Z

_, BlIPath(x, )=

where | Path(x, y)<'>| is the number of paths between
x and y with length /. It is also shown that the Katz met-
ric can be calculated based on the following equation:

Katz =1 —BA) ' —1

7) LP Index: This index is a restricted version of the Katz
metric such that only paths of length 1 and 2 are consid-
ered. This metric has a lower computational complexity
in comparison to Katz and is defined as the following:

LP Index(x,y) = A? 4 eA’

For more information about other similarity metrics,
please refer to Liben-Nowell and Kleinberg [2]

The node-wise similarity-based approach searches
appropriate measures of similarity between two nodes
according to the content and/or semantics they present [2].
Each node on the network can be represented as a vector
of features. The more similar two nodes are in terms of
their particular attributes, the likelier they are to relate. The
cosine coefficient, mutual information, and Dice coefficient
[2] are examples of techniques used in this approach.

The approaches that are based on probabilistic models try
to learn the best probabilistic model that abstracts the net-
work information. The basic idea here is to create the model
through a set of parameters 6, given the observed social
network G=(V,E) [2]. The existence of a link between the
pair of nodes x and y is estimated by the conditional proba-
bility P(e(x,y)|6) [2]. This approach examines the elements
of the network with the help of relational data models and
enables us to encapsulate relevant information from node
relationships. Relational Markov networks and relational
Bayesian networks are two examples of models which use
this approach.

In the rest of this section, we go on to review more
recently proposed link prediction methods.

The authors of [16] proposed a data mining process
called interaction prediction, which addresses a particular
formulation of the link prediction problem for dynamic net-
works. Their approach predicts future interactions by com-
bining dynamic social networks analysis, time series fore-
casts, feature selection such as similarity metrics, and net-
work community structures. The proposed method focuses
on the links within communities. Experiments on real-
world interaction networks show that the proposed approach
achieves encouraging results in cases of both balanced and
unbalanced class distributions.

The authors of [17] have provided an approach for pre-
dicting future links by applying the Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) to optimize the
weights used in a linear combination of sixteen neighbor-
hood and node similarity indices. They examine a large
dynamic social network with over 10® nodes. Their method
exhibits fast convergence and high levels of precision for the
top twenty predicted links.

The authors of [18] proposed a new link prediction
using information theory and mutual information of net-
work structure (MI-LP). They compared the model with six
typical prediction methods on ten networks. Their results
show two good features, improving both the link prediction
accuracy and the reasonable computational complexity.

In [19], a novel method called Multivariate Time Series
Link Prediction is proposed for link prediction in evolving
networks. This method integrates (1) the temporal evolu-
tion of the network; (1) node similarities, and (3) node
connectivity information. This method uses existing con-
nections and a calculated similarity metric for each time.
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Finally, the authors compare different similarity metrics in
their experiments.

In [20], a weighted approach for modeling the occurrence
of time is used to generate a different similarity metric.
Finally, in our previous research, a new link prediction
method based on temporal similarity metrics and Contin-
uous Action Set Learning Automata (CALA) is proposed
[21]. The proposed method takes advantage of the use of
different similarity metrics as well as different time periods.
In the proposed algorithm, the link prediction problem is
modeled as a noisy optimization problem, and a team of
CALAs is used to solve the noisy optimization problem. The
obtained link prediction results show a satisfactory appli-
cation of the proposed method for some social network
datasets.

Traditional social network analysis is based on deter-
ministic models, calculating the value of some measures to
analyze the relationship that exists between them. However,
a simply determined value is not sufficient to describe these
relations accurately. Since the fuzzy concept was proposed
[22], several studies have shown that the introduction of
the fuzzy system, using a fuzzy state to replace the original
value, can appropriately solve the problem of uncertainty
in social networks. The research in [23] used fuzzy logic
to modify the original binary relations into multiple rela-
tions among individuals and to achieve the same efficiency
in social networks. Reference [24] presented a method using
fuzzy logic to explain social relations. These methods can
improve the flexibility of the relationship between social
networks, and thus reduce the conflict between individuals.
The authors of [25] applied a fuzzy model for link prediction
based on network characteristics, and achieved better results
than those achieved by the traditional method. The intro-
duction of a fuzzy model through fuzzy clustering to predict
social network links also shows good performance [26].
Recently, some researchers have used the ordered weighted
averaging (OWA) operator to obtain the fuzzy relationship
between nodes [27]. This method needs some attributes of
the network to calculate the relationship. Similarity indices
such as common neighbors (CN), Katz, Salton, or Adamic-
Adar (AA) can be considered attributes here. Although the
method has the disadvantage of a large time complexity,
it has the advantages of higher prediction accuracy and
higher stability. The proposed method uses the fuzzy con-
cept to model the strength of the links in social networks,
and achieves better results in predicting future links in social
networks.

