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Abstract

Social networks are known to be assortative with respect to many attributes, such as age, weight, wealth, level of education,
ethnicity and gender: Similar people according to these attributes tend to be more connected. This can be explained by
influences and homophily. Independently of its origin, this assortativity gives us information about each node given its
neighbors. Assortativity can thus be used to improve individual predictions in a broad range of situations, when data are
missing or inaccurate. This paper presents a general framework based on probabilistic graphical models to exploit social
network structures for improving individual predictions of node attributes. Using this framework, we quantify the
assortativity range leading to an accuracy gain in several situations, with various individual prediction profiles. We finally
show how specific characteristics of the network can enhance performances further. For instance, the gender assortativity in
real-world mobile phone data drastically changes according to some communication attributes. In this case, using the
network topology indeed improves local predictions of node labels and moreover enables inferring missing node labels
based on a subset of known vertices. In both cases, the performances of the proposed method are statistically significantly
superior to the ones achieved by state-of-the-art label propagation and feature extraction schemes in most settings.

Keywords Loopy belief propagation - Assortativity - Homophily - Social networks - Mobile phone metadata

1 Introduction

Social networks currently drive an increasing attention in
the research community, as they are found in diverse sit-
uations and are described by huge amounts of data notably
collected through the web and mobile devices. Facebook,
Twitter, Google+, mobile phone networks and other large-
scale social graphs are nowadays largely studied for pre-
dicting and analyzing individual demographics [1, 23, 46].
This type of information is indeed a key input for the
establishment of economic and social policies, health
campaigns or market segmentation [12, 23, 37]. Never-
theless, especially (but not exclusively) in developing
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to a graph topology information. These graphs present
specific structures carrying many different characteristics,
such as small-worldness or heterogeneous degree distri-
bution [32]. The assortativity of social networks, defined as
the nodes tendency to be linked to others which are similar
in some sense [2], with respect to various demographics of
their individuals such as gender, age, weight, income level,
education, race, religion is well documented in the litera-
ture [22, 24, 31, 42, 48]. This property has been theorized
to come from either influences or homophily or a combi-
nation of both [2]. For instance, Rosenquiest et al. [36]
showed that social influence can enhance the spreading of
alcohol consumption and Madan et al. [22] found that
weight changes in an individual can be influenced by
exposure to overweight peers with unhealthy habits or
inactive lifestyles. On the other hand, the concept of
homophily is easily understood as the saying goes: ‘birds
of a feather flock together,” which means that people
sharing some characteristics tend to more communicate.
For instance, we observe more connections between people
of the same age and gender [24].

Independently of its cause, this assortativity can be used
for individual prediction purposes when some labels are
missing or uncertain, e.g., for demographics prediction in
large networks. The task of predicting missing node labels
in networks, known as node classification, makes use of the
known labels and the graph structure [14], which embeds
some properties such as its assortativity. Different methods
of node classification, based either on feature extraction or
on random walks [5], were recently developed. On the one
hand, some feature extraction-based approaches aim at
exploiting network assortativity [1, 16]. The general idea
is, for each node, to build a feature vector summarizing
information from its neighborhood. A machine learning
algorithm can then be employed to predict the unknown
labels based on these extracted features. In this setting, the
neighborhood definition is highly important and can be
carried out in different ways [15]. To define feature vectors
describing each node’s neighborhood, graph embedding
techniques can be considered [14]. For instance, Grover
and Leskovec automated the feature extraction to preserve
neighborhoods reflecting the local structures and/or the
communities [15]. This approach is well suited for classi-
fication tasks as it can account for diverse node neighbor-
hoods which can be related to the node labels. However,
the feature extraction-based studies do not take the global
network structure into account and could hence further
benefit from its properties. Indeed, the feature extraction is
constrained by the subsequent classification algorithm that
is used: The fixed number of features and their ordering
cannot faithfully reflect complex relationships, observed in
social networks for instance, with diverse kinds of network
substructures related to the users’ labels [44]. Also, this
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kind of approach is not intended to directly exploit
uncertain label predictions with confidence levels (i.e.,
class probabilities) [40].

On the other hand, random walk-based approaches allow
to account for the whole network structure by propagating
the labels through iterative updates [50, 51]. Several vari-
ants and adaptations of this principle were proposed to
solve diverse labeling tasks, such as video suggestions [3]
or demographics prediction in networks [38]. Although
these methods aim to model the network structure as a
whole, they are based on an implicit model of the joint
probability distribution of all the node labels [5]. As an
alternative, inference approaches using probabilistic
graphical models (PGMs) were developed as the PGM
modeling explicitly fully describes the interactions
between the nodes [10].

Nevertheless, none of the current approaches investi-
gates the improvement of uncertain predictions, which can
be obtained by a classical machine learning algorithm
predicting the labels based on individual profiles, while
modeling the network structure as a whole. Instead, the
current studies focus on the propagation of known labels
through a network. In addition, to the best of our knowl-
edge, no research quantifies how the performances of label
predictions in a network evolve as a function of the
assortativity strength.

