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ABSTRACT

Most of recommender systems rely on the users’
preferences to recommend items. With the increase of data
and the number of users on the internet, the task of
recommender system becomes more and more
sophisticated. The fusion of users’ preferences is a solution
to facilitate that task. The resolution of this issue, helps in
decreasing the run time of a recommender system. This
research focuses on the issue of preference fusion in the
context of social network. The aim of this research is to
determine the collective preferences of users belonging to
a given community based on their individual preferences.
In particular, researchers are interested here in the
representation of individual preferences, taking into
account the uncertainty and imprecision phenomenon. In
this research two methods are proposed: majority vote
method and the Dempster Shafer theory of evidence.
Experiments on generated datasets would highlight the
interest of the proposed solution.

Key words: Fusion; classification; combination; Dempster
Shafer theory; detection of preferences; social network.

1. INTRODUCTION

Any decision making is based on the preferences that
constitute the crucial component in many fields in order to
choose the best and most appropriate decisions. Any
scientist has to build the most convenient and relevant
model to his situation, hence preference modeling is the
more important step in a great variety of fields such as
mathematical programming [1], biology [2], political
science [3], economy [4], [5], computer science [6],
databases [7], [8], artificial intelligence [9], ... etc.

Within the field of artificial intelligence, the area of multi-
agent preference is witnessing a growing interest. Simply
stated, in some system, each agent expresses their
preferences towards a possible set of decisions. These
individuals® preferences will be aggregate to a collective
preference of the group in a centralized system. In [11],
[12] the authors present definitions, concepts and tools
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which can be used to make collective decisions in multi
agent system.

In social networks, which are similar to a multi-agent
system, modeling the preferences is very important
especially in the development and implementation of
recommendation system (also known "recommender
system™) which is under incessant development. It’s a
mechanism that recommends or helps users find some
needs like:

- Products as the Amazon system and Alibaba system.
This kind of system helps in searching some products
and recommends other products to the users.

- Webpages, as Google: by using Google, some pages
are recommended based on the search history of the
user, the visited sites ...etc.

« Music: where music is recommended according to
the sentiments of the user extracted from social
networks [16].

- Friends, in social network like Facebook and twitter
where the system recommends some users to be
friend with or help in finding friends based on the
individuals interests.

The context of "modeling the preferences” of users in
social networks can help in refining and ordering the result
of a web search based on the preferences or interests of a
user and his friends [13]. For instance Google provides
different results of a search for many users using the same
words [10].

Nowadays, sociologists declare that the causes of social
phenomena need to be initiated by studying groups instead
of individuals [15]. Thereby comes this idea, instead of
studying the preferences of each user authors will model
and merge the preferences of the communities. A
community in a social network is a set of users who
interact with each other more frequently and often share
the same preferences and interests.

To fuse the preferences, many techniques of data fusion
are used in literature for instance Support Vector Machine
(SVM) [16], Hidden Markov Models (HMM) [17],
possibility theory [7] Artificial Neural Network (ANN)



[15], majority vote method, Bayesian approach [20], belief
functions [27]...etc.

In this article, the modeling of the user’s preferences will
be studied and a graphic representation for those
preferences will be used. For this reason the graph
representation; and then two techniques of data fusion to
merge the users’ preferences in a community will be used.
Major contribution in this research consists in presenting
the preferences of all users in a community, instead of
studying the preferences of each user. This method allows
to minimize the run time of a recommender system, and
comparing the belief function and the majority vote
method.

2. STATE OF THE ART

2.1. Social Networks

Many definitions of social networks have been proposed in
literature. In [22] the author defines social network as an
approaches of interactions or relationships, where the
nodes consist of actors, and the edges consist of the
relationships or interactions between these actors.
According to [23], social network site (SNS) provides a
new way of communication by the use of computers as a
means to increase the speed of forming groups and to
expand the group area and influence.

Nowadays, an enormous quantity of data is generated
while users, forming networks, are using the social
platforms to play games, to do their job, or to socialize...
etc. The huge number of users and connections and the
enormous quantity of data conduct researchers to study
social networks for many aims. Many tasks may be
studied:

« Network Modeling: can be used to study different
properties of a given network e.g the diffusion of
information within the network. Due to the huge
number of users, Network modeling becomes a real
challenge. A fair amount of work has been done to
model networks [24]

- Influence Modeling: is very important to figure out
the process of influence. In [9] authors focus on the
propagation of information and the identification of
subset for nodes that influence more than the others.
Among goals to study and their influence.

