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Abstract

Social networks are known to be assortative
with respect to many attributes such as age,
weight, wealth, ethnicity and gender. Inde-
pendently of its origin, this assortativity gives
us information about each node given its
neighbors. It can thus be used to improve in-
dividual predictions in many situations, when
data are missing or inaccurate. This work
presents a general framework based on prob-
abilistic graphical models to exploit social
network structures for improving individual
predictions of node attributes. We quantify
the assortativity range leading to an accuracy
gain. We also show how specific characteris-
tics of the network can improve performances
further. For instance, the gender assortativ-
ity in mobile phone data changes significantly
according to some communication attributes.

1. Introduction

Social networks such as Facebook, Twitter, Google+
and mobile phone networks are nowadays largely stud-
ied for predicting and analyzing individual demograph-
ics (Traud et al., 2012; Al Zamal et al., 2012; Magno
& Weber, 2014). Demographics are indeed a key input
for the establishment of economic and social policies,
health campaigns, market segmentation, etc. (Magno
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& Weber, 2014; Frias-Martinez et al., 2010; Sarraute
et al., 2014). Especially in developing countries, such
statistics are often scarce, as local censuses are costly,
rough, time-consuming and hence rarely up-to-date
(de Montjoye et al., 2014).

Social networks contain individual information about
their users (e.g. generated tweets for Twitter), in addi-
tion to a graph topology information. The assortativ-
ity of social networks is defined as the nodes tendency
to be linked to others which are similar in some sense
(Aral et al., 2009). This assortativity with respect to
various demographics of their individuals such as gen-
der, age, weight, income level, etc. is well documented
in the literature (McPherson et al., 2001; Madan et al.,
2010; Wang et al., 2013; Smith et al., 2014; Newman,
2003). This property has been theorized to come ei-
ther from influences or homophilies or a combination
of both. Independently of its cause, this assortativity
can be used for individual prediction purposes when
some labels are missing or uncertain, e.g. for demo-
graphics prediction in large networks. Some methods
are currently developed to exploit that assortativity
(Al Zamal et al., 2012; Herrera-Yagiie & Zufiria, 2012).
However, few studies take the global network structure
into account (Sarraute et al., 2014; Dong et al., 2014).
Also, to our best knowledge, no research quantifies
how the performances are related to the assortativity
strength. The goal of this work, already published, is
to overcome these shortcomings (Mulders et al., 2017).

2. Method

We propose a framework based on probabilistic graph-
ical models to exploit a social network structure, and
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especially its underlying assortativity, for individual
prediction improvement in a general context. The net-
work assortativity is quantified by the assortativity co-
efficient of the attribute to predict, denoted by r (New-
man, 2003). The method can be applied with the only
knowledge of the labels of a limited number of pairs
of connected users in order to evaluate the assortativ-
ity, as well as class probability estimates for each user.
These probabilities may for example be obtained by
applying a machine learning algorithm exploiting the
node-level information, after it has been trained on
the individual data of the users with known labels. As
described in (Mulders et al., 2017), a loopy belief prop-
agation algorithm is applied on a Markov random field
modeling the network to improve the accuracy of these
prior class probability estimates. The model is able to
benefit from the strength of the links, quantified for
example by the number of contacts. The estimation of
r allows to optimally tune the model parameters, by
defining synthetic graphs. These simulations permit
(1) to prevent overfitting a given network structure,
(2) to perform the parameter tuning off-line and (3) to
avoid requiring the labeled users to form a connected
graph. These simulations also allow to quantify the
assortativity range leading to an accuracy gain over
an approach ignoring the network topology.

3. Mobile phone network

The methodology is validated on mobile phone data
to predict gender (M and F resp. for male and
female). Since our model exploits the gender ho-
mophilies, its performances depend on r. In the worst
case of a randomly mixed network, » = 0. Perfect
(dis-)assortativity leads to r = (—)1. In our network,
r =~ 0.3, but Fig. 1 shows that it can change accord-
ing to some communication attributes. The strongest
edges (with many texts and/or calls) are more anti-
homophilic, allowing to partition the edges into strong
and weak parts, respectively disassortative and assor-
tative (r ~ 0.3 in the weak part, whereas r can reach
—0.3 in the strong one while retaining ~ 1% of the
edges). This partition is exploited to improve the pre-
dictions by adapting the model parameters in the dif-
ferent parts of the network. Fig. 2 shows the accuracy
and recall gains of our method, over simulated ini-
tial predictions with varying initial accuracies resulting
from sampled class probability estimates. The high-
est accuracy gains are obtained in the range [70,85]%
of initial accuracy, covering the accuracies reached by
state-of-the-art techniques aiming to predict gender
using individual-level features (Felbo et al., 2015; Sar-
raute et al., 2014; Frias-Martinez et al., 2010). These
gains overcome the results obtained with Sarraute et
al’s reaction-diffusion algorithm (2014).
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Figure 1. Gender assortativity coefficient in a mobile phone
network when only the edges with a number of texts (SMS)
and a number of calls (CALLS) larger than some increasing
thresholds are preserved. The top (resp. right) histogram
gives the number of edges (n.) with CALLS (resp. SMs)
larger than the corresponding value on the z-axis (resp.
y-axis), on a log. scale.
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Figure 2. Accuracy and recall gains when varying the ini-
tial accuracy in a mobile phone network, averaged over 50
random simulations of the first predictions. The filled ar-
eas delimit intervals of one standard deviation around the
mean gains.

4. Conclusion

This work shows how assortativity can be exploited to
improve individual demographics prediction in social
networks, using a probabilistic graphical model. The
achieved performances are studied on simulated net-
works as a function of the assortativity and the qual-
ity of the initial predictions, both in terms of accuracy
and distribution. Indeed, the relevance of the network
information compared to individual features depends
on (1) the assortativity amplitude and (2) the quality
of the prior individual predictions. The graph simula-
tions allow to tune the model parameters. Our method
is validated on a mobile phone network and the model
is refined to predict gender, exploiting both weak, ho-
mophilic and strong, anti-homophilic links.
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