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ABSTRACT
Information on a given set of entities can be derived from multiple sources on the Web. Social networks built from
these sources, using these entities as nodes, will have different edge weight values, although the entities will be the
same. If these sources are different, one will not normally trust each of them equally. One source will be considered
more or less importance than the other. Completely ignoring sources with little importance may yield unexpected results.
In this paper, we propose a method for aggregating weight values for social networks built from the Web using different
sources. First, multiple social networks are built from different data sources. Then the received edge weights are aggregated, with the importance of a data source taken into account.
Keywords: OWA Operator; Orness; Data Source

1. Introduction
Presently there is a great deal of research being conducted
on social network data extraction from the Web. Referral
Web is considered the first such data-extraction system
[1]. Y. Matsuo et al. developed a system called Polyphonet, which is used for extracting and analyzing social
networks of academic figures [2]. The authors of [3]
demonstrated how social network data can be extracted
from email communication. There also exists a system
that extracts social network information from a user’s
email inbox [4]. The authors of [5] proposed an approach
to resolve the problem of searching for people who share
similar interests by using a person’s website content to
represent that person. Some studies have extracted networks from friend-of-a-friend (FOAF) documents [6-8].
Academic researchers’ network extraction on the Web is
also addressed [9,10]. Social networks on the Web have
also been extracted by retrieving relationships between
entities automatically derived from multilingual news
[11], from log files of online shared workspaces [12], and
from multiple unstructured sources on the Web [13]. Extraction of social networks has also been conducted via
Internet and Networked Sensing [14]. The authors of [15]
developed a model that helps estimate the strength of
relationships by analyzing user interactions in online social
networks.
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The Web provides a rich set of data on virtually everything. For any given topic, one may obtain information
from a variety of different sources. For example, one can
extract information about a famous scientist from the
scientist’s own website, from a social networking site, or
from a digital library with scientific papers. Each data
source will almost certainly provide different information
about this scientist’s research activities. In other words,
we need to rank these data sources and clearly identify
how much we value each of these sources.
A social network is defined as a set of entities and the
relationships among them. Edge weight in a social network is calculated based on information extracted from
different sources. For example, say we need to compute
the strength of the relationship between two scientists.
Two data sources are used: co-authored papers and collaboration on a social networking site. We know that
information about scientists’ research relationship from
co-authored papers should be more reliable than from a
social networking site. However, we cannot ignore information about their collaboration on the social networking site. Hence, we assign more rank to the co-authored papers but still consider the networking site.
Most of the research done on social networks on the
Web involves working with one data source only. In this
case, the network is single-relational, i.e., the weight
value is of one type because it is extracted from a single
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data source. If we have multiple sources we can compute
multiple edge weights. These weights are combined into
a single weight, creating a multi-relational edge weight,
and the resultant social network will be multi-relational.
We assume multiple social networks are given, each with
a single but constructed from a different data source (singlerelational). For each pair of nodes, we aggregate weight
values to obtain a single resultant weight value, creating
a multi-relational network. The aggregation method allows
us to control the “weight piece” in the resultant weight
based on the original weights. The next sections provide
a detailed description of the method.

collection vector.
A fundamental aspect of this operator is the re-ordering step. An aggregate ai is not associated with a
particular weight w i but rather a weight is associated
with a particular ordered position in the aggregate. Depending on the position in the sum, the same aggregate
may have different weights.
Yager pointed out three important special cases of
OWA aggregations:
T
 F * : For this case, W  W *  1, 0, , 0  and
F *  a1 , a2 , , an   max a1 , a2 , , an  ;



2. Aggregating Weights

n

(1)

k 1

where n is the number of networks, wij is the weight of
an edge between the actors i and j of the resultant heterogeneous network, w k  [0, 1] is a coefficient that
shows the degree of importance of the corresponding
data source k (it shows how much we value and hence
rank the source), and wijk is an edge weight between
n
actors i and j from source k. Moreover,  k 1 w k  1 .
Stated differently, the above formula represents an
operator. Unknown variables are the weights of the single-relational networks, and the value of the operator is
the weight assigned to the corresponding edge of the resultant network.
As an aggregation operator we use the ordered weighted averaging operator (OWA). OWA operators were
first introduced by R. Yager [17] are defined as follows:
F : Rn  R ,
which has an associated weighting vector
W   w1 , w 2 , , w n  , such that w i  [0, 1] , 1  i  n and
n
 k 1 w k  1 . Furthermore,
F  a1 , a2 , , an   w1b1  w 2 b2    w n bn ,

(2)

where b j is the largest element in the ordered bag
a1 , a2 , , an . This ordered bag is called an ordered
Copyright © 2012 SciRes.