— To determine customers who influence more their
friends, it’s known byword-of-mouth marketing
— To study the spread of a new idea

- Privacy: is a substantial and paramount topic some
social networks (e.g Facebook, Twitter...etc.) are
often suspected about user privacy and even though
they reveal some parts of their datasets to be studied
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anonymously just a description of their interactions
or relationships.

- Community detection: is one of the fundamental
areas of study, it consists of finding communities in a
social network. Till now, there’s no specific or exact
definition of communities in social network. Authors
in 5 define community as follows: “They are usually
considered as groups of nodes, in which intra-group
connections are much denser than those inter-group
ones”, they cannot be quantified by numbers. Other
terms used for communities such as: clusters,
partition, modules or cohesive subgroups. [19], [21].

Lately, researchers have focused more on algorithms or
methods to ease the detection of communities in networks.
Over the last few years, a huge amount of surveys have
been consecrated to study the methods or the algorithms
aiming to detect communities [27]. As many approaches
have been proposed, the actual research is going to retain
those which have mostly attracted the interest of
researchers. Community detection methods can be
classified into five classes or categories:

« Graph partitioning
Hierarchical clustering
Optimization methods
Based model algorithms
Hybrid Approaches

Classification and recommendation are common tasks in
social networks. A successful social network provides
recommendation for every user like friendship, pages,
groups etc. For instance, a common feature on the majority
of social network is the friendship recommendation, the
SNS recommends to the user a number of friends that they
might know like old ones, classmates, old neighbors. And
due to the huge number of users in a given social network,
it’s so hard for a user to know who is connected to the site;
recommender system is the easiest way to bring other
users who may have the same interests or preferences with
them. A large variety of recommendation techniques
exists. Through the research works, various attempts to
classify approaches or techniques were performed. The
classification of these methods depends particularly on the
type of data and the learning method used by the
recommendation system, where the main types of the RSs
are:

- Content-Based Filtering

- Collaborative Filtering

« Hybrid recommendation

2.2. Preferences modeling

Most of the work done in preferences modeling are started
up with a set X of "objects” to be compared or to be
evaluated. According to the context, this set can be finite



or infinite. Let us consider a couple (x,y) of objects. To
compare the two objects "a™ and "b" hence 3 situations are
existing:
- The preference of one of the two objects to the other.
- Indifference between the two objects.
- In-comparability between the two objects.
These 3 situations can be noted as follows:
-« a<brespa>bif ais preferred to b (resp b is
prefred to a)
- a=b if a and b are indifferent (a and b with the
same degree will be given preference)
- a#b if a and b are comparable (car can’t be
comparable to food)

These 3 situations are used in the most works dealing with
the preferences modeling [93]. Given a set A of objects,

- All the couples (a,b)such as a < b establish the
preference relation, noted P; it is natural to consider
that this relation is asymmetric: i.e Pa is not possible,
and if aPb, then bPais excluded.

- All the couples (a,b) such as a = b establish the
relation of indifference, noted I; it is natural to
consider that this relation is reflexive i.e ala is
always possible and symmetric i.e. if alb, then bla

« All the couples (a,b) such as a # b establish the
relation of in-comparability, noted R; it is natural to
consider that this relation is deliberate i.e aRa is not
possible and symmetric i.e. if aRb, then bRa

Table 1: Graphic representation

a-b a b a<b

aPb alb aRb

/]

Figure 1: Graphical representation.

It is considered that the three relations (P,I,R)form the
preferences structure on A only if they have the properties
indicated above, and for all couple of elements a and b
there is only one of the following possibilities:

- aPb

« bPa

- alb
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« aRb

In this work, authors have adopted the following
representation to represent the preferences structure as
mentioned in Table 1.

It can be convenient to represent a preference structure by
a matrix as in table 2. This representation may facilitate
the task of reading the preferences between objects in case
of a huge number of objects. Also called adjacency matrix.
In mathematics, an adjacency matrix, for a finite graph
with n nodes, is a n x n matrix where the non-diagonal
element a;; represents the number of edges linking the
node i to the node j. the diagonal element a;; is the number
of loops in that node.