In this work, we propose a general framework based on
probabilistic graphical models (PGMs) to exploit the social
network structure to improve uncertain individual predic-
tions and infer missing labels. The method can be applied
while only knowing the labels of a limited number of pairs
of connected users in order to evaluate the assortativity.
Then, the inference process is based on class probability
estimates for each user. These initial class probabilities
may be obtained (1) by considering a subset of labeled
users or (2) from a machine learning algorithm applied on
the node-level individual features. A loopy belief propa-
gation algorithm is afterward applied on a Markov random
field modeling the network to improve the accuracy of the
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 the network assor-
tativity allows to optimally tune the model parameters, by
defining synthetic graphs. The latter simulations permit (1)
to prevent overfitting a given (real) 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 structure. The methodology is vali-
dated on real-world mobile phone data to predict gender.
As the assortativity required to significantly improve the
quality of the prior class probabilities might not always be
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reached in practice, we show that the assortativity signifi-
cantly changes according to some communication attri-
butes, which can in turn be exploited to improve the
predictions by appropriately adapting the model parameters
in different parts of the network. Experiments on a real-
world mobile phone network suggest the statistically sig-
nificant superiority of our methodology over state-of-the-
art algorithms, namely the reaction—diffusion label propa-
gation method [38] and three machine learning classifiers
relying on features extracted by the Node2vec graph
embedding technique [15].

The paper is organized as follows. Section 2 introduces
the framework of probabilistic graphical models (PGMs)
and the notations. The readers who are already familiar
with this field can safely skip this part. Then, the general
methodology to improve attribute predictions in a network
is detailed in Sect. 3. Its key parameters are highlighted,
and their tuning based on simulated assortative networks is
detailed. In Sect. 4, we introduce the real-world data sets
which are studied, analyze their underlying gender homo-
phily and assess the performances of our method compared
to state-of-the-art algorithms, based on feature extraction
using Node2vec [15] and on label propagation using the
reaction—diffusion algorithm [38]. Section 5 then discusses
the results and describes the related work more extensively.
Conclusions are drawn in Sect. 6.

2 Background and notations

This section introduces undirected graphical models and
how they can be used to perform inference about the
variables they model. Uppercase and lowercase letters
denote, respectively, random variables and observed val-
ues. The probability distribution of a random variable (or a
set of random variables) X is denoted by px. It corresponds
to the probability density (resp. mass) function for a con-
tinuous (resp. discrete) random variable X. For instance,
the probability for a discrete random variable X to be equal
to x is px(x) := P(X = x).

2.1 Probabilistic graphical models (PGMs)

A probabilistic graphical model is a graph Gy = (S, .A),
where S:={1,...,N} and A C S xS denote, respec-
tively, the set of nodes and edges, in which each node i € S
is associated with a random variable X; and each edge
e € A represents a direct statistical dependency between
the random variables it links. Any pair of nodes which are
not connected can only statistically depend on each other
through some other variables on the path relating
them [13]. Let X denote the concatenation of all the X;’s
for i=1,...,N. A given PGM models a family of

probability distributions over X which, importantly, admit
a particular factorization according to the graph structure.
Graphical models aim to represent compactly distributions
over interacting variables, allowing to decrease the com-
plexity of inference processes. There exist mainly three
kinds of PGMs: undirected graphical models (also called
Markov random fields (MRFs) or Markov networks),
directed acyclic graphical models (DAGs or Bayesian
networks) and factor graphs [20]. MRFs are employed in
this work and are defined as follows.

Definition 1 (Markov random field (MRF)) An undirected
graphical model, or MRF, represents a family of proba-
bility distributions over X using an undirected graph Gy,.
The implied variables satisfy the graph separation prop-
erty: For any three sets of nodes H, B and D C S in the
PGM and their associated vectors of random variables Xy,
Xp and Xp, Xy is independent from X conditionally to Xp
(X3 1L X5|Xp) when any path in the graph from one node in
‘H to one node in B contains a node in D.

The Hammersley—Clifford theorem relates this defini-
tion to the factorization of the joint distribution induced by
the graph:

Theorem 1 (Hammersley—Clifford) A strictly positive
distribution pyx satisfies the graph separation property if
and only if it can be factored as

px() = 2 T v, (xc), 0

ceC

where C is the set of maximal cliques' in the graph Gy,
Z =3 Ilcec¥x (xc) is termed as the partition function
and the Yy ’s are nonnegative functions, called clique
potentials.

The clique potentials define ‘compatibility’ functions
between the values taken by the variables X¢. They do not
necessarily correspond to (conditional) probabilities over
the cliques. It can be noted that the potentials defined on
the maximal cliques may, in some cases, also be factored as
the product of potentials defined on nonmaximal cliques. In
particular, when the joint probability distribution py is
unknown and needs to be modeled, any factorization based
on potentials defined on nonmaximal cliques can be con-
verted to one based on maximal cliques by defining the
maximal-clique potentials as being the product of a subset
of the nonmaximal-clique potentials [47].