3 Learning automata

A learning automaton [28] is an adaptive decision-making
unit that improves its performance by learning how to
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choose the optimal action from a finite set of allowed
actions through repeated interactions with a random envi-
ronment. The action is chosen at random, based on a prob-
ability distribution over the action set, and at each instant
the given action serves as the input to the random envi-
ronment. The environment responds in turn to the action
taken with a reinforcement signal. The action probabil-
ity vector is updated based on the reinforcement feedback
from the environment. The objective of a learning automa-
ton is to find the optimal action from the action set so
that the average penalty received from the environment is
minimized. The environment can be described by a triple
E = {a,f,c}, where ¢« = {aj09, ..., o} represents the
finite set of the inputs, 8 = {81, B2, ..., Bm} denotes the set
of the values that can be taken by the reinforcement sig-
nal, and ¢ = {cy, 2, ..., ¢y} denotes the set of the penalty
probabilities, where the element ¢; is associated with the
given action «;. If the penalty probabilities are constant,
the random environment is said to be a stationary random
environment, and if they vary with time, the environment
is called a non-stationary environment. The environments
depending on the nature of the reinforcement signal 8 can be
classified into P-models, Q-models and S-models. The envi-
ronments in which the reinforcement signal can only take
two binary values, 0 and 1, are referred to as P-model envi-
ronments. Another class of the environment which allows a
finite number of values in the interval [0, 1] can be taken
by the reinforcement signal; such an environment is referred
to as a Q-model environment. In S-model environments,
the reinforcement signal lies in the interval [a, b]. The rela-
tionship between the learning automaton and its random
environment is shown in Fig. 1 [28]. Learning automata can
be classified into two main families [28]: fixed structure
learning automata and variable structure learning automata.
Variable structure learning automata are represented by a
triple <f, o, T>, where B is the set of inputs, « is the set of
actions, and 7 is the learning algorithm. The learning algo-
rithm is a recurrence relation which is used to modify the
action probability vector. Various learning algorithms have
been proposed. The proposed method uses the following S-
model learning: Let o be the action chosen at step n from
the probability distribution p. The linear reward-inaction

a(n)

#l Random Environment

Learning Automaton [%

B(n)

Fig. 1 The relationship between a learning automata and its random
environment
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algorithm is one of the learning schemas, and its recur-
rence equation for updating the action probability vector p
is defined as the following equation:

pin+1)=pi@n)+a(d—-pBM0n).
(I = pi (n)) = b. (n) pi. (n)
pj(n+1)=p;jn)+a.(1—-pBMm).p;jn)

PEW) g )i () i 1)

+r—1

where a and b denote the reward and penalty parameters and
determine the amount of increase and decrease of the action
probabilities, respectively.

Learning automata have been found to be useful in sys-
tems where incomplete information exists about the envi-
ronment wherein the system operates and recently, several
learning automata-based approaches have been presented
for improving the performance of many applications [29—
31].

3.1 Distributed learning automata

A distributed learning automata (DLA) [32, 33], as shown
in Fig. 2, is a network of interconnected learning automata
which collectively cooperate to solve a particular problem.
Formally, a DLA can be defined by a triple <A, E, T >,
where A = {A{, Ay, ..., A,} is the set of learning automata,
E C A x A is the set of the edges in which edge e(i, j) cor-
responds to the action «;; of the automaton A;, and T is the
set of learning schemes with which the learning automata
update their action probability vectors. The operation of a
DLA can be described as follows. At first, a random node is
chosen as the root automaton, and it randomly chooses one
of its outgoing edges (actions) according to its action proba-
bilities and activates the learning automaton at the other end
of the selected edge. The activated automaton also randomly
selects an action which results in the activation of another
automaton. The process of choosing the actions and acti-
vating the automata is continued until a leaf automaton (an
automaton which interacts with the environment) is reached.
The chosen actions, along the path induced by the activated
automata between the root and leaf, are applied to the ran-
dom environment. The environment evaluates the applied

Fig. 2 Distributed Learning Automata

actions and emits a reinforcement signal to the DLA. The
activated learning automata along the chosen path update
their action probability vectors on the basis of the reinforce-
ment signal using the learning schemes. This procedure
repeats until the probability of the chosen paths is close
enough to unity. For example, in Fig. 2, every automaton has
two actions. If automaton A selects w3 from its action set,
then it activates automaton As. Afterwards, the automaton
Az will choose one of its possible actions and so on.