In graph theory, the adjacency matrix contains only "0"
and "1", if a;; = Omeans that there is no link between the
node ”i” and the node ”j” and if a;; = 1 means there is a
link between i and j.

Example: let a be set of objects A = {a,b,c,d}authors have
assumed the following preference structure:

- P={(a b).(b, c).(c, a).(c, d).(d, b)}

- 1={(b. d)}

- R={(a d)}
The table 2 shows graphical representation and the matrix
description of the example.

Table 2: Matrix representation

al|b|lc|d

c|1]0/|0]1

d|0|1]0]0

2.3. Data fusion and proposed methods
2.3.1. Definition:

Data fusion is represented by a set of scientific methods to
create or refine indicators by fusing data from
heterogeneous sources or sensors. These sensors or
sources may be: radar, therma, acoustic, laser, optical,
sonar analysis, or chemical detection devices etc. The field
of data fusion has multiple uses [17]. It is generally used
for the indicators for which there is no estimation method
or making reliable direct decision and / or easy to
implement. Data fusion is a specially information
integration problem [17]. Therefore, integrating data from
multiple sensors of different types provides a better result
because the strengths of one type can compensate for the
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weaknesses of another type. In simple words data or
information fusion consists in combining data from many
sources to ameliorate making decisions. The data fusion
process consists of 4 steps [26]. Firstly, the modeling task
was defined by how the information is represented by
experts. The second step describes the estimation
information: it depends on the modeling where authors
give measure reliability to some sources. The most
important step is to determine how data are combined, this
is the third step. Finally, we use information issue from
combination step to make an appropriate decision.
Conceptually, data fusion is a class of problems
appropriate for many applications like: Environment,
military, medical, economics etc. 2.3.2. Notations and
positioning:

« S ={sy,5;,...5,} denotes the set of sources in a
system where n is the number of all sources. Each
source is represented by S;

- D={d, d, ..d,} denotes the set of possible
decision where m is the number of all possible
decisions. Each decision is represented by d;

- M= Matrix containing the set of observation of each
source s; on every decision d;

[ d d ody 7
S cee

: | M} (x) M} (x) M,%(x)|
Ve 7 oMo - M)
mlupe T oMre T MpG)

Where Mij (x) represents the observation of the j* source
on the i decision.
2.3.3. Proposed methods:

Among the methods used for data fusion, Vote method is
the simplest one to be implemented. And it has only three
steps because there’s no estimation step [26]. In this
research, N, decisions will be made as decision for each
pair of object is required.

For this method, the decisions d; are exclusives.
- Modeling step:

M (x) = {1 ifu/(x) =i
L 0 otherwise

Where U7 (x) = 1 means that the user chooses situation i
for the pair j

- Combination step: The combination of the sources is
given by:

M/, ()
n

= Z Ml.j (x) forallj 2
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Decision step: In this step each pair is to be decided, i.e.
the situation where it has the maximum between fourth
ones has been taken. And if result is two maximums, it

means that decision for that pair can be taken.
u

.. j u .
E(x) = {L if maxM;, , (x) > > for each combination

0 otherwise

©)
The rule of majority vote consists in choosing the decision
taken by the maximum of users. However this rule
conducts sometimes to a non-decision i.e. in case where
the number of usersu is a pair number and u/2 of users
decide S; and the others u/2 sources decide S,, a non-
decision is faced here because which one to make between
the two situations can’t be decided. So decision is added
d,.1 Wwhich represents the uncertainty. So, the best
combination is applied when the outputs are independent
and an odd number of sources is achieved. The majority
vote method has many advantages, for example, it is easy
to use or implement and it doesn’t need a prior knowledge.

Algorithm 1: Fusion of n users and m objects by
Majority Voting Method.

Input : n,m: integer
Output: Graph for the m objects
Var

Nc, nocol, Long, Q: integer Nc, nocol, Long, Q: integer
Vf, Rf, Res : vector Mf : matrix Max: real begin
nc=(mx(m-1))/2 nocol=nc x 4
Generation of the matrix(nuser, nocol)
VFf « Sum of each column
VFf « Vf/nuser
Mf «— matrix(vf, nrow=nc, byrow) % Transform of vf
into matrix with number of possible combination and
4 columns for the 4 situations;
for i «— 1toncdo
Max«— max(MfTi,]);
Long« number of duplicated Max;
if (long=1) then
Q < index of the Max;
Res[i] < Q;
end else
| Res[i] < 0 % no decision;
end
end
Creation of adjacency Matrix;
Plot of the graph;




The algorithm 1 explains steps of the preference fusion for
n users with m objects.

