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Abstract

With the emergence of social networking platforms and great amount of
generated content, analyzing people interactions and behaviour raises new
opportunities for several applications such as user interest profiling. In this
context, this paper highlights the importance of considering relationship
strength to infer more refined and relevant interests from user’s direct neigh-
bourhood. We propose WeiCoBSP, a Weight-aware Community-Based Social
Profiling approach that leverages strength of ego-friend and friend-friend
relationships. The former, describing connections with the profiled user,
allows to identify most relevant people from whom to infer worthwhile
interests. The latter qualifies connections among user’s neighbourhood and
enables depicting the most realistic community structure of the network.
We present an empirical evaluation performed on real world co-authorship
networks, validating our approach. Experimental results demonstrate the
ability of WeiCoBSP to infer user’s interest accurately, improving greatly
the unweighted CoBSP process but also results of experiments assessing
separately ego-friend and friend-friend relationships strength.
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1 Introduction

The popularity of social networking platforms is worldwide ever increasing
especially with the growing usage of mobile devices and mobile social
networks. A recent survey by Statista' reveals 2.32 billion and 321 million
monthly active users on Facebook and twitter as of fourth quarter 2018,%3
with about 55 million status updates made every day on Facebook and
500 million tweets sent on twitter.:> This great volume of social generated
content has motivated a lot of research aimed at better understanding people
interactions and behavior. In particular, several studies were interested in user
social profiling, which is the focus of this paper, to enable a wide range of
applications, such as personalization, recommendation and targeted adver-
tising [36]. In the context of social networks, old applications become even
more challenging (e.g., serving ads without queries in targeted advertising)
and several new tasks such as recommending friends, hashtags or location-
based recommendations emerged, which underlines how much is crucial
inferring the unobserved user’s attributes or interests in current social network
analysis.

A straightforward way to infer unobserved attributes is to utilize user-
generated content such as tweets, comments and likes or location check-ins
[36]. In addition, recent studies increasingly exploit structural informa-
tion and activities from user’s neighborhood (i.e., social relationships) to
discover his interests. Such approaches differentiate between personal inter-
ests (related to user’s generated content) and social ones, inferred from
user’s neighborhood [29]. These models are based on “social influence”
and “homophily” described as the tendency of people to associate with
similar others. Indeed, people are more likely to befriend those sharing same
characteristics (as age, education, social class, racial/ethnic group, interests
or geographic location) and, on the other hand, social relationships influence

'https://www.statista.com

Zhttps://www.statista.com/statistics/2648 10/number-of-monthly-active-facebook-users-w
orldwide/

3https://www.statista.com/statistics/282087/number-of-monthly-active- twitter-users/

*https://www.omnicoreagency.com/twitter-statistics/

Shttps://www.omnicoreagency.com/facebook-statistics/
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people such that friends increasingly resemble one another over time [19].
Leveraging information of social relationships can be useful to alleviate the
missing attributes problem especially in cold start situation (empty profile
for new users) or sparse user profiles (missing interests due to the lack of
user’s activity). In fact, many social media users, preserving their privacy,
disclose only few information publicly. In addition, there is a rise of passive
use of social media platforms. As reported by [36], four out of ten Facebook
users as well as a significant portion of Twitter ones browse only information
without generating any content and these users are potential target users to
aforementioned applications.

The existing approaches can be categorized along different axes, based on
relationships they use (full social graph or direct relations), on how profiles
are represented (keyword, concept or semantic network profiles [36]) or based
on methods used for data collection (inside vs. outside the target platform)
among others. This paper is interested on using information from direct
social relations of the profiled user (aka. user’s egocentric network) which
has been proved efficient to infer relevant interests [41]. Moreover, a keyword
representation of profiles (vector of weighted terms) is adopted with focus on
profiles of user’s interests.

To fully exploit the information contained in social relations, we are
working in our research team on different approaches taking into account
the relationships strength [7]. In this paper we present WeiCoBSP, a Weight-
aware Community-Based Social Profiling approach that leverages strength of
both ego-friend and friend-friend relationships to infer user’s interests. To the
best of the authors knowledge, there is no direct literature exploring the effect
of the two types of relationships strength in social profiling. This approach
is based on CoBSP (Community-Based Social Profile) process proposed by
[41]; admitting that social groups via particular affinities with the user (e.g.,
family, sports club, etc.) are more significant to describe him than individuals
(e.g., the most central ones). We aim to go one-step further by investigating
tie strength together with community structure around the user to produce a
more relevant social profile. In fact, the CoBSP approach, designed to operate
on binary representation of the user’s egocentric network, assumes that all
friends are equally significant to the profiled user as well as to each other. This
assumption is too restrictive: in analyzing social relationships, not only the
structure of the network is important but also the strength of connections; dif-
ferent strengths interpret different association and similarity degrees among
users and thus communities extracted under the binary correspondence of
the network are often different and less representative of the real community
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structure. Moreover, the study of tie strength speculates that “the stronger the
tie connecting two individuals, the more similar they are” [13]. Accordingly,
the ego-friend strength are integrated to enhance the distinguishable extent
of profiled user ties and select the most relevant communities as a source
of information. We believe that relationships with stronger affinity or to
which the user is more dedicated, may reveal more valuable information
about his interests. The friend-friend strength, for its part, characterizes the
relationships among user’s friends. We aim at modelling egocentric network
as close to real network as possible in order to depict the most accurate
community structure around the user.

Results from an extensive empirical evaluation of WeiCoBSP on real
world co-authorship networks (collected from DBLP computer science bib-
liography) are reported. Different experiments are also conducted to assess
separately the effect of each of ego-friend and friend-friend relationships
strength. These latter suggest that the proposed approach (leveraging both
relationships strength) provides a considerably higher accuracy of inter-
ests’ prediction compared to unweighted CoBSP as well as to experiments
based on solely one relationship type (ego-friend or friend-friend); which
demonstrates the relevance of prior premises.

The remainder of the paper is organized as follows: Section 2 introduces
our problem and the associated preliminaries and Section 3 the related work
review. Section 4 first presents the existing work on user profiling from
egocentric social network communities and then describes our proposition to
extend it for weighted networks. The performance of the proposed approach
is studied in Section 5, which presents and discusses experimental results and
findings. Finally, Section 6 draws conclusions and gives some perspectives to
our work.

2 Motivation and Problem Abstraction

This section first introduces the egocentric network and user profile models
and then formulates our problem.

An egocentric (or simply ego) network generally consists of a single
user, so-called ego, together with individuals to whom this ego is connected
(alters) and all the connections among them. Other possible models consider
either only the ego-alter ties as in [3, 34], discussed in literature review
(see Section 3) or only alter-alter ties as in the baseline method [41] which
discards ego-alter ties since it assumes a binary network where all alters
are equally significant to ego. In this paper, we adopt the former model
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and assume the ego network to be weighted and undirected. The egocentric
network is described as follows: For a given user u, so called ego, for whom
we aim to build social profile, we consider the non-oriented weighted graph
G = (V,E,E’ ) where V denotes the set of individuals directly connected to
u (user u is not in V), E is the set of relationships among V nodes and E’
denotes the set of relationships between the user u and V nodes. For each
node v € VWv € E' denotes its weight to the user u and for two nodes
vV €V, W € E denotes the weight of the edge between them, which can
take on only positive values. The network community structure is denoted by
C ={C1,C2,C3...}, where Ci € C denotes a community (for simplicity,
Ci is denoted as C if there is no confusion).

Regarding profile representation, the user profile is composed of a set of
weighted user interests; the weight of each interest i € [ for auser v € V
(denoted w(i,v)) indicates the importance of the interest i with respect to user
v. Formally,

Pw)={(i,w(i,v)), i € I,v € V} (1)

where I denotes the set of user interests, and V denotes the set of users.

Each user’s profile, as modelized in [41], is composed of a “user” and
“social” dimensions. Each of them is represented as a vector of weighted
interests. In the user dimension U(v), interests are computed based on
the user’s own activities (e.g. shared information, tweets). On the other
hand, interests in the social dimension S(v) = P(G), are extracted using
information gathered from people in the user’s egocentric network G.

Based on the above definitions, we formulate now our problem. Con-
sidering the increasing passive use of online social networks along with the
wish of users to preserve their privacy, many user’s attributes are missing
in their profiles. We study herein the user interests’ inference in egocentric
network through relationship strength. Thus, in our setting, for a user u,
whose interests are unknown, we are given his ego network G = (V,E,E’ )
with available interests profiles from its alter (their user dimensions, i.e.
the set {U(v),y € V }) and we aim to predict u’s interests by leveraging
community structure C and relationship strength (both ego-alter, E’, and
alter-alter, E, sets) to produce his social dimension S(u).