4 Proposed link prediction method in fuzzy social
networks

This section describes the proposed link prediction method
for fuzzy social networks. To do this, we first review the
fuzzy concepts that are used in the proposed method. Then,
we describe the preprocessing phase to show how the pro-
posed method models one social network into a fuzzy social
network. After that, we propose a link prediction algorithm
based on the fuzzy social network.

4.1 Fuzzy concepts

The fuzzy set theory, introduced by Zadeh [22], is suitable
for dealing with the uncertainty and imprecision associ-
ated with information concerning various parameters. In this
section, we briefly review the main concepts and definitions
of fuzzy sets, fuzzy variables and the fuzzy social networks.

Definition 1 A fuzzy set A in R (real line) is defined to
be a set of ordered pairs A = {(x, ua(x)) | x € R}, where
L4 (x) is called the membership function for the fuzzy sets.

Definition 2 A fuzzy set A is called normal if there is at
least one point x € R with s (x) = 1.

Definition 3 A fuzzy set A on R is convex if for any
X,y € R and any A €[0,1], we have g (Ax + (1 — 1)y) >
min(pa (x) pa (¥))-

Definition 4 A fuzzy number is a fuzzy set on the real line
that satisfies the conditions of normality and convexity.

Definition 5 A L-R fuzzy number denoted by M = (m, «,
A), has the following membership function:

0 x<m-—a«a
m—x

1— m—o<X<m

o
Uy (x) = 1 xX=m

xX—m

1-— Y m<x<m-+A
0 m-+A<x
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Definition 6 ([34]) A fuzzy social network is defined as
(V, E) where V =

{vi, v2, ..., v,} is a non-empty set of actors or nodes and
€11 - €ln

a fuzzy relational structure G =

E = is a fuzzy relation on V. Also (I =
énl +- e,’z
een) -+ wen)

e is a membership function. In other

WD) -+ 1)
words, each e;; is a fuzzy variable that shows a relationship
between nodes i and j. The proposed method uses the con-
cept of the strength of the links as a membership function
to transform a social network into a fuzzy social network,
where each link has a fuzzy number that shows the strength
of the link.

The procedure of creating a fuzzy social network is
described in detail in the next section.

4.2 Preprocessing phase

This section describes how the FLP-DLA models a static
social network into a fuzzy one. The construction of a fuzzy
social network based on activity records is done by captur-
ing the activities and interactions among the nodes of the
current network. An activity record is defined as a pair:
<Date, Co-No>. Date represents the date of the link occur-
rence and Co-No represents the number of nodes that are
evolving with the corresponding activity. For example, in
co-authorship social networks, the Co-No is the number of
authors that have collaborated in publishing the correspond-
ing paper, and in email networks the Co-No is the number
of recipients of an email. An example of an activity record
looks like this:

<2002/02/13,3 >

This paper tries to calculate a fuzzy strength for each link
based on the Date and Co-No variables. To do this, it first
converts the Date of each activity to a fuzzy one by defin-
ing a fuzzy variable for the Date variable. Different experts
define fuzzy sets in various ways. Here, Date is defined as
a fuzzy variable like the following fuzzy sets: if the social
network is used in the time interval [z¢'], then this time
interval is split into three sections: {very-old, old, recent}.
For example, if the time interval of the used social network
is [1994-2002], the Date fuzzy variable is represented by
the fuzzy sets in Fig. 3.

From Fig. 3, it can be observed that three fuzzy sets have
been defined: very-old, old and recent. Each of these fuzzy
sets can be represented using a triangular fuzzy number.

@ Springer
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1994 1995 1996 1997 1998 1999 2000 2001 2002

Fig. 3 Fuzzy Sets for Date Fuzzy Variable

Table 1 shows the value of the fuzzy sets representing the
date variable. The FLP-DLA uses the L-R fuzzy number
notation, where a fuzzy number is defined as a tuple (m, «,
A), where m is the mean value, « is the left spread, and X is
the right spread [22].

Now that we have defined a fuzzy number for each of
the possible values assigned to the date variable, we can
redefine our social activity records as follows:

< 2002/02/13,3 >— < recent, 3 >— < (2002, 4,0), 3 >

We have thus introduced an approach to convert the Date
variable into an L-R fuzzy number. Now we want to use this
fuzzy value and the Co-No information together to calcu-
late the link strength. We define the link strength as an L-R
fuzzy variable, S(n, 7, v), where n is the mean value, T is
the left spread and v is the right spread, and we propose the
following equation to obtain the link strength:

_Co—No
n=x,Xe 2

T = Xq, U =1 0

where x is the Date fuzzy number, x;, is the mean value of
the X, x4 is the left spread, xg is the right spread and Co-No
represents the cooperation number of the link. This function
is designed such that the newer papers with lower cooper-
ation number have a higher strength. For example, assume
we have a social activity in the form of < (2002, 4, 0), 3 >.
The strength of the link based on (2) is the L-R fuzzy num-
ber S(0.2231, 4, 0). Thus, using (2), we finally have a fuzzy
social network in which each link has an L-R fuzzy strength.
Figure 4 shows an example of converting a social network
to a fuzzy social network. In the next step, we use this fuzzy
social network to predict future links.