T
W  W*   0, 0, ,1

and

F*  a1 , a2 , , an   min a1 , a2 , , an  ;

Suppose multiple single-relational networks given. To
aggregate edge weights for the networks, we used an approach that we proposed previously [16]. The single-relational social networks are merged into a single multirelational one. The edge weight between any two entities
in the resultant network is the sum of the corresponding
weights of the same nodes in the individual networks.
Moreover, each weight in the sum is multiplied by a coefficient. The sum of these coefficients equals the unit. In
other words, a single weight is made using the sum of
weights from multiple networks; this single weight will
be an edge weight of the resultant network. Formula 1
shows the process:
wij   w k wijk , k  1, , n

F* : For this case,



T
Fmean : For this case, W  Wmean  1 n ,1 n , ,1 n 

and Fmean  a1 , a2 , , an    a1  a2    an  n .
From the above it becomes clear that for any OWA
operator F,
F*  a1 , a2 , , an   F  a1 , a2 , , an   F *  a1 , a2 , , an 

To classify OWA operators in regard to their location
between “and” and “or,” a measure of orness, associated
with any vector W , was introduced by Yager as follows:
1 n
orness W 
  n  i  w i .
n  1 i 1

 

 

It is easy to see that, for any W , the orness W is
always in the interval [0, 1] . Furthermore, note that the
nearer W is to an “or,” the closer its value is to one;
while the nearer it is to an “and,” the closer it is to zero.
Also note that for the vectors
T
T
W *  1, 0, , 0  , W *   0, 0, ,1
T
and Wmean  1 n ,1 n , ,1 n  , orness equals 1, 0, and
0.5, respectively.
Making analogues of formula (1) with formula (2), we
find that b j is the edge weight wijk and the importance
coefficient w k in (1) is the corresponding weight vector
value w i in formula (2).

3. Finding Importance Coefficients
At this point, the edge weights of the resultant network
could be calculated, except the values for the unknown
coefficients in formula (2) have to be found. Several approaches have been proposed to identify weight vectors
for OWA operators. We use the one presented in [18].
The authors present an analytical approach to determine
the weight vector, achieved by transforming the following mathematical programming problem into a polynomial equation using the Lagrange multipliers method:
n

 w i ln w i  max ,
i 1
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n
n
1
   n  i  w i  α , 0  α  1 ,  w i  1 ,
n  1 i 1
i 1
0  w i  1 , i  1, , n .
Solving this, the following formulas are used to obtain
the optimal values of the weight vectors:

w1  n  1 α  1  nw1 
   n  1 α 

n 1

n

  n  1 α  n  w1  1
Figure 3. Social network from the third data source.

and
w n 

  n  1 α  n  w1  1 .
 n  1 α  1  nw1

Note that in the case of n  3 , we see that w 2  w1 w 3 .

4. Experiments
Note that the purpose of this paper is not to compute
edge strength but to aggregate already-computed weights.
Rather than considering the methods for building a social
network from a given data source, we assume that the necessary networks have already been constructed. This can
be accomplished in multiple ways, for example, using a
general search engine. To verify the outcome of the presented method experimentally we suppose that three social networks are constructed from different sources for
given five actors, as shown in Figures 1-3. In each source,
we possess information about one relationship only.
Table 1 shows the edge weights that we assigned to
each of the networks.
Suppose now that α  0.2 . In this case, we obtain a
fourth-degree equation for finding the value of w1 . Solving this equation, we receive four roots, of which three
are negative and one is positive. As a value for w1 , we pick

Table 1. Weight values for the social networks derived from
the three data sources.
Network