To infer user’s interests, the community-based model [41], upon which
our approach is built, relies on the striking observation that communities
around the user are more significant to describe him since they represent
groups of people having particular affinities with him (e.g., family, sports
club). However, this work takes a simplistic assumption that all friends
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(a) Weighted network (b) Binary network

Figure 1 Communities detected on weighted and binary representation of a network.

are equally related to ego user as well as to each other (i.e. they ignored
the strength of relationships between users), which will result in not fully
capturing the richness of the social information in the user’s egocentric
network. On the one hand, because all user friends are obviously not equally
significant to him. For instance, multiple collaborations or citations in co-
authorship network reflect in most cases authors shared interests; such
relations are more likely to provide more relevant information about the
profiled user than occasional collaborations. Thus, modelling real networks
as simple binary may increase the level of noise in the learned profile with lot
of meaningless interests inferred from less relevant people. On the other hand,
this issue affects, in particular, the community extraction phase on which
the profiling process is completely based. Considering only binary relations
between user’s friends cannot depict correctly the community structure of the
egocentric network, highly dependent on link weights [12, 27]. Communities
based only on binary representation of social connections are quite different
and less accurate than those extracted by including link weights. To illustrate
this, Figure 1 shows an example of detected communities on a weighted
network and its binary representation (using greedy optimization of modu-
larity method [9]), where different structures can be seen (four communities
detected on weighted network versus only three on binary one). We can also
observe that some nodes, such as d,c or a,0, showing greater tie strength and
assigned to the same community in weighted version (which makes sense
since they reflect closer relationships), cannot be correctly depicted on binary
network.



The Strength of Considering Tie Strength in Social Interest Profiling 463

Consequently, if the networks are treated as binary, much of useful
knowledge will be lost, which probably leads to degradation in performance.
In this paper, we propose to integrate the evidence of the relationship strength
between users to further enhance the distinguishable extent of ties and
improve the community-based social profile inference.

Once the network model is chosen to be weighted, we try to address the
following challenges (i) how to change metrics and algorithms describing
different steps of the CoBSP process to deal with those networks directly?
And (ii) How to choose relevant communities in the user’s weighted network
from whom significant interests will be derived?

3 Related Work

Social user profiling has drawn extensive interest as it raises new opportu-
nities in many applications like personalized search, targeted advertisement
and recommendation [36]. Surveys and literature reviews such as [1, 36]
provided an overview of the methods used in user profiling. Several stud-
ies focus on user generated content (also called user-centric data) such as
tweets [8, 35, 40], user preferences (e.g. comments or likes) [4, 17] and
location check-ins [44] to predict user profile attributes (e.g. gender, loca-
tion, political affiliation). However, inferring interests from user centric-data
requires users to be continuously generating content. Hence, those methods
fail to profile passive users who consume information without creating any
content. In another aspect, the scientific literature outlines many studies
that, addressing this deficiency, exploit the relationship information (i.e.,
the social graph) in user profiling [10, 23, 26, 41]. The intuition behind
such approaches is the tendency of individuals to associate with similar
others, the so-called ‘homophily’ concept. Earlier studies along this line
[15, 16, 26] were designed to operate on a full social graph, which is often
hard to obtain and too costly to process. Accordingly, other approaches
were interested in identifying users’ attributes from his direct neighbor-
hood relationships. Most of them were conducted on Twitter [36] and
consider only user-friend’s connections [3, 34, 36]. Still in direct neighbor-
hood based methods, but considering connections among friends too, [41]
describes a community-based algorithm to infer user’s attributes via user-
groups affinities. [23] attempts to learn attributes by searching for the reasons
behind link formation within the users’ egocentric network. The underlying
assumption is that social connections are discriminatively correlated with
user attributes (e.g., employer) through relationship type (e.g., colleague).
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Similarly, [25] proposes a social-aware topic model by reconciling the
observed user characteristics and social network structure to discover the
latent reasons behind social connections and further extract users’ potential
attributes.

While in the future we plan to integrate insights from diverse research
directions, particularly relationships type [23], we focus herein on works
directly related to ours. The study that motivated our approach [41] describes
a community-based algorithm to infer user’s attributes in his egocentric
network. Authors represent each user profile with a personal and social
dimension and infer social attributes utilizing the combined interests of
communities. To do so, the proposed process, named CoBSP (Community-
Based Social Profile) starts with a community detection step followed by
community profiling where interests of each community are determined
from its members to finally combine all interests and construct the social
dimension of the profiled user. This process will be presented later in
Section 4.1.

A drawback of this approach is that a sparse or small network could
lead to misinterpretations in the user’s modelling process [28]. Thus, their
second work [28] extends the previous community-based algorithm by
integrating more relationships so as to generate more significant commu-
nities. A snowball sampling technique was adopted to identify and add
user’s distance-2 neighbors (friends of a friend) into the egocentric net-
work. More recent studies [5, 29, 30] were interested in dynamic char-
acteristics of the user’s social networks. They integrate temporal criteria
to the existing community-based approach and consider the evolution of
both relationships and shared information in the network. Their time-aware
approach showed good performance on Facebook and DBLP data but in
[29], they found that it does not produce the same effectiveness on Twitter
dataset.

Previous works studying the CoBSP [5, 28-30, 41] have mainly focused
on binary friendship relations (e.g., friends or not) and treat equally all
relationships of the profiled user. In reality, social connections are not merely
binary; they have associated weights that record people’s relation strength:
close friends, acquaintances, teammates, family or work colleagues. Our
objective is to go one-step further by investigating tie strength to emphasize
the discriminative resolution of user’s relationships in order to produce a
more relevant social profile. The next section will present the existing CoBSP
process and our weight-aware approach leveraging both community structure
and tie strength of users.
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4 Proposition: Weight-aware Egocentric-network Based
Social Profiling

4.1 Baseline Approach: Community-based User Profiling
Process

Before detailing the CoBSP process, it is worth noting that this latter performs
on a binary alter-alter model of egocentric network. Thus, for a given ego user
u, it considers the sub graph G(u) = (V,E) where V is the set of individuals
directly connected to u and E is the set of relationships between V nodes,
without any associated strength. The generation of interest profiles can be
seen as a four-stage process described as follows. (Further details can be
found in [41])

Stage 1 — Community detection: this first step consists on extracting commu-
nities from the egocentric network. As individuals usually belong to
multiple communities at once, and structure of egocentric network
evolves over time, this step is performed by applying iLCD algo-
rithm [6] that performs very well with overlap as well as dynamics
of network [41].

Stage 2 — Community profiling: In this second stage, the sematic profile of
each community, ¢ € C, found in the previous step is computed.
Given that the “user dimensions” of people around the ego (profiled
user) are already calculated and represented in a vector of weighted
interests, the profile of a community ¢ aggregates interests of all
members forming this community. Following ideas used in the TF-
IDF measure [41], each interest i is assigned a score according
to its frequency in the “user dimensions” of ¢ members: the set
U(ve),ve € ¢ and in other communities’ profiles. The set I(c)
contains, therefore, all the community ¢’s weighted interests.

Stage 3 — Interest weight calculation: this step consists in computing the final
weight of interests in the community profile. The weight of each
interest i in the community c called w(i,c) depends on structural
score of the community (centrality measure) and semantic score
(calculated in previous stage) by a parameter « € [0, 1] controlling
the contribution of each score (« is set empirically) as presented in
Equation (2):

w(i,c) = a Structscore(c) + (1 — a) Semanticscore (i, €)

2
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Stage 4 — Social dimension derivation: In the final stage, the social dimension
S(u) of the user’s profile is derived by combining the weights
calculated in the previous phase for each interest i € I. At the end
of the third step, an interest i may appear in several community
profiles and have, thus, different associated scores. This final step
consists in computing a single weight for each interest i in S(u);
to do so, the combination function Lin-CombMNZ [14] is adopted
[41].

4.2 Proposed Approach: Weight-aware Community-based User
Profiling Process

Having provided an overview of CoBSP process, this section presents the
proposed weight-aware approach, so-called WeiCoBSP, which leverages the
strength of both ego-alter and alter-alter ties to infer user’s interest. Different
from the baseline by its model of egocentric network, this extension affects
all the stages of the process since a different model of egocentric network is
adopted. In the following, we will go through the four stages and describe at
each step the main changes and differences between our proposed WeiCoBSP
and the existing CoBSP processes.