Case study: To better explain the process of this method,
authors are going to present the approach with 3 persons
and 4 objects. So three of them express their preferences
toward 4 objects by pair wise. So figure 2 illustrate the
approach; it is assumed that there are three users who have
expressed their preferences: a single arrow

User 1's preferences User 2's preferences

User 3's preferences

@

Figure. 2: Preferences of 3 users.

©

@

Figure 3: The result of fusion for 4 objects.

indicates preferably, a double one the indifference and in-
comparability without arrow.

The result of the fusion process was indicated in figure 3.
Results thus shows the object’2 being preferred to the
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object’1 by two of the three, preference of the group will
remain Object’2 preferred to the object’1. The indifference
between objects’2 and ’4 for the first person and the third
person remains indifferent after fusion process and so
forth.

Preferences fusion based on the Dempster Shafer
Theory: The Dempster-Shafer theory of evidence was first
proposed by Arthur.P Dempster in 1967 and Glenn Shafer
in 1976 and was also known as the theory of belief
functions [28]. This theory is a generalization of the
Bayesian one’s of subjective probabilities. The major
difference between DST and Bayesian fusion is that the
beliefs are assigned to sets in the first one and to elements
in the latter one. The frame of discernment Q =
{Q1,Q, ...,Q,}is the base of DST, it’s an exhaustive set
of mutually exclusive alternatives or decisions of a given
problem. And the set noted 2% consists of all possible
subsets formed by decisions and union of decisions from Q
and for this reason the DST allows us to model the
information’s imprecision. It also contains the empty set
which represents the conflict.
* Modeling
Abelief distribution mass (bba: basic belief
assignment)m represents the belief on subsets
of the frame of discernment and it’s defined:

m:2¢ — [0,1]
Z m(4) = 1
ACH

Where A is a subset of Q. For the mass of empty set there
are 2 possibilities:
- m(@) = 0in this case is is assumed that all
decisions are exhaustive.
- m(@) > 0 in this case a decision may be
accepted which is not included.
The mass function represents one of many functions used
in this step, among them plausibility function, belief
function, communality function etc. can be cited [27],
[29].
- Estimation

In this step, we can affect a specific quantity of belief on a
special set, for example it can be estimated that a subset
has an important belief more than the other subsets.

- Combination

The combination is an important number of contributions
were done to propose new rules. In [27], [29] authors
present one of many surveys about combination rules in
the DST. And among those rules Conjunctive rule, Yager
rule, Inagaki rule etc. is selected.



Authors focus here on the conjunctive rule or the
Dempster rule. This rule allows combining two mass
functions or more to one function. For two functions the
rule is written as below:

m(4) = m @ - ®my(4) =
ZBlnu-an:A H;n=1 m; (B]-) )

For all A € 2%and for the m mass function is written:

m(4) = m;@®m,(A4) = Xpnc m;i(B)m,(C) ©)

This rule is used when authors dispose of sources inducing
masses are known and telling the truth and independents,
which means that they are assumed to provide a specific
and non-overlapping evidences.

- Decision

This is the last step; different criteria to allow making the
decision are presented: maximum of plausibility,
maximum of belief, or of pignistic probability. The latter
one was introduced by Smets in [30]. The algorithm 2
represents all steps of the DST.

IXnY| m(Y)
Iyl 1-m(¢)

betP(X) = Zyes0 5+ 6)

Besides to create the adjacency matrix, matrix match is
created containing all the possible combination of pairs
and two null matrix Algorithm 3. One for the decisions
and other for possible non decisions only for the case of
majority vote method and DST only one matrix is needed.

3. RESULT AND ANALYSIS

Due to the lack of a suitable datasets that can be used to
test our work, an artificial dataset for each method is
created.

3.1. Datasets

As aforementioned in section 2.2, four attitudes exist to
compare two objects "a" and "b™.