Pair

1

2

3

w12

0.21

0.50

0.22

w13

0.10

0.00

0.00

w14

0.30

0.00

0.00

w15

0.30

0.80

0.00

w23

0.00

0.70

0.30

w24

0.00

0.00

0.10

w25

0.00

0.00

0.00

w34

0.00

0.40

0.80

w35

0.00

0.00

0.00

w45

0.00

0.92

0.91

up the positive root of 0.08. From the last equation for
w n , we find that w 3 = 0.68. Finally, from w 2  w1 w 3 ,
we determine that w 2  0.23 . At this point, the corresponding edge weights for the resultant network can be
found. For example, for w12 the ordered collection
vector is B   0.5, 0.22, 0.21 . Hence,



1
w12  F w12
, w122 , w123

Figure 1. Social network from the first data source.

Figure 2. Social network from the second data source.
Copyright © 2012 SciRes.



 0.5 
  w1 , w 2 , w 3  B   0.08, 0.23, 0.68  0.22   0.23
 0.21
Proceeding in this way, we can calculate all of the
edge weights for the resultant network. For comparison
purposes, we find these values for both α  0.5 and
α  0.8 .
For each value of α , we derive a separate network. In
each of these cases, edge weight will be an aggregate of
corresponding edge weights from the single-relational
networks, and thus the resultant network will be multirelational. A previous study demonstrated a method for
building a multi-relational network when multiple single-relational networks are given [10]. We used the same
network data from [10] in this study to compare the results. Table 2 compares the results of this study to those
of [10] (the rightmost column).
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Table 2. Resultant network edge weights.
w

α

ŵ

0.2

0.5

0.8

w12

0.230

0.465

0.378

0.390

w13

0.008

0.033

0.054

0.015

w14

0.024

0.099

0.162

0.044

w15

0.133

0.363

0.552

0.560

w23

0.125

0.330

0.408

0.510

w24

0.008

0.033

0.054

0.021

w25

0.000

0.000

0.000

0.000

w34

0.156

0.396

0.552

0.430

w35

0.000

0.000

0.000

0.000

w45

0.283

0.604

0.771

0.770

An interesting observation is that formula (1) guarantees that we will never lose information about the existence of a relationship. For both methods, the resultant
weight value of an edge equals zero if there is no relationship between the edge nodes in all of the sources. The
resultant weight value, ŵ from the table is closer to w
when α  0.8 compared to the other cases.
There is no point in computing weight values for the
resultant network for α  0 and α  1 . In the first case,
the weight values of the resultant network will match the
values of the network in Figure 3. In the second case
α  1 will coincide with Figure 1. When α  0.5 , each
value of the single-relational network is equal, i.e.
w1  w 2  w 3  0.33 . In this case, the weight values of
the original networks do not necessarily matter because
each of the weights will be multiplied by the same coefficient.
In other cases, a comparative analysis needs to be conducted. In these cases, it is normal for an edge weight of
the resultant network to be less than that of any of the
original networks. This occurs because, for different cases
of orness, we assign more or less rank ( w i ) to a data
source. It is the value of orness that determines the importance of each data source. By manipulating the value
of orness, different versions of the resultant
multi-relational network are obtained. Each of them, to
some degree, will be what the decision-maker expects.
Choice of orness depends entirely on the decision-maker.
From Table 2 it can be seen that, although single-relational networks are the same in both methods, the
resultant multi- relational network edge weights may be
different. There is no direct relationship between the
methods. The only relationship is the objective: to merge
multiple networks into a single one.

5. Conclusion
The relationship strength for a given set of entities can be
Copyright © 2012 SciRes.
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extracted from various sources on the Web. Due to the
large volume of information available, data received will
rarely be the same. To evaluate these data, there needs to
be a way to rank these sources. Omitting information
from any of the sources may lead to incorrect results
when computing overall relationship strength between
entities. In this study, we have provided a new way to
aggregate edge weights received from multiple networks;
these networks, in turn, are built from different sources.
Using the concept of OWA operators, we have demonstrated how aggregation can be achieved for social networks. In addition, we compared our results to an alternative method. Currently, we do not possess software
that would allow us to calculate weight values for networks with a large number of nodes. Thus, we are unable
to apply the above formulas to huge networks. In the
future, we hope to use real data in these formulas to demonstrate real-world applications.
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