A global view of the profiling process, which expects in input the
weighted egocentric network G = (V,E', E) and the alter user dimensions
(set U(v),v € V), is presented in Algorithm 1.

Algorithm 1 Weighted Community-based Social Profile (WeiCoBSP)

Require: User’s u egocentric weighted network G = (V,E’,E),
“User dimensions” of people in G,{U(v),v € V}

Ensure: S(u): User’s u social dimension

1: C < Weighted Overlapping Community Detection (G)

2: foreachcinC do

3: I(c) < Semantic Score (i,c) using Equation (5)

4 Weighted Structural Score (c) <— Centrality (c,G) using Equation (8)
5 for each iin I(c) do

6: w(i,c) < Interest Final Score Calculation (i,c) using Equation (11)
7 end for

8: end for

9: for eachiinI(C) do

10: W(i,S(u)) <— Score Combination (i, C) using Equation (13)
11: end for

12: return S(u)
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4.2.1 Stage 1: Weighted community detection

The first step (Line 1 in algorithm) consists on extracting overlapping com-
munities in the weighted egocentric network G. Since many networks are
naturally weighted (in particular Online Social Networks), the community
discovery in weighted networks has attracted increasing attention [2, 18, 24,
27, 42]. Some of proposed algorithms are designed to detect overlapping
communities (where a node can belong simultaneously to several groups)
and/or deals with the network dynamics [2, 18, 42]. The iLCD algorithm [6]
used in the original process does not take tie strength into consideration. Thus,
in our work the OSLOM algorithm [18], which considers the link weights,
and handles both overlapping communities and network dynamics, is used.
After this first stage, the set C contains all extracted communities.

4.2.2 Stage 2: Community profiling

As for the original approach, in the second phase of the algorithm (Lines 3,4),
the profile of each community ¢ in C is computed. We recall that /(c) denotes
the set of community c’s interests. Each interest i in /(c) is weighted according
to two scores: its semantic score in the community c and the structural score
of c. The profiles of all nodes in V are assumed to be already calculated and
represented in a vector of weighted interests.

In our extended process, the semantic score calculation remains
unchanged. For each interest i in a community c, its semantic score depends
on the weight of this interest for all members of the community as well as
its recurrence in other communities’ profiles. Inspired by the well-known
TF-IDF (Term Frequency/Inverse Document Frequency) weighting measure,
the semantic score for an interest i in the community ¢ will be computed
following two steps:

In the first, is calculated the average of weights of this interest for all
members forming the community to get its W, s score, standing for semantic
tf weight as follows (Equation (3)):

2ot Wi, U(ve))

Wi s(i,c) = - ,

oty - {500 Bt <ve

where U(v.) is the “user dimension” of the node v, € ¢, w(i,v.) represents the
weight of the interest i in U(v,.) and m is the number of users in community c.

The second step is, for its part, analogous to the IDF used in Infor-
mation Retrieval systems to determine the relevance of terms in a specific

3)
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document [38]. Herein, it is about finding out the specificity of each com-
munity regarding other ones. In other words, it consists of looking, for
each interest i € I(c), whether this interest is common or rare across all
communities. We assume that rarer an interest is, the more representative
of the intrinsic affinity between members of the community, it will be. This
second score, so called Wgyqr score, standing for semantic idf weight, is
computed by the following Equation (4):

C]
{ceC iel(c)}

Wsiar (i,¢) = log| )
where |C]| is the total number of communities in the user’s egocentric network
and |[{c € C:i € I(C)}| the number of communities where the interest i
appears.

Finally, the semantic score of the interest i in the community c is
computed as the product of the two Wg; s and Wg;4s scores:

Semanticscore (i,¢) = Wy (i,¢) X Wgigr (i,¢) (5)

Here, a high sematic score is reached by a high interest frequency (and
weight) among the community members and a low global frequency of the
interest in the whole egocentric network (i.e. in other communities).

On the other hand, the structural score of communities (Line 4 in
algorithm) must be generalized to cover the weights in the egocentric
network G.

Following the original work, we consider structural score as centrality
measure of the community and extend it to apply to our weighted graph G.
Centrality is regarded as one of the most important tools to explore actor
roles in social networks. In our context, it may be one of the commonly used
measures as degree or proximity.

As reported in [41], Everett and Borgatti [11] proposed extensions of
usual individual based centrality measures to the group’s level. For instance,
the degree centrality considered here, is defined for a community c in a graph
G as the number of people outside the group that are connected to at least one
¢ member (denoted IN(c)l) normalized by the number of people that are not in
¢, (IV 1—Icl). Note that different ties to the same member of ¢ community are
only counted once [11]. The expression of group degree centrality is given

below: N
CentralityDegree(c, G) = M ©6)
— e
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In the other side, some network centrality measures based on individuals
have been generalized for weighted networks [27, 32]. The simplest extension
of a node degree is the sum of all the weights along its edges [27]. However,
authors in [32] showed that the latter proposition gives only a crude measure
of the node’s real involvement in the network. Accordingly, they proposed a
more realistic extension of degree centrality by combining both the number
of ties (neglected in the previous extension) that a focal node has, and the
average weight of these ties (strength) and using a tuning parameter to set the
relative importance between them. They formalize it as:

WeightedDegree(n,G) = Deg(n)(lfﬂ) x Stren(n)” (7

where Deg(n) is the traditional degree centrality of the node n (based solely
on the number of ties) and Stren(n) is the total weight of n’s ties. Note that 3
is a positive parameter that can set according to the research setting and data.
If this parameter is between 0 and 1, then having a high degree is taken as
favorable, i.e. it increases the value of the measure, whereas setting it above 1
decreases the value of the measure in favor of a greater concentration of node
strength.

To compute the structural score, we deem that both the number of
connections and their associated strength are indicators of the community’s
centrality in the egocentric network. Hence, based on a combination of the
two extensions, i.e. the group degree and the weighted degree centralities,
presented in formulas (6) and (7), the weighted degree centrality for a
community c in C is defined as follows (Equation (8)):

N(Q)" < W)
VI=lel

WeightedStructuralseore = (8)
where IN(c)l denotes the group extended degree centrality and W(c) the
group extended strength centrality similarly computed, i.e. the total weight of
people outside the community ¢ that are connected to at least one ¢ member
(Equation (9)).

Wey= >,  Wo )

vee,v’ €(V\c)

where W,,» € E denotes the strength of the tie between v and V' in the
ego network. Here note that like for group degree, multiple connections are
only counted once. We can use either the maximum or the average of these
connections weights. Regarding the tuning parameter, a value of 5 between
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0 and 1 allows us to consider both number and strength of links. Moreover,
if the parameter is set to O, the outcomes of the measures are solely based on
the number of ties and conversely, if it equals to 1, the measure is based on
ties strength only and the number of ties is disregarded.

4.2.3 Stage 3: Interest weight calculation

Once both semantic and structural scores are computed for all communities,
the next step (line 6 in algorithm) consists on computing the final interests’
profile of each community. As for individuals in the egocentric network, the
profile of a community is composed of a set of weighted interests.

P(c) = {(i,w(i,c)), i € I(c), c € C} (10)

where w(i,c), the weight of the interest i in the community profile P(c), is
computed as in the original CoBSP process by an adjusted combination of
the semantic and structural scores as in Equation (11) below:

w(i, c) = aWeightedStructural,..(c) + (1 — «) Semanticscore(i,¢) (11)

score

where o € [0, 1] is a tuning parameter to evaluate the impact of structural
score compared to semantic one.

4.2.4 Stage 4: Social dimension derivation

The last phase (Lines 9 to 11 in Algorithm 1) consists in deriving the social
dimension S(u) of the user’s profile by computing the final weight of each
interest i € S(u) (called w(i,S(u)). As each community of the user’s egocentric
network is addressed separately in the previous steps, an interest i may appear
in different community profiles. Now we investigate how to obtain a single
weight from the different interest i weights w(i,c) of each community c
where i € I(c).

To combine the weight of interests of communities, authors in [41]
apply the linear function LIN-CombMNZ [14], a variant of the CombMNZ
function commonly used in information retrieval to merge search engine
results. Following their analogies with information retrieval where users’
interests are seen as documents and communities as search engines, the
relationship strength of each community, treated as a whole, with the ego
user is considered as an importance weight attached to search engine.