- a>b:apreferredtob
« a<b: b preferred to a
- a=b:aand b are indifferent
- ab:aand b are incomparable

So a user u (u € 1,...etc.,U), expresses his preferences by
comparing a pair of objects from (1,...etc.,n). The number
of possible combination is determined as follows:
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_Inx(n-1)]
Ne=—%—

Algorithm 2: Different steps of DST of n users and m
objects by Majority VVoting Method.

Input : nuser,m: integer
Output: Graph for the m objects
Var:

Nc, nocol, Long, k: integer;
vect, vctor, finaldecision:vector;
matd, matd,;, masse:matrix;
pl,p2, real ;
begin
Nc =(mx(m-1))/2;
nocol= Nc x 16;
matd«— matrix(0, nrow=nuser, nocol = 16 < Nc
##putting mass into the matrix
ke— 0
for i < 1 to nuser do
for j«— 1toNcdo
while (k <nocol-1) do
vecte—run if(16) ;

vctor—vector() ;
for i«<1to 16 do
. vectli
VCtor[[Ll‘_]W%
matde—[i, i; + k] <« vctor(i,);
end
ke—k+16;
end
end
ke—0
end
####H Assign 0 to the empty set;
ke— 0

for i « 1 to nuser do
while (k <nocol-1) do
matde—[i, i, + k] < vctor(i,);
k—k+16;
end
ke— 0
end
matd, «—transpose(matd);
k «— 0O;
finaldecision «— vector();
end
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Algorithm 3: Creation of adjacency matrix

while (k <nocol-1) do
for j«— 1toNcdo

f —1+k;

e—k+16;

masse «— matd,[(f,e) .];
mcomb«—DST (masse, 2)];
mcomb«—DST (masse, 2)];
class_fusion=decisionDST(mcomb, 4);
finaldecision[i] «—class_fusion;
k—k+16;

end
end

Creation of adjacency Matrix;
Plot of the graph;

Algorithm 4: Creation of adjacency matrix

resg=,matrix(0, nbo, nbo);
resgn=,matrix(0, nbo, nbo);
matc<—combn(x, 2);
for j«— 1toNcdo
f < matc[1, i];
e
if (r[i] == 1) then
resg[f, e]— 1;
res[i]«— Q;
end
else if (r[i] == 2) then
resg[f, e]— 1;
end
else if (r[i] == 3) then
resg[f, e]— 1;
resg[e, fl<—1;
end
else if (r[i] == 0) then
resgn[f, e]«— 1;
resgn|e, fl«<—1;
end
end

48

Table 3: Preferences of the first user.

0, >0, Mi(x)
0, <0, Mi(x)
0, =0, M3 (x)
0, <> 0, MZ(x)
0,_,>0, MY (x)
On—q < Oy My (x)
On—1 = 0y My (x)
Op—q <> 0y My (x)

For each pair there are four situations, so the number of all
the situations is:

N=Ncx4

In this work, N. decisions are made because decision for
each pair of object is to be made.
3.1.1. Majority vote dataset:

For this method the preferences of each user will be
represented as  shown in table 3  with
Ml.j(x) where i denotes the different decision and j the
number of pair and O denotes the objects.

As a result there will be a matrix NxU of elements where N
is the number of all possible situations U is the total users
to merge their preferences. And the elements are equal to:

- 1ifthat user prefers this situation.
- 0 otherwise.

3.2. DST dataset

For the DST; the frame of discernment contains the four
situations Q = {S,,S,, ... S,}. The power set 2 represents
the set of all subsets of Q defined as follows: 29 =
{(D,Sl,..,S4,{Sl,82}...etC..{Sl,Sz,Sg,S4}}, the number of
subsets equals to 2* = 16. So for each pair of object there
are 16 elements. As a result the dataset is a matrix Nd = U
where Nd is the number of columns and U the number of
users

Nd = Nc * 16

(8)

©)



Figure 4: MVVM for 10 objects.

Figure 5: MVVM for 30 objects.