Table 1 L-R fuzzy numbers for the Date variable

Fuzzy Set L-R Fuzzy Number
Very-old (1994, 0, 4)
Old (1998, 4, 4)
Recent (2002, 4, 0)
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<2002, 3>

et
Convert to Fuzzy Dates

<recent, 3>

<old, 2>

<2000, 4> <recent,4> 9
i
$(0.2231, 4, 0) @
<(2002, 4, 0), 3>
503678,
<(1998, 4, 4), 2>
5(0.1353, 4, 0)

<(2002, 4, 0), 4>

Fig. 4 Example of Converting a Social Network to a Fuzzy Social
Network

4.3 Proposed fuzzy link prediction

This section describes the proposed link prediction based
on the fuzzy social network that was introduced and gener-
ated in the two previous sub-sections. The proposed method
takes advantage of DLA to predict future links according
to the following procedure: in the beginning, each node of
the graph is equipped with a learning automaton, and as
a result, a network of learning automata isomorphic to the
graph is initially constructed. The set of distributed learn-
ing automata is defined by the tuple < Ax >, where A =

{A1As, ..., A,} is the set of learning automata correspond-
ing to the set of nodes, and o = {«y, @2, ..., «,} denotes
the set of actions in which o; = {o, o, ..., a/'} is the

set of actions that can be taken by the learning automaton
A;. In the proposed algorithm, the action set of each learn-
ing automaton (e.g. A;) is to choose one of the neighbors j
based on probability p;; that is initialized as:

! 3
Pij = m ( )
where d(v;) is the degree of vertex v;.

At the beginning of the algorithm, all learning automata
are considered inactive. The FLP-DLA first chooses a node
A; as the start node from the set of nodes MN;.. The
Niest 1s the set of end-point nodes of links that must be
predicted. Automaton A; is selected and activated. The acti-
vated automaton selects one of its neighbors (A ;) according
to the probability vector A;. Then, A; selects one of its
neighbors Ay according to the probability vector of A;.
This procedure is continued until node Aj belongs to the
Nyest set. Thus, there is a fuzzy path P, between A; and Ay
such that the pair (A; Ax) belongs to our test set. Now, the

FLP-DLA calculates the strength of path P, S (P,) based
on the following equation:
ZlelinksinPr EV(SI)

X “)
where EV (S;) is the expected value of the strength of link
land k is the length of P,. Since the strength of each link
is an L-R fuzzy number, the expected value of the strength
of link I, EV (§;) is calculated based on the following
equation:

S(Py) =

v—T

3 &)
In other words, the strength of path P, is equal to the aver-
age of the expected strength values of the links in the path
P, Now, FLP-DLA normalizes this strength to a number
value in the interval [0, 1] to generate a § signal. Then, it
rewards or penalizes all the learning automata in path P,
based on the 8 value using (1). It also assigns the obtained

EV(x)=n-—

Convert Date Information of Social Network to L-R Fuzzy Numbers

Calculate Fuzzy Strength for each Link based on its Date Fuzzy
Variable and Cooperation Number

Run DLA to Find a Path between a Link that Must Be Predicted

Calculate Path Strength using Equation (4)

Generate f§ based on Path Strength

Reward or Penalize each LA in the Path

If Threshold
of
Convergence
No Reached?

Sort Links that Must Be Predicted Based on their Strength

l

Output k-top Test Links with Higher Path Strength

Fig. 5 Pseudocode of the Proposed Link Prediction in Fuzzy Social
Network based on Distributed Learning Automata
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path strength to the link strength. Then it again chooses a
node from set N, and creates a fuzzy path. This process is
iteratively repeated until a predefined number of iterations
are carried out or the process exceeds a predefined threshold
of convergence. The threshold of convergence is defined by
the product of the action probability vector of the learning
automata, as follows:

7 = [ [ argmax{p; (1)} 6)
ieT

where ¢ is the iteration number, and T is the set of training

nodes in the graph. In addition, p; () shows the probability

vector of automaton { in iteration ¢.