Thus, we focus, at a first time, on how to formulate the strength of a
community ¢ € C with the profiled user from relationship strength of all
its members. Note that, this stage considers only the ego-alter tie strength
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whereas earlier steps (community detection and centrality measures) were
based on alter-alter strengths.

For each community ¢ € C, its strength to the ego user, denoted Strc,
is computed by a combination between the number of links the community
has with the ego (size of the community, denoted Icl) and the sum of those
links strength (denoted W(c)). Each of them normalized by whether the
total number of links or the total strength of all users in the egocentric
network, see Equation (12) below. This definition results from the intuitive
idea of considering the sum of weights between ego and all the community
¢ members as its strength and an analogy we did with the degree centrality
in weighted networks. We deem that the number of ties between the ego user
and community ¢ has a significant value to add to the tie strength (i.e. the
presence of many ties might be considered) to measure the involvement of
the community in the user’s egocentric network.

Hence, for each community ¢ € C, its strength is formally defined as:

|C|(1*7) x W(c)"
’E/|(1—V) x W
W(e)=> Wv, Wr=)» Wuv (12)

vEC veV

Str, =

where W,, € E’ denotes the tie strength between ego and node v and 7 is
a damping factor to relativize the importance of community size or strength.
In the Equation above, a value of v = 1 meets our basic idea to consider
the sum of weights as structural score, while setting v = 0.5 implies that the
same importance is attributed to number of ties and tie weights in contributing
to the centrality measurement. We describe in Section 5 the parametric study
that enabled us to find the fittest value of v and evaluate, as well, the effect
of both tie weight and number of links to estimate the strength of the whole
community.

Once the strength of communities with the ego user is computed, we
describe in following the interest weight combination to derive the social
dimension S(u) of the profiled user.

As already mentioned, in the original unweighted approach, authors apply
the LIN-CombMNZ function to compute the final weight of each interest
in the social dimension. In this function, each score given by a search engine
to the document is multiplied by a coefficient that relativizes its contribu-
tion in the final score. This coefficient varies between 1 and the number of
merged systems. Thus, if n systems are merged, the highest score is privileged
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and multiplied by #; the second is multiplied by n — 1, etc. Finally, all these
adjusted scores are summed to obtain the final score of the document.

For each interest ¢ € I, the combination should take into account two
different aspects; the first is the strength of communities having i as interest
with the ego user and the second is the weight of this interest in each
community profile. In fact, if a community has a high weight for the interest
i, the combination for all communities should, in turn, generate a high weight
for i; which makes sense as this interest may be the affinity between the user
and this community.

Hence, in our WLIN-CombMNZ function, for Weighted LINCombMNZ,
we keep the same linear combination and multiply the score assigned to the
interest in community ¢ (using Equation (11)) by its relationship strength
with ego user. Thus, both communities having highest score for the interest
as aforestated, and those with strongest relations with the profiled user are
privileged. Indeed, we deem that these communities are more relevant and
might be assigned higher rank than others.

To do so, before multiplying by relationship strength Str¢;, communities
are ordered increasingly (W (i, C;_1) < W (i, C;)) according to their scores
for the interest. If there are n communities in the user’s egocentric network,
the community which has the highest score for the interest is privileged and
its score is multiplied by n(j = n in Equation (13)), the second score is
multiplied by n—1, . . ., the lowest weight for the interest is not privileged and
multiplied by 1. Note that, unlike previous steps, communities are denoted C;
because, at this stage, computation implicates several communities at once
(those concerning the interest i). Formally, for each interest, its combined
weight W(i,S(«)) is calculated as below:

W (i, S(u)) =Y W(i,C)) x j x Strc; (13)
j=1

where W(i,Cj) is the weight of the interest i in community Cj’s profile as
in Equation (10) and Str¢; is the weight associated to C; as computed in
Equation (12).

5 Experiment

In this section, the performance of our weight-aware approach is empirically
evaluated. The profiled user is described by two dimensions [41]. The user
dimension which consists on the user’s real profile and the social dimension
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which is built from his egocentric network using the two approaches (CoBSP
and WeiCoBSP). Our evaluation is directed at determining the approach that
provides a more relevant social profile (i.e. the closest to the user’s real
profile).

5.1 Dataset Description

To enable evaluation, a large set of real world egocentric networks was
collected from DBLP computer science bibliography. We first survey several
publicly available egocentric network datasets [20, 22, 31, 33], but find
them not suitable for our experiments. None of them includes both users’
attributes and link weights. [31] and [33], provide a Facebook weighted
network originate from an online community for students at University of
California, Irvine. However, user attributes are omitted for privacy concern.
[20] collects users’ ego networks from Facebook, Google+ and twitter and
[22] collects ego networks with users’ attribute and relationship types from
LinkedIn. However, all these datasets are binary networks where ties are
either present or absent without any associated weights. We also investigate
methods to derive link’s weight from available information in the datasets,
but to no avail . Tie strength can be calculated by considering topological
and/or semantic properties in the social network. In our study, available user
attributes (semantic properties) cannot be used to predict tie strength since
this latter is used in profiling process. Topological characteristics (number
of common neighbors, neighborhood overlap...) cannot neither be used
because (1) egocentric networks include only nodes directly adjacent to ego
user and relationships among them. Thus, for each node we have only a
partial knowledge of his neighborhood (i.e. only those relations with the ego
related nodes) and (2) structural properties of the network (degree centrality
for instance) are also used in our proposed profiling process. Thus, a new
dataset was collected from DBLP to enable experiments. We construct co-
authorship networks where an author’s egocentric network is composed of
his co-authors and the set of the weighted relationships between them. DBLP
was selected because it is a publicly available database that provides a
comprehensive list of research papers with several metadata (publication date,
venue, authors...) so we can address the aforementioned aspects. Authors’
profiles can be easily built by analyzing keywords from the titles of their
publications [39, 41] whereas authors’ links can be weighted by a measure
of strength of their collaboration; for instance frequency of co authorship,
duration of relationship, etc.
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To avoid identical data sources and inherent biases in evaluation results
and associated interpretations, the real and social dimensions are built from
two distinct and not connected networks: DBLP and ResearchGate. Using
the two approaches (WeiCoBSP and CoBSP), the social dimension of the
ego user is built from his egocentric weighted network and co-author’s publi-
cations in DBLP. On the other hand, the real profile, which serves as a ground
truth, is derived from explicit interests the ego user filled in his ResearchGate
profile independently of his publications in DBLP. The advantage of this
demarche is twofold. We avoid the bias of using the same data (author’s
publications titles) to build the user and the social dimensions and we evaluate
our proposed approach against realistic author’s interests. In our experiments,
we also consider authors who have a sufficient number of both co-authors
and real interests indicated in ResearchGate, so that we get consistent and
realistic data for evaluation. Indeed, for an author with small egocentric
network, the community detection algorithm might return very few or no
communities. This makes him not relevant to experiments on community-
based approaches. In addition, we consider authors who have as many as
possible interests in their ResearchGate profiles to build the most realistic
user dimension for evaluation. Subsequently, we retain authors with at least
50 co-authors and that have more than six interests in their ResearchGate
profile. The identification of these authors is conducted manually. A set of 75
egocentric networks was collected for this experiment. The studied authors
have an average of 95 co-authors distributed between 50 and 214 co-authors,
and an average of 19 interests indicated in their ResearchGate profiles. By
analyzing these egocentric networks, we reached 7094 author’s profiles in
DBLP. Figure 2 shows the degree distribution (number of co-authors) of all
the 75 studied authors. Only few authors have a high number of co-authors
(more than 150) while many have a low number of co-authors (between 50
and 150); which suggests that degree distribution follows a power law as for
all authors in DBLP [43] and social networks in general.

In another side, we analyzed the number of common keywords between
the publication titles of the profiled user in DBLP and the interests filled in
his ResearchGate profile. We do so to evaluate the compatibility of data, since
different sources are used to build social and user profiles. Figure 3 shows
the number of authors regarding keywords number in their ResearchGate
profiles. The 75 authors’ profiles of our dataset have between 7 and 56
interests. Figure 4 shows the percentage of ResearchGate keywords found in
publications titles obtained from DBLP, sorted by this percentage. For almost
all users, the majority of keywords in their ResearchGate profile also exists
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in the DBLP publication titles. The average percentage of common keywords
is 65.35% with a minimum value of 14.81% and a maximum value of 100%.