3.3. Experimental results

All the experiments were implemented using R software
due to his powerful scripting, his free cost and its ease of
use. These experiments can be run on a windows 7 based
PC with Intel Core Quad processor having a speed of 2.67
GHz and 8 GB of Ram

Majority Vote results: Experiment was started by

generating 5000 users’ preferences towards 10, 30, 100
objects. So there are respectively 45, 435, 4950 combina-
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Figure 6: MVVM for 100 objects.

tions on which each user decides his preference for each
combination (preferred to, indifferent or incomparable).
The result of the fusion is represented in figure 7. The
black arrow means that for that pair there is no decision
and for the others there is decision either preferred to, or
indifferent, or incomparable.
Big number of experiments was done by increasing the
number of users and checked the number of non-decision
was checked. It was noticed that the number of non-
decision decreases, when the number of users increases,
this will be proved later mathematically. Figure 7 justifies
our remark. For 10 objects fusion of preferences was made
for 20,100, and 300 users and it was found: - 8 cases of
non-decision for 20 persons
e 6 cases of non-decision for 100 persons - 3 cases
of ¢ for 300 persons
e Just one case of non-decision for 500 persons To

prove our remark mathematically, a simple

example is given using only two objects A and B

and number of users are successively increased.

For 2 users, the possible combination will be: As it can be
seen there is only one non-decision, so the probability to
have it is equal to 1/3. Now let’s see the probability of
non-decision for 6 users. Here the probability to have a
non-decision is 1/7. So for n users the probability to face a

non-decision is ﬁ and this can explain the remark

mentioned above.

Belief Function results: Also for this method a 5000 users’
preferences are generated toward 10, 30, and 100



Figure 7: Non decision cases.

objects. Figures 8, 9 and 10 show the results of DST
fusion. For the fusion of preferences of users for 10.
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Table 4: Vote of 2 users towards two objects A and B

A B
2 0
0 2
11

Table 5: Vote of 6 users towards two objects A and B

A B
6 0
0 6
5 1
1 5
4 2
2 4
3 3

objects it’s easy to read the results, but to fuse the
preferences of users toward a big number of objects the
figure becomes more dense. As mentioned the last section
solution is to use the adjacency matrix. For example, in the
fusion of preferences of 100 objects for the two objects 29
and 30 the result can’t be seen but by checking the
adjacency matrix it is found that M[29,30] = 1 and
M[30,29] = 1 so the two objects are indifferent. And for
each pair the adjacency matrix is checked to get the
information about preferences for that pair. Among the
imperfections aspects of information imprecision is found.
This method can be used to model on one hand the
uncertainty and on the other hand it also allows the
modeling of information’s imprecision. This method
allows to model the ignorance of the user about his
preferences, this is not possible in the both method:
majority vote and the Bayesian approach So this method
can be considered better than the two first methods due to
its flexibility to the model of imprecision which is a real
issue in the real world especially with humans.

4. CONCLUSION

In this work, author’s focused on the different tasks in
social networks mainly the recommendation. The last one
takes into account the user’s preferences and interests. One
of the RS system is the collaborative filtering one. It’s
based on the users’ behaviors by analyzing and collecting
a huge amount of information, activities or



10

Figure 8: DST for 10 Objects.
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o
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Figure 9: DST for 30 Objects.

03

preferences and predicting what users will like based on
their similarity to other users. Here comes the main idea of
this work. Instead of recommending objects to each user,
preferences’ fusion can be made in a community to
recommend those objects to the whole members of that
community.

The major hypothesis is that the user can express his/her
preferences toward a pair of objects by four attitudes
(preferred to, indifferent and incomparable). The
preferences of users can be represented in different ways;
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Figure 10: DST for 100 Objects.

matrix representation and graphic representation. The aim
of this work has been to study the fusion’s techniques and
use some of them to fuse the preferences of different users.
The major obstacle authors have faced is the lack of
datasets that allows us to test our work and to compare it
with other works in terms of complexity, run-time,
allocated memory, etc. To overcome that obstacle, two
datasets were created; each one is dedicated for one of the
two methods: majority vote method and the Dempster-
Shafer theory of evidence. To solve the issue of
preferences fusion in the context of social network, we
have used the two methods mentioned above. All the
techniques provide encouraged results, however for the
Majority Vote method, A major drawback was noticed
which is the possibility of non-decision if it exists two
maximum of decision are equals. For each one of these
methods, a dataset was generated to test our application.
This data contains 5000 users where the preferences of
each one is presented in a matrix and number of objects
might be varied. Both methods provides results but we
recommend the use of DST due to its advantages cited in
this paper.
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