At the end of this process, k-top test links with higher
strength will be taken as the future links. The pseudocode
of the proposed algorithm based on the distributed learning
automaton is shown in Figs. 5 and 6. In Fig. 5, a set of learn-
ing automata isomorphic to the nodes of the graph is first
considered, and the Date information of the social network

Convert Date Information of Social Network to L-R Fuzzy Numbers

Calculate Fuzzy Strength for each Link based on its Date Fuzzy
Variable and Cooperation Number

Run DLA to Find a Path between a Link that Must Be Predicted

Calculate Path Strength using Equation (4)

Generate f§ based on Path Strength

Reward or Penalize each LA in the Path

If Threshold
of
Convergence
No Reached?

Sort Links that Must Be Predicted Based on their Strength

l

Output k-top Test Links with Higher Path Strength

Fig. 6 Block Diagram of the Proposed Link Prediction in Fuzzy
Social Networks based on Distributed Learning Automata

@ Springer

used is converted to a set of L-R fuzzy numbers. Then for
each link, the fuzzy strength of the link is calculated based
on (1). In each iteration of the FLP-DLA, a random start
node is chosen for the DLA, and the DLA tries to find a
path between the endpoints of a test link. When this path
is created, the DLA stops and calculates the strength of the
obtained path using (4) and (5). This strength is used as the
reinforcement signal to reward or penalize each LA in the
path. Finally, the convergence metric of the DLA is calcu-
lated based on (6). Until the convergence metric reaches a
predefined threshold, a random start node is selected again
and the procedure of finding the path and rewarding or
penalizing the DLA is repeated.

5 Experiment results

In this section, in order to evaluate the performance of
the proposed algorithm, several computer experiments have
been conducted and the performance of the proposed algo-
rithm is compared in terms of performance and accuracy.
The rest of this section first gives the dataset and evaluation
metrics that are used in the experiments and then gives a set
of experiments.

5.1 Data set and evaluation metrics

In this section, the data of the social network and the eval-
uation metrics used in our experiments are described. For
the experiments developed in this work, we consider the
following two groups of networks:

e Co-Authorship Networks: A type of social network
where the nodes represent the authors and two authors
are connected if they have collaborated on a paper.
The collaboration network is widely used to understand
the topology and dynamics of complex networks. This
paper uses three co-authorship networks from three sec-
tions of Arxiv! and extracted data from the years 1993
to 2003 for all the datasets. The first network is com-
posed of authors that collaborated in theoretical high
energy physics? (hep-th). The second one is formed of
authors who published papers in high energy physics’
(hep-ph) and the third is sampled from collaborations
in astrophysics* (Astro-ph). In these datasets, if author i
co-authored a paper with author j, the graph contains an
undirected edge from i to j. If the paper is co-authored

Uhttp://www.arxiv.org
Zhttp://arxiv.org/archive/hep-th
3http://arxiv.org/archive/hep-ph
“http://arxiv.org/archive/Astro-ph
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Table 2 Network Size in Terms of Nodes and Edges

Data Set Nodes Edges Description

Hep-th 9,877 51,971 Collaboration network of
Arxiv High Energy Physics
Theory

Hep-ph 12,008 237,010 Collaboration network of
Arxiv High Energy Physics

Astro-ph 18,772 396,160 Collaboration network of
Arxiv Astro Physics

Email-Enron 36,692 367,662 Email communication net-
work from Enron

Email-EuAll 265,214 420,045 Email network from a EU

research institution

by k authors, this generates a completely connected
(sub) graph on k nodes.

e Email Communication Networks: This is a type of
social network where the nodes of the network are email
addresses. If an address i has sent at least one email
to address j, the graph contains an undirected edge
from i to j. In our experiments, we use two email com-
munication data sets: the Enron email communication
network® and Eu-All email communication network.°
The Enron email communication network includes a
dataset of around half a million emails that were made
public by the Federal Energy Regulatory Commission,
and we extract data from May 1999 through May 2002
(36 months). In addition, the Eu-All email communi-
cation network was extracted using email data from
a large European research institution, and data were
extracted from October 2003 to May 2005 (18 months).
The network specification of each dataset is presented
in Table 2. Since these networks are highly sparse, in
order to make computation feasible we reduce the num-
ber of candidate pairs by choosing only the ones that
have at least two connections on the network.

In order to carry out experiments for collaboration net-
works (Hep-th, Hep-ph and Astro-ph), the proposed method
considers the data from 1993 to 2002 as the training data
(taking each year as a time period) and the year 2003 as test
data. Additionally for email networks (Enron and EuAll), it
considers the first 70% of the available months as training
data (each month as a time period) and the remaining 30% as
the test data. Because the FLP-DLA is a stochastic method,
all the results reported in the next sections are calculated
based on the mean of 30 random runs of the FLP-DLA.