5.2 Egocentric Network and Profiles Construction

The whole DBLP dataset is available as one big XML file that may be too
costly to process and parse (the file’s current size is about 2.3 GB).% As
we need only a few facts (list of co-authors and list of publications), we

®https://dblp.org/xml/
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make use of the DBLP provided web API (XML services). A comprehensive
documentation of this API is provided in [21]. The example in Figure 5
illustrates data records for the author name “Walid Khaled HIDOUCI”. The
Figure shows three XML files returned when looking for the list of his co-
authors (Figure 5(a)), the list of publications of this author (Figure 5(b)) and
the details about one of its publications (Figure 5(c)).

The user dimension (real profile) is built from the explicit interests
indicated in ResearchGate profile. Figure 6 gives an example of an author’s
profile in the ResearchGate social network where can be seen his function,
affiliation as well as the explicit list of interests that the author filled in his
profile.

The following sub-sections describe the process of building the weighted
egocentric network from DBLP and the process of building authors’ profiles
from both DBLP and ResearchGate.

5.2.1 Weighted egocentric network building process
To build the weighted egocentric network of the selected author, we first look
for relationships between his co-authors to connect them. Then, we determine
the strength of each connection between a pair of authors (including those
with the central author) by using the count attribute that specifies the number
of shared publications.

The weight of the link between two authors is estimated on the basis of
two factors:

* Frequency of co-authorship: authors that frequently collaborate should
have a higher weight.
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v<coauthors author="Walid-Khaled Hidouci" urlpt="h/Hidouci:Walid=Khaled">
<author urlpt="a/Abbas:Ak1i" count="3">Ak1i Abbas</author>
<author urlpt="a/Ahmed:Toufik" count="3">Toufik Ahmed</author>
<author urlpt="a/Aissani:Mohamed" count="1">Mohamed Aissanic/author>
<author urlpt="a/Amer:Abdelhalin" count="1">Abdelhalim Amer</author>
<author urlpt="a/Aries:Abdelkrime" count="4">Abdelkrime Aries</author>
<author urlpt="a/Atif:Karin" count="1">Karim Atif¢/author>
<author urlpt="b/Bellatreche:Ladjel" count="4">Ladjel Bellatreche/authors
<author urlpt="b/Benadjini:Noussaiba" count="3">Noussaiba Benadjimic/author>
<author urlpt="b/Bennaceur:Amel" count="1">Amel Bennaceur</author>
<author urlpt="b/Bennouar:Djamel" count="1">Djamel Bennouar</author>
<author urlpt="b/Bentlemsan:Khadidja" count="1">Khadidja Bentlemsanc/author>
<author urlpt="b/Bouchakri:Rima" count="1">Rima Bouchakri</author>
<author urlpt="b/Boudali:Mohammed" count="1">Mohammed Boudali</author>
<author urlpt="b/Boudraa:Omar" count="1">Omar Boudraa</author>

(a) list of co-authors

v¢dblpy
vcblpperson el idAhald Hicocl” 128 vaarticle key="journals/cit/Hidouciz11" ndate="211-08-25"
: zﬁirson key="honepages/96/1461" ndate="2818-86-26". ..¢/person> cauthorsWalid-khaled Hidouci</authory
; TP § Ty ; <authorsDjanel Eddine Zegour</authors
bltype="inf key= -1991-09425" ndate="2019-62-2", 8 ; A i
:/;a)rmle publtype="informal" key="journals/conr/abs-1901-09425" ndate="2019-02-02" ctitledUsing Actos to Build a Paallel DB /title>
"o <pages>71-82¢/pages»
 <article publtype="informal Key="journals/corn/abs-1904-00688" ndate="2019-84-24", <year 2011 /year>
I <volume>19¢/volune
" <journal >CIT¢/journal>
pcarticle key="journals/consis/BelayaditB18" mdate="2019-85-21",..¢/articley <number>2¢/numbery
m <eedhttp://cit.srce.hr/index. php/CIT/article/view/1992¢/ee>
L) y iy . . <url>db/journals/cit/cit19. himl#Hidoucizalc/urly
» <inproceedings key="conf/ciia/AriesZHI8" ndate="2018-05-05">.. .</inproceedings) i
¢/articley
i /dblps
(b) list of publications (c) details of a publication

Figure5 Sample of XML files returned by the DBLP XML API for the author Walid Khaled
HIDOUCI.

e Total number of authored articles: to indicate how exclusive or nonex-
clusive the co-authorship relation is.

We compute the weight of the co-authorship link between two nodes u
and v in the egocentric network (denoted Wy, ) as the proportion of shared
papers relative to the total authored papers of each one. Thus, weights
are assigned directly in terms of number of collaborations, and inversely
regarding other authors involved. With this metric, a relationship between a
pair of nodes having few collaborations with other nodes is considered more
important. For each u,v € V, W,,,, is computed by following Equation (14):

2 X Nyw

Wy = 2.
“ N, + N,

(14)
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Figure 6 An author’s explicit interests from his profile on ResearchGate.

where N,, is the number of co-authored papers, and N,, N, represent,
respectively, the total number of author’s u# and v publications.

5.2.2 Profiles building process

To build the social profile, publication titles are extracted using the DBLP
XML API [21]. On the contrary, the real profile from ResearchGate are built
manually since there is no API available to extract data from this platform.

Social profile construction

For each community in the co-authorship network, interests are detected
by mining texts in publication titles of all its members. After collecting
publication titles, keywords were analyzed to extract the interests using text-
mining techniques. As a part of data pre-processing, we filter out empty words
and apply a stemming algorithm to reduce vocabulary variability. As most
publications are written in English, the porter-stemming algorithm [37] is
used. The resulting terms are weighted relatively to their frequency. Finally,
the terms from all publications are collected to constitute the interests set of
the community.

Real profile construction
To build author’s profile as a ground truth, we analyze his list of interests
shared via ResearchGate. We first collect keywords from his profile and then
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extract semantic units by applying the same text-mining techniques as in the
construction of social interests. At last, each extracted element gets assigned
a weight which reflects its frequency in the set of all found interests.

5.3 Evaluation Protocol

In order to validate our proposition, we apply our weight-aware method under
a parametric study; which aims to assess the effect of tuning parameters
involved in our calculation and deduce their appropriate values. Hence,
experiments are done for different combination of values of parameters used
in Equations (2), (8), (11) and (12), where the value of each parameter is
ranged between 0 and 1.

Furthermore, to fairly compare our approach against the existing CoBSP
and ensure that external variables to the profiling process do not alter the
results of comparative study, the same community detection algorithm is
applied for both approaches. The OSLOM algorithm [18] which performs
on both weighted and unweighted networks is used.

Results are evaluated using the precision, the recall and the F-measure
metrics as commonly done in related work [5, 25, 28, 29, 41]. The pre-
cision represents the proportion of relevant found interests (i.e. interests
that truly belong to user’s profile) in relation to the total number of found
interests (Equation (15)). The recall (Equation (16)) represents the proportion
of relevant found interests compared to the total number of real interests
(user profile). Finally, the F-measure is the synthetic indicator that combines
precision and recall via their harmonic mean (Equation (17)). Results will be
presented by the average mean precision (respectively recall, F-measure) of
all studied authors. In our experimentation context, for a given author, these
evaluation metrics are computed as below:

N(Ig,
Precision = N((Is)) (15)
N(Isy,)
— 1
Recall N (L) (16)
Precisi
F o measure — 2 x recision X Recall 17

Precision + Recall

where N(Ig,) is the number of relevant interests in the social dimension (i.e.
also present in the real user profile), N(/) is the total number of interests in
the social dimension and N(I,) is the total number of interests in the user
dimension (real profile).
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Finally, let us note that the number of interests computed in the social
dimension can be too large since we use text from publication titles. Thus,
only top X interests for all built social profiles are considered. In fact, like in
adaptive systems, we are interested only on the most relevant interests to the
profiled user. Therefore, we utilize precision P@5, P@10, P@20 and P@30
respectively for the mean precision values at the first 5, 10, 20 and 30 returned
interests. With respect to n profiled users (75 in this experiment), it will be
calculated by:

2o hieX

N(Is,)@X
P@X =&==1""" Pi@X:%
n

X

where N(I,)@X is the number of relevant interests in the social dimension

when considering top X returned interests. Similarly, to compute recall at top

X interests, we use the following Equation (19):
Y R@X

_ s , N(ls)@X
R@X = n o ReX=—pms

(18)

(19)

5.4 Results and Discussion

In this section, we present the results of our evaluations. Three different
experiments were conducted. In the first, we compare our proposed approach
against the existing CoBSP with respect to the parametric study to evaluate
the effectiveness of considering tie strength to infer more relevant user
interests. The other experiments attempt to further understand the effect
of tie strength, they were particularly interested in the contribution that
each of ego-alter and alter-alter tie strength can have in the profiling pro-
cess. More specifically, in the second experiment, the unweighted profiling
process (i.e. the existing CoBSP) is applied on communities extracted by
considering weighted egocentric networks. In so doing, the ego-alter weights
are completely ignored and the outcomes of the process are solely based
on the alter-alter strength. Conversely, the third experiment is based on
ego-alter strength only, the communities are those extracted considering a
binary version of the ego network (i.e. where all the ties with a weight
greater than O are set to present) then our weight-aware version of CoBSP
is applied.