' A clique is a fully connected subgraph. A maximal clique is a
clique which cannot be increased in size with other nodes from the
graph.

@ Springer



18026

Neural Computing and Applications (2020) 32:18023-18043

2.2 Inference on PGMs

Inference aims to compute marginal probabilities or
modes of a joint distribution [47]. Assuming that discrete
random variables are considered (otherwise, sums can be
replaced by integrals), computing a marginal such as
px, (x1) consists in summing over all the remaining vari-
ables: px,(x1) =), --->. px(x). When the joint dis-
tribution admits a factorization such as (1), it can be used
to reduce the computational cost of the inference. Indeed,
the sum over each variable can be performed on factors
defined on subsets of nodes. The book of Koller and
Friedman provides for some concrete examples [20]. This
reasoning leads to the loopy belief propagation (LBP)
algorithm which can be applied on any kind of PGM. If
the graph is a tree, LBP converges to the correct mar-
ginals in a limited number of iterations [29]. Otherwise,
the estimated marginals are optimal in the Bethe—Kikuchi
sense [47].

3 Method

Given an arbitrary social network G, the goal is to exploit
its assortativity to infer, for each user i, an individual scalar
attribute (or class) Y; taking values in a finite alphabet ).
This class can be, for instance, the age or gender of each
individual. The graph G is defined as a pair (V, £), where V
and & are, respectively, the sets of nodes (one for each user)
and edges (connecting each pair of individuals who are in
contact), with |V| = N. The available individual informa-
tion about user i is denoted by the random vector X;. For
example, in the case of Twitter, x; could consist in the
tweets generated by user i and possibly in public profile
details (e.g., the user’s name). It is assumed that estimates
Pyix,(vilxi) of the class membership probabilities
Py,jx,(vilx;) are provided. These can be seen as ‘initial
predictions’ for each user i € V, which can encode deter-
ministic information (known labels) or which can be out-
putted by a machine learning algorithm applied on the
individual features x; to predict the class y;. If such infor-
mation is missing for some users, uniform class probabil-
ities of ‘17| are used. In what follows, Y (resp. X) denotes the

concatenation of all the Y;’s (resp. X;’s).

The rest of this section is structured as follows. Our
inference model is built in Sect. 3.1 based on the social
network, and the employed message-passing algorithm is
detailed in Sect. 3.2. Next, in Sect. 3.3, by simulating
individual predictions py,y,(v:|x;) and synthetic networks,
we assess how the performance enhancement is related to
the network assortativity and to the quality of the initial set
of predictions, in terms of both accuracy and distribution.
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This procedure permits to determine the best model
parameters.

3.1 Probabilistic graphical model

In order to improve the initial predictions py,y, (yi|x;), the
joint probability distribution p (Y, X) is modeled through an
undirected PGM Gy, (also called Markov random field,
MRF). The MRF has one node (resp. one edge) for each
user (resp. link) in the social network. The random vari-
ables Y; that we want to infer are assigned to the nodes of
the network; each link represents a conditional dependency
between two of them. As indicated in Fig. 1, the graphical
model Gy, contains N additional nodes associated with the
X;’s, each one being linked to its corresponding Y; (as
in [49] for instance). The relationships between the indi-
vidual data X; and the label Y; of each user i are hence
captured, as well as the direct mutual influence of adjacent
users. We choose an undirected graphical model to char-
acterize the statistical dependencies between the consid-
ered random variables, since there is no causal link
between the labels in the social network which could be
represented with a directed PGM. Also, the joint distribu-
tion p (Y, X) does not admit a natural factorization through
conditional probabilities [47]. Instead, our MRF represents
conditional independencies. As a result, the graph separa-
tion property [20] indicates that the joint probability dis-
tribution p(Y,X) modeled by the PGM admits the
factorization

prx(,x) = pr () - [ [ xyw (xilya). 2)

The assumption underlying the graphical representation is
that X; given Y; is conditionally independent from Y; and
Xj, for all j # i. Namely, the generative probabilities of the
features given the class of each node are assumed to be
conditionally independent.

Let us use the notations

Fig. 1 Toy example of the Markov random field. There are two nodes
per user i in the graph, Y; being her class and X; her individual data
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Pri|x; (Yi |xi) . (3)

[/j(yi,xl') = pxi‘yi(xi|yi) x pYi(yi)

As Y is defined over the random variables associated with
each node of the social network G, it is called the node
potential. It corresponds to the likelihood of the ith user’s
individual data knowing her class. Besides, factoriza-
tion (2) entails the joint distribution py(y) of the labels.
The Hammersley—Clifford theorem indicates that the latter
can be factored as a product of nonnegative functions
defined over cliques in Gy. We choose to represent pair-
wise interactions for py(y), i.e., we define a clique potential
over each edge binding two y;’s. According to our PGM, as
illustrated in Fig. 1, the factorization hence develops as

prxtr9) = 2 [Tw0nm) TT