>http://www.cs.cmu.edu/~enron/
Shttp://snap.stanford.edu/data/email-EuAll.html

To evaluate the proposed method using other link predic-
tion methods, we use the two common evaluation metrics as
follows:

e AUC Metric [35]: If we rank all of the non-existent
links based on their scores, the AUC metric can be inter-
preted as the probability that a random missing link has
a higher score than a random non-existent link. In the
algorithmic implementation, at each point in time it ran-
domly picks a missing link and a nonexistent link and
compares their scores. If from n independent compar-
isons, there are n’ times that missing links have a higher
score and n” times that they have the same score, the
AUC value is:

n’ +0.5n"
AUC =——— (7
n
If the AUC value has a value of more than 0.5,
it is better than the random link prediction algorithm;
the farther the value from 0.5, the more accurate the
algorithm.
e Precision [35]: If we predict L links to be connected and
L, links from L links are right, the precision is defined
as:

- L,
Precision = — (8)
L

Clearly, higher precision means higher prediction
accuracy.

5.2 Experiments

This section presents three experiments to evaluate the per-
formance and accuracy of the proposed method. The first
experiment compares the accuracy of the FLP-DLA with
the other link prediction methods. The second experiment
compares the metrics of the predicted social network with
the original one. Finally, the third experiment compares the
computational complexity of the proposed method.

5.2.1 Experiment 1: FLP-DLA comparison with other link
prediction methods

This section compares the proposed FLP-DLA with some
classical and recent link prediction methods. In order to
improve the comparison, a set of algorithms in three cate-
gories is chosen:

e Common Similarity-Based Link Predictions: in this
group of methods, the following common similarity-
based link prediction methods are chosen for compar-
ison with the proposed method: CN, Salton, Jaccard,
PA, AA as local similarity metrics, Katz as the global
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Table 3 AUC Measures of

Proposed FLP-DLA and Other Method/Data Set Hep-th Hep-ph Astro-ph Enron EuAll Average

Link Prediction Methods
CN 0.7945 0.7025 0.6791 0.8123 0.6643 0.7305
Salton 0.7850 0.6854 0.6441 0.8087 0.6285 0.7103
Jaccard 0.6438 0.6026 0.5719 0.7010 0.6259 0.6290
PA 0.6400 0.6101 0.5574 0.6743 0.6049 0.6173
AA 0.7562 0.7109 0.6840 0.8045 0.6097 0.7130
Katz 0.8487 0.8611 0.7486 0.8896 0.7008 0.8097
LP 0.8305 0.8128 0.7115 0.8542 0.6905 0.7790
IP 0.8525 0.8548 0.7328 0.8836 0.7376 0.8112
CMA-ES 0.8462 0.8501 0.7241 0.8601 0.7243 0.8009
MI-LP 0.8950 0.8791 0.7510 0.8547 0.7165 0.8192
FLP 0.8654 0.8752 0.7456 0.8727 0.7452 0.8208
FLP-DLA 0.9004 0.8895 0.7560 0.9014 0.7720 0.8438

similarity metric and LP as the quasi-local similarity
metric [2].

e Supervised Link Predictions: in this group of algo-
rithms, three recent link prediction algorithms are cho-
sen, Interaction Prediction (IP) [36], CMA-ES [37] and
MI-LP [18], that try to predict future links.

e Fuzzy Link Predictions: in this group of algorithms
the recent fuzzy link prediction FLP [25] is chosen for
comparison with the proposed algorithm.

It should be noted that the parameters of the used algorithms
are borrowed from their references. Tables 3 and 4 present
the average AUC and precision scores based on 30 random
runs of the FLP-DLA, respectively. In addition, in order to
give a better comparison, a set of one-tailed t-tests (with
a =0.05 and degree of freedom=98) were carried out on the
results such that if the result of the t-test between the FLP-
DLA and another algorithm is a negative value, then the
FLP-DLA statistically outperforms that algorithm. The sta-
tistical differences between the experiments obtained with

the FLP-DLA and the other methods for the test data sets
are listed in Table 5. It should also be mentioned that for
the following tables given in this section, the best results are
highlighted.