5.4.1 General results
We first studied the performance of our weight-aware method and existing
CoBSP under parametric study. From the results shown in Figures 7-9, we
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can observe that our method performs the best with significant improvement
upon the baseline on all metrics . This improvement shows the effectiveness
of our proposition and confirms our premise that strongest relationships may
reveal more relevant information about the profiled user.

Figure 7 shows the overall performance comparison in terms of best
precision and F-measure when varying the top X returned interests, X &
{5,10, 20,30} and where each metric is averaged across all users. For our
weight-aware method, these results are obtained when applying the optimum
values of 8 and v (8 = ~ = 0.3). From this figure, we can see that on
both metrics and over all values of X considered WeiCoBSP significantly
outperforms the existing CoBSP. The two approaches achieve their best pre-
cision of 37.07% and 25.07% respectively at the top 5 returned interest, P@5,
while the best F-measure values are observed when X > 15 (see Figure 7(b)).
Beyond this value (X = 15), the variation of F-measure is quite small. It is
slightly increased with, for example, +0,005 between F@15 and F @20 for
both CoBSP and WeiCoBSP. Regarding improvement, we can observe that
the best results of the weight-aware process outperforms those obtained by
CoBSP of 12.4 and 8% in terms of mean precision (P@10) and F-measure
(F@20) representing an improvement of 48% and 57.72% (these are relative
improvements) respectively.

Hereafter, all presented results are computed at the top 10 returned inter-
ests with respect to the ground-truth real profile. This value is observed to
offer a good compromise between precision and recall as well as to ensure
significant values of these metrics. In fact, for users having few interests
indicated in their ResearchGate profile (e.g. less than 15, that represent
significant portion (around 45%) of our dataset, see Figure 3) results @15
and above, can be less meaningful as the number of interests derived in
the social profile is increased while the number of interests in the real
profile remains less than 15. In following, we first compare our weight-
aware approach with the existing CoBSP and then investigate WeiCoBSP
specifically.

The results are first analyzed with respect to « values since this latter
is the only parameter involved in existing CoBSP process. Figure 8 presents
the comparison of best precision, recall and F-measure considering the top 10
interests. For the CoBSP approach, the best precision (0.18) is observed when
a € {0.7,0.9} and the best recall (0.083) when «v € [0.5, 0.8]. In comparison,
our WeiCoBSP approach achieves its best precision of 0.308 when («, 5, )
equals to (0.8, 0.3, 0.3) and (0.9, 0.3, 0.3) while its best recall value (0.143)
is observed when o = 0.9, 5 = 0.3 and v = 0.3.
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Figure 9 depicts the results of each process by the average value of
precision (respectively recall) for all users (/3 and ~ are still fixed at 0.3, their
optimum value when considering all « values).

For all values of «, the proposed weight-aware method outperforms the
CoBSP profiling process, represented by the blue curve, the highest results
are obtained when « € [0.5, 0.8] for CoBSP process and when « € [0.6, 0.9]
for WeiCoBSP, in which interval we observe an average gain of 0.119
(respectively 0.054) in terms of precision (respectively recall). These positive
gain values show once again the benefits of considering relationship strength
when inferring social profiles.

5.4.2 Parametric study

To illustrate the effect of varying different tuning parameters and deduce their
most accurate values, we analyzed at a second stage the performance of our
weight-aware profiling process WeiCoBSP with respect to 3 and . Note that
these parameters are not involved in CoBSP calculations. This means that
results of this latter will never vary whatever the values of 5 and ~; hence its
representation as a straight line in different graphs throughout this section.

We first studied the effect of 8 parameter used in communities’ struc-
tural score calculation to control the contribution of connections’ number
compared to their strength. We remind that when [ is set to one of the
benchmark values O or 1, the outcome is only based on one measure (only
degree or only strength, respectively) while ranging 3 between 0 and 1 allows
to consider both measures and positively value each of them; which implies
that increments in number of links and strength increase the outcome. In
contrast, a value of § above than 1 would negatively value the number of
links. We are not interested at this latter case in our study since we deem
important to leverage both number and strength of links. Yet, we are still
testing the value 8 = 1.5 only as confirmation.

Figure 10 presents the results in terms of average precision and recall of
WeiCoBSP process when 3 varies with respect to « values where our method
achieves its best performance (« € [0.6,0.9]) and by fixing +y to 1.0. (Results
according to other values of v parameter are also comparable, and can be seen
in Figure 14 concluding the parametric study).

We observe that all WeiCoBSP precision curves follow roughly the same
distribution. The optimal results are always achieved when both links number
and strength are taken into account. Similar results in terms of recall are also
observed as can be seen in the plot on the right side of Figure 10. Hence,
we focus hereafter on precision rates. The best precision results, 29.73%
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Figure 11 WeiCoBSP results according to different benchmark values of 3, with o €
[0.6,0.9] and v = 1.0.

and 30.4% for a{0.6,0.7} and 0.313, 0.309 for @ € 0.8,0.9 are obtained
when 3 equals to 0.3 and 0.4 respectively, with an average gain of 8,04%
(representing a substantial improvement of 35,64%) upon the worst observed
results and a best (respectively average) gain of 13.3% (respectively 12.6%)
compared to CoBSP process. This supports our hypothesis that number of
ties (the presence of many ties) as well as ties with greater strength have a
part to play in quantifying the involvement of communities in the egocentric
network. Moreover, a considerable improvement is observed when setting 3
between 0.3 and 0.5, which implies that number of ties is relatively more
important.

Figure 11 shows, particularly, results according to different benchmark
values of 3 along with the best observed result (represented by the orange
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bar in different groups of the chart with the corresponding 3 value indicated
above) according to « values.

As expected, the precision decreases significantly when the number of
links is not considered (i.e. when 5 = 1) and attains its worst rates if this
latter is negatively valued (i.e. when 5 = 1.5). We also found that by setting
B to 0.5, which attributes the same importance to number and strength of
community ties, the WeiCoBSP method performs similarly as (slightly better
than) when setting 3 = 0 (i.e. when strength is disregarded) for smaller
values of c. On the other hand, greater « values showed a better performance
when 5 = 0.5 and a decreasing difference in precision between benchmark
values 5 = 0 and S = 1 results as « increases. For instance, the precision
reaches 0.305 at « = 0.9 with an insubstantial loss of 0.4% compared to
the best observed result and a gain of 2.85% over benchmark values 0 and 1
where quite similar precisions of 27.73%, 27.6% are respectively observed.
These last observations suggest that when the contribution of the structural
score compared to the semantic one is quite small (o € [0.1,0.5]), a § lower
than 0.5 might be more suitable. Such a 8 will increase the importance of
the number of links in structural score calculation. Conversely, when the
contribution of structural score increases (o« > 0.6), number and strength
of links tend to relatively have comparable impact. This can be explained as
due to a loss compensated by the gain. In fact, when varying the parameter
value, a certain number of users is not correctly profiled anymore, while there
is a comparable amount of correctly profiled users at present.

In essence, we conclude that when computing structural score of commu-
nities, both number of ties and ties strength should be considered (and posi-
tively valued) with slightly more weight given to ties number as WeiCoBSP
achieves exemplary results when S equals to 0.3 or 0.4.

Similarly, the variations of WeiCoBSP results was studied according to .
This parameter controls the importance between the number of ties and
associated weights in contributing to estimate the strength of each commu-
nity to ego user when computing the final score of interests in the social
profile (Equation (12), stage 4 of the algorithm). It is worth noting that the
same benchmark values and associated interpretations as in in [ parameter
variation are applicable. We present the results of WeiCoBSP in terms of
average precision, recall and F-measure according to v (horizontal axis) when
a € [0.6,0.9] (different curves) and $ is fixed to its optimum value (i.e.
B = 0.4) as shown in Figure 12.