Tables 3 and 4 demonstrate that the proposed FLP-DLA
is able to achieve AUC (0.8438) and precision (0.5965)
measures which are significantly better than local similarity-
based algorithms: CN (AUC=0.7305, precision=0.4812),
Salton (AUC=0.7103, precision=0.4603), Jaccard
(AUC=0.6290, precision=0.4098), PA (AUC=0.6173,
precision=0.3889), AA (AUC=0.7130, precision=0.4635).
Given that the proposed fuzzy link prediction uses the
global information of the social network to predict future
links, it is not surprising that the FLP-DLA performs better
than local similarity metrics. The proposed method is also
superior to the Katz (AUC=0.8097, precision=0.5691)
and LP (AUC=0.7790, precision=0.5329) link predictions.
Since Katz uses the path lengths between two nodes to
predict future links, this shows that the strength of the path
between two nodes results in a better prediction than using

Table 4 Precision Measures of

the Proposed FLP-DLA and Method/Dataset Hep-th Hep-ph Astro-ph Enron EuAll Average

Other Link Prediction Methods
CN 0.5421 0.4532 0.4291 0.5620 0.4196 0.4812
Salton 0.5395 0.4260 0.4021 0.5582 0.3758 0.4603
Jaccard 0.4856 0.3690 0.3620 0.4529 0.3795 0.4098
PA 0.4821 0.3699 0.3052 0.4283 0.3593 0.3889
AA 0.5027 0.4549 0.4503 0.5598 0.3500 0.4635
Katz 0.6135 0.6298 0.5049 0.6473 0.4503 0.5691
LP 0.5703 0.5831 0.4611 0.6184 0.4319 0.5329
IP 0.5853 0.6086 0.5025 0.6204 0.4702 0.5574
CMA-ES 0.6032 0.6140 0.5000 0.6158 0.4637 0.5481
MI-LP 0.6273 0.6382 0.5458 0.5861 0.4578 0.5710
FLP 0.6154 0.6259 0.5249 0.6184 0.4899 0.5749
FLP-DLA 0.6452 0.6401 0.5499 0.6420 0.5057 0.5965
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Table 5 Results of Statistical T-Test between the FLP-DLA and Other
Link Prediction Methods

Method/Metric AUC Precision
CN —36.8581 —36.0312
Salton —34.7168 —34.8645
Jaccard —87.2769 —70.6142
PA —95.4301 —65.9421
AA —38.5284 —36.7381
Katz —7.5308 —5.4301
LP —17.3185 —15.5428
1P —6.5712 —5.0010
CMA-ES —6.5782 —5.6891
MI-LP —3.8194 —2.8124

the path length between them. In comparison to the LP,
since FLP-DLA is better than Katz, it is not surprising that
it is also better than LP. In addition, from Tables 3 and 4 it
can be seen that the FLP-DLA is able to achieve an AUC
and precision which is much better than IP (AUC=0.8112,
precision=0.5574). Considering that both IP and FLP-DLA
use time series information, a better result can be obtained
for two main reasons: 1) in contrast to IP, FLP-DLA uses
a non-exact value for the date of the link occurrence and
considers the number of collaborations in modelling the
link strength; and 2) FLP-DLA estimates the path strength
using many graph navigations, but in IP the next value of
every feature in the network is estimated using a forecast-
ing model. From the results, it can be seen that FLP-DLA
is better than CMA-ES (AUC=0.8009, precision=0.5481)
because FLP-DLA uses the Date information while CMA-
ES does not; it only tries to combine the similarity metrics
by considering a weight for each similarity metric. Thus,
since FLP-DLA is very much better than similarity-based
methods, it is not unexpected that FLP-DLA would be bet-
ter than CMA-ES. FLP-DLA is also better than MI-LP
(AUC=0.8192, precision=0.5710) since MLP only uses
mutual information of the network structure while FLP-
DLA uses the Date concept, and predicts links using iter-
ative graph navigation. Finally, FLP-DLA is a little better
than FLP (AUC=0.8208, precision=0.5749) because FLP
does not use the Date concept and only uses fuzzy con-
cepts in the clustering coefficient concept. FLP-DLA uses

the fuzzy Date concept to include the Date of the link occur-
rence in the predicting task, because it is assumed here that
very old or very weak links are not important for the pre-
diction task. Table 5 also confirms the obtained result and
shows that FLP-DLA outperforms several recent link pre-
diction methods. From the results of this section, it can be
concluded that the prediction is better when the event date
is considered instead of the static structure, and the concept
of fuzzy strength is used instead of the binary value of link
existence.