Based on Figure 12, we observe that the curves are almost flat over the
range of ~ parameter value. This suggests that variation of ~, compared to 3,
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Figure 12 Comparison of the average precision (left), recall (Middle) and F-measure (right)
according to +y variation for a € [0.6, 0.9] (8 = 0.4 for WeiCoBSP).

has relatively low impact over the effectiveness of our weight-aware process.
We remind that in this experiment, we are not studying the relevance of
community-ego connections in the WeiCoBSP process, but the contribution
of number of links and their strength to characterize these connections.

As can be seen from the figure, the best precision and recall rates are
generally reached when ~ is set low where both number and strength are
considered (with a higher contribution from links number) and when v = 1.0
which disregards number of links in favor to strength. The worst rates are
always observed when v = 1.5 which negatively values the number of
links. In more detail, WeiCoBSP achieves its best precision of 0.313 when
v = 0.3 and v = 1.0 by setting « to 0.9 and 0.8 respectively, with an
improvement of 9.81% (v = 0.3, « = 0.9) and 6.82% (y = 1.0, a = 0.8)
over results achieved when v = 1.5 (0.293 and 0.285). In terms of recall,
higher improvements of 11.92% and 8.46% with respect to the same values
of v and « are observed.

Results according to different benchmark values of v, presented in
Figure 13, show less accurate performance when considering only links
number (y = 0) regardless « value and evaluated measure.

In this chart, we also represent results by setting v to 0.3 since this value,
along with v = 1, produced the best performance. Looking more in depth, we
observe, however, that v = 1 outperforms v = 0.3 in terms of improvement.
Indeed, comparing best results when v = 0.3 (i.e. for o € 0.6,0.9) against
those obtained by setting v = 1 and vice versa fory = 1 (i.e. « € {0.7,0.8}),
we found that results achieved by setting y to 1 improves the ones of v = 0.3
by around 2.1% in average. This behavior is also reported for lower o, notably
when [ takes its best values between 0.3 and 0.5.
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Figure 13 WeiCoBSP results according to different benchmark values of ~, with a €
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Figure 14 Comparison of average precision, recall and F-measure according to 5 and ~y
parameters when fixing o = 0.8.

To conclude our parametric study, we plotted performance of our
WeiCoBSP process according to 5 and 7 parameters while fixing « value.
Figure 14 presents the results according to 3 (horizontal axis), ~ (different
curves) when a = 0.8, in terms of average precision, recall and F-measure.

We can globally conclude that both number and strength of links are valu-
able to characterize the communities in the egocentric network. Regarding
community-community connections, 3 parameter used to compute communi-
ties’ structural score seems to have more impact on WeiCoBSP performance.
As already mentioned (and can be seen from Figure 14), best results are
achieved when [ is set relatively low (0.3 = § < 0.5) regardless ~y value.
This suggests that number of links have higher contribution than strength.
Although, links strength should not be neglected since considerable improve-
ments are recorded over results setting 5 to 0. Regarding ego-community
connections, even though ~ parameter affects the performance, its impact
remains relatively low compared to 3 one. Best results are observed when
~ equals 0.3 and 1(represented respectively by orange and green curves in
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the figure). These two values, even though corresponding to almost opposed
settings, produced the most accurate results. However, setting v to 1 gives
relatively better performance, notably in terms of recall; which aligns with
our previous observations from experiment where [ parameter was fixed.
This demonstrates the promising ability of strength to correctly characterize
the ego-community connections.

5.4.3 Alter-alter strength: community structure impact

We have argued in the motivation section that ignoring link weights leads to
not correctly depict the community structure of the egocentric network and,
therefore, negatively affects the performance of profiling process.

To assess this, we conduct an experiment where we exclusively studied
the impact of community structure on CoBSP prediction ability. Hence, we
applied the unweighted profiling process on communities extracted from
the weighted egocentric network; which we called WeiComCoBSP. The
only difference with the existing CoBSP lies on the first stage (community
detection), in which the OSLOM algorithm [18] is applied while taking
into consideration the strength of ties. The remaining stages do not change.
Moreover, the structural score of communities is computed based on links
number only (as in the original process) to exclude any other effect of links
strength. Note also that ego-alter connections are discarded here (all alters
are equally significant to ego) which allows to particularly study the effect of
alter-alter strength on social profile inference.

Figure 15 outlines the results of WeiComCoBSP process (represented
by the orange curve in the plot) in terms of average precision and recall
compared to CoBSP and WeiCoBSP, both illustrated in Figure 15, as the

Precision
Recall

e COBSP < e COBSP
WeiComCoBSP
WeiCoBSP (B=0.3 ,y=0.3)

WeiComCoBSP
WeiCoBSP (=0.3 ,y=0.3)

Figure 15 Comparison of WeiComCoBSP results in terms of precision (left) and recall
(right) according to «, (8 = 0.3, v = 0.3 for WeiCoBSP).
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Figure 16 Comparison of best performance results for CoBSP, WeiComCoBSP and
WeiCoBSP with o = 0.7 (8 = 0.3, v = 0.3 for WeiCoBSP).

« parameter varies. For WeiCoBSP, these results are obtained with S and
v equal to 0.3. The best results achieved by each approach are illustrated in
Figure 16.

As we would expect, link weights and ensuing community structure
indeed affect the profiling process performance. WeiComCoBSP substan-
tially outperforms the existing CoBSP independently of « values on all
measures. We observe a significant improvement of 50.15% and 46.97%
(both values are average) in terms of precision and recall, respectively. Based
on Figure 16, presenting the best performance results, we observe that, like
CoBSP, the best WeiComCoBSP precision and recall rates, 0.27 and 0.12
respectively, are achieved when o = 0.7. They represent gains of 0.087
and 0.036 interpreting 47.10% and 42.52% respective improvements upon
CoBSP results. This figure shows, moreover, that WeiCoBSP achieves the
most accurate performance among the three approaches; it improves results
obtained by WeiComCoBSP with 13.82% and 18.83% in terms of precision
and recall respectively. Finally, as can be seen from Figure 15, WeiCoBSP
achieved a higher improvement in terms of precision (compared to recall)
upon CoBSP while, conversely, a higher recall improvement of 27.35%
(against 20.89% for precision) is achieved upon WeiComCoBSP.

As follows from the figures shown above and related observations,
ties strength may carry crucial information that influence the organization
of the ego network. Hence, taking into consideration this strength allows
a more accurate determination of communities and enhances the profil-
ing process. However, despite this significant improvements upon CoBSP,
WeiComCoBSP performance is still inferior compared to WeiCoBSP one.
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This indicates that even ego-alter connections influence the social profile
inference and supports our prior assumption that both alter-alter and ego-
alter connections (with their strength) should be leveraged. The contribution
of ego-alter connections will be the subject of the next experiment.

5.4.4 Ego-alter strength

As already mentioned, this last experiment aims at assessing the impact
of ego-alter connections on the profiling process. These connections were
totally discarded in the CoBSP approach based on an alter-alter model of ego
networks. Thus, neither number of connections each community has with
ego user nor their strength were studied. The combination between number
and strength of links adopted in our approach allows us to evaluate both.
Indeed, if the tuning parameter is set to 0, the outcomes are only based
on links number which enables to study separately their effect. For other
values, alternative outcomes based on both the number of ties and tie weights
are attained. To evaluate ego-alter connections influence without consider-
ing other factors depending on strength (namely community structure and
centrality measure in structural score), our weight-aware profiling process is
applied on communities extracted from the unweighted egocentric network.
The binary version of structural score (based on links number only) is also
kept in order to exclude any effect of alter-alter strength. Herein, the first
stages of the process remains unchanged. The difference between CoBSP
and present experiment, so-called WeiEgoCoBSP, lies on the fourth (and last)
stage where each interest gets assigned a final score according to its scores in
different communities. This final score is computed based on the strength of
each community (taken as a whole) to ego user.

Based on prior results of our parametric study, this experiment is con-
ducted with respect to four values of -y parameter (used to control the
importance between the number of ties and associated weights when comput-
ing the strength of communities): v = 0 to study the effect of links number
and v € {0.3,0.5,1.0} that combine both number and strength of links (with
0.3 and 1 values, WeiCoBSP achieved its best performance). Figure 17 shows
results in terms of average precision and recall of WeiEgoCoBSP when fixing
v = 1, CoBSP and WeiCoBSP when « varies. For WeiCoBSP, these results
are obtained when £ and y equal to 0.3.

For all values of o WeiEgoCoBSP outperforms the unweighted CoBSP
process except when o = 1 where a slight loss of 0.8% and 0.42% in terms
of precision and recall respectively is observed. WeiEgoCoBSP achieved an
average improvement of 35.37% for precision and 42.79% in terms of recall
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Figure17 Comparison of WeiEgoCoBSP results in terms of precision (left) and recall (right)
according to o, (8 = 0.3, v = 0.3 for WeiCoBSP, v = 1 for WeiEgoCoBSP).

upon CoBSP results. These values ensure that ego-alter connections play also
an important role in building the user social profile as alter-alter ones do.
Once again, our weighted WeiCoBSP approach that leverages both types of
connections has the best performance.

Based on Figure 17, we observe also that, apart from extreme « values
(i.e. « = 0 and o = 1), results of WeiEgoCoBSP are quite constant. Besides,
taking a closer look at results when o = 0, which considers only semantic
score of communities to describe interests in the social profile, a closer rates
to those obtained by WeiCoBSP are observed with significant improvements
(gains of 8.4% and 4.52% for precision and recall) over CoBSP results. This
may be helpful in case of isolated communities in the egocentric network
(i.e. communities having few or no connections with other ones). In fact,
their structural score based on centrality measure could be very low which
penalizes them. Such isolated communities as well as results according to size
and density of user’s ego network will be studied in future work. Regarding
~ parameter variation, we drew globally similar conclusions as from the
parametric study. Ties strength has the dominant influence on ego-community
connections characterization. Corresponding plots as well as CoBSP results
are depicted in Figure 18.

Overall, best results are achieved when v = 1 which disregards number of
links in favor to strength. As can be seen from the plots, better improvement
upon other v values are observed when o < 0.7, beyond this value, results
are almost comparable particularly when v = 0.3 which achieved, as well,
accurate performance in the parametric study.
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Figure 18 Comparison of WeiEgoCoBSP results according to o and , in terms of precision
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Figure 19 Comparison of WeiEgoCoBSP and CoBSP results when fixing «y to O (only links
number considered).

Finally, comparing results of WeiEgoCoBSP when fixing v to O (only
links number considered) against CoBSP ones, illustrated in Figure 19,
we can clearly see an important improvement when considering ego-alter
connection even if without strength. Average gains of 3.54% and 1.86% over
CoBSP in terms of precision and recall are observed.

5.4.5 Discussion

Throughout this results section, our proposed weight-aware approach showed
a promising potential to accurately infer user social profile from his ego-
centric network. This demonstrates that relationships strength holds valuable
information and proves how much is worthy leveraging them. This section
discusses key findings and provides our final thoughts about the used method
and the limitations.
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Figure 20 Comparison of all approaches results in terms of average precision (left) and
recall (right) according to a (8 = 0.3, v = 0.3 for WeiCoBSP, v = 1 for WeiEgoCoBSP).

To enable evaluation, the performance of our weight aware method
and existing CoBSP were first studied under parametric study, and then
we investigate specifically the ego-alter and alter-alter connections to fur-
ther assess their influence. In the parametric study, the fittest values for
B and ~ parameters were examined. Both parameters are used to control
the contribution of ties number compared to strength: the former in the
communities’ structural score and the latter in ego-communities strength
calculations.

Figure 20 sums up the performance results for all approaches with respect
to a values, for weight-aware methods (WeiCoBSP and WeiEgoCoBSP), the
best configuration of v and/or S parameters is used. As can be seen from
the figure (and already shown in experiments), our weight-aware WeiCoBSP
performs the best among the compared algorithms, followed by WeiCom-
CoBSP based on weighted community structure then WeiEgoCoBSP which
focuses on ego-community connections and finally the existing CoBSP.
WeiCoBSP achieves this by leveraging both alter-alter (like WeiComCoBSP)
and ego-alter (like WeiEgoCoBSP) relationships strength. Our results also
suggest that, in the former, both number and strength of links should be
considered to calculate structural score of communities (with higher con-
tribution from number of links) while in ego-community connections, links
strength has the dominant influence. Besides, when comparing results of
the two last experiments (assessing alter-alter and ego-alter relationships
influence), WeiComCoBSP generally outperforms WeiEgoCoBSP except
for very low « values (< 0.05). This indicates that alter-alter connections
through community structure have greater impact on profile building pro-
cess than ego-alter ones. These results confirm as well our findings from
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the parametric study that -y parameter effect was relatively low compared
to (3 one.

On the basis of findings presented in our experiments, work on the
remaining issues is continuing. As previously mentioned, we intend at a
first place to explore the ability of ego-alter connections to alleviate the
problem of isolated communities in the egocentric network where the com-
munity has very few (or no) connections with others. Besides, it would
be interesting to study results according to the size and density of users’
ego networks. The network density describes the interactions among user’s
alters (or coauthors in our experiments context) and may affect the per-
formance of the community-based process especially in case of sparse
networks, as reported by [41]. Moreover, co-authorship networks such as
DBLP can be relatively less connected compared to online social networks;
which reinforces our interest to study the proposed weight-aware approach
against the existing CoBSP and investigate the contribution of (ego-alter
and alter-alter) ties strength with respect to network density. Another obser-
vation one can make regarding our experiment results is the low rates of
performance metrics. This can be explained by the fact that inferred inter-
ests are compared to optional data from ResearchGate profiles that may
be obsolete or partly incompatible [30]. In addition, the keyword based
method used to extract interest from the publication titles can lead to noisy
and/or incompatible interests with those extracted from ResearchGate. Such
methods are often criticized for lacking semantic information and fail-
ing to capture relationships among words [36]. For instance, a user may
be interested in social network analysis in general, which is filled in his
ResearchGate profile but extracted keywords from publications titles include
“profiling” or “community” that are not obviously linked to social network
analysis. To address this problem, a concept-based profile representation
instead of keywords one can be adopted [36]. This model is increasingly
used to represent user profile in microblogging networks (such as Twit-
ter). Besides describing relationships between concepts, user interests can
also be linked to pre-existing knowledge bases (e.g. WordNet,” DBpedia®)
which can be useful for dealing with polysemy as well. Another interest-
ing approach would be the closed frequent keywords sets model proposed
in [39] to extract topics from publication titles. In this approach, authors
form keywords-sets from substrings of the title’s phrases and maintain

"https://wordnet.princeton.edu/
8https://wiki.dbpedia.org/
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the relative ordering of keywords; which preserves, hence, the underlying
semantics [39].

6 Conclusion and Perspectives

This paper brings forward a social profiling approach, so called WeiCoBSP,
towards weighted egocentric networks. We suggest taking into account rela-
tionship strength to infer more refined and accurate interests and improve
the effectiveness of the existing community-based approaches. Our starting
point was the identification of a couple of issues ensuing from assumed
binary model in these approaches, namely, their incapacity to distinguish
most relevant people to the profiled user from others and to correctly depict
the real community structure of user’s ego network. In our work, we aimed
to address these issues by leveraging strength of both ego-friend and friend-
friend relationships. The former allows us to identify relevant people from
whom to infer worthwhile interests while the latter, qualifying connections
among people in user’s neighborhood, enables extraction of the most realistic
community structure in the egocentric network.

To validate our approach, an extensive empirical evaluation is performed
on real world co-authorship networks (DBLP/ResearchGate). Experimental
results show the ability of WeiCoBSP to infer user’s interest accurately,
improving greatly the unweighted CoBSP performance (57.72% improve-
ment in terms of F-measure). Moreover, parametric study and experiments
assessing separately ego-friend and friend-friend relationships strength led
us conclude that the latter through community structure have a relatively
higher impact on profile building process. Hence, evaluation findings confirm
the efficiency of the proposed approach to address challenges stated in the
motivation section, that is, how to change metrics and algorithms describing
different steps of CoBSP process to deal with weighted networks? And how
to choose relevant people in the weighted network from whom significant
interests will be derived?

In future work, we would like to evaluate our approach in larger sets
of egocentric networks from different social platforms (e.g., Facebook and
LinkedIn). It will be also interesting to incorporate other factors or social fea-
tures into the model to further enhance profiling accuracy. Finally, although
the many research efforts studying user profiling in social networks, it is still
very challenging to collaboratively model both user-generated content and
social relationships, thus in a long term perspective, we plan to further explore
this research direction.
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