5.2.2 Experiment 2: Comparison of the metrics
of the obtained network with the original network

This experiment compares the topological features of the
predicted network which is obtained from the prediction
results with the original social network. The predicted net-
work is a network with n random predicted edges, where
n is the number of edges in the original network. It there-
fore has the same number of edges as the original network,
and the goal in this experiment is to compare the topolog-
ical features of the original network such as the number
of connected components, efficiency and clustering coef-
ficient with the predicted network. If the values of these
features in both the original and predicted network are sim-
ilar, it can be concluded that the proposed algorithm works
well. For each data set, we test this experiment on its largest
connected component. Table 6 summarizes the topological
features of the original and predicted network for the largest
component of the datasets used. In Table 6, NUMc, is the
number of connected components in network X and the size
of the largest one. For example, 1222/2 means that this net-
work has two connected components and the largest one
contains 1222 nodes. In this table, e, is the efficiency of
network X, C, is the clustering coefficient and K, is the
average degree of the network. From the obtained result, it
can be seen that the topological features in the original net-
work and the predicted network are approximately similar,
which confirms the efficiency of the proposed algorithm.
Likewise, from the results of the previous section and the
reported topological features of the original network, it can
be concluded that the proposed algorithm does better in net-
works with a higher cluster coefficient and higher average
degree.

Table 6 Results of

Topological Features in the Dataset NumCoriginat  NUmMCpredicted Eoriginal Epredicted Coriginal Cpredicted  Koriginal  Kpredicted

Original Network and

Predicted Network Hep-th 4042/1 3465/1 0.185 0.145 0.764 0.652 4.247 3.128
Hep-ph 7031/1 6052/1 0.131 0.117 0.683 0.600 4.021 3.247
Astro-ph 9032/1 7518/1 0.115 0.094 0.581 0.504 2.538 2.065
Email-Enron 14704/1 10874/1 0.073 0.056 0.236 0.201 2.531 1.995
Email-EuAll 18046/1 11582/1 0.054 0.041 0.145 0.94 1.032 0.976
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Table 7 Comparison of

Computation Time for the Method/Dataset Hep-th Hep-ph Astro-ph Enron EuAll

Proposed Algorithm (in

Seconds) CN 115.42 124.58 250.24 2704.20 3187.98
Salton 130.38 132.64 270.42 2930.45 3260.76
Jaccard 125.34 128.59 257.52 2853.87 3305.65
PA 80.42 85.76 176.90 1604.05 1870.65
AA 120.35 124.74 234.51 2801.42 3705.32
Katz 149.87 157.76 310.83 4703.65 5204.61
LP 135.24 151.00 280.09 3487.61 4270.09
FLP-DLA 5121.21 10510.32 18451.87 8100.00 25495.10

5.2.3 Experiment 3: computational complexity

In this experiment, the computation time and the speed of
convergence of the FLP-DLA are demonstrated for all five
datasets. These algorithms are implemented in MATLAB
R2009a on a PC, which has a single CPU of Intel(R) Core
17-960 3.2 GHz and 16 GB of memory. Table 7 shows the
computation time for the proposed algorithm over 2000 iter-
ations; it can be seen that the FLP-DLA requires a rational
computation time based on its accuracy.

6 Conclusion

One of the challenges of the link prediction problem is
that many of the suggested methods do not consider the
date of link occurrence and use only the binary version
of the social network. In this paper, a new link predic-
tion for fuzzy social networks based on distributed learning
automata (FLP-DLA) is proposed. The proposed method
first models the social network as a fuzzy social network,
where each link has a fuzzy strength. The fuzzy strength
is defined using the date of link occurrence and the num-
ber of collaborations in the corresponding link, since it is
assumed that very old links are not important in the pre-
diction task. Then, the fuzzy links are used by distribution
learning automata to find the strength of a path for any link
that must be predicted. DLA tries to find the path strength
using a reinforcement mechanism and graph navigation. In
the proposed method, there is one LA for each node in the
network, and in each iteration, the DLA tries to generate a
path such that the start and end nodes of the path (s, ep)
belong to some test link. Then, it uses the strength of the
generated path to find the strength of the link (s ep). It also
uses this strength to reward or penalize the set of learning
automata that exist along the path. Finally, the links with
higher strength are selected as future links.

Our model is compared with some common similarity
methods which show that the proposed method is com-
pletely better than static similarity-based methods because

@ Springer

of the use of the date concept and global navigation in the
graph. Our method is an iteration-based method, and thus
takes a higher computational time in comparison to most
similarity-based methods; however, its computational time
is acceptable considering its accuracy. We also compare the
proposed algorithm with several recent link prediction algo-
rithms, and here the proposed FLP-DLA is again superior
to recent methods in terms of accuracy. Finally, we compare
the topological features of the obtained network with the
original network. The experiment shows that the features of
predicted network are similar to the original network that
confirms the FLP-DLA. From the result, we can conclude
that the date of the link occurrence in terms of fuzzy vari-
ables (the non-exact value) and the number of collaborations
are good metrics to model the strength of links; we can
also conclude that using the strength of links to estimate the
strength of non-existent links is a good approach towards
predicting future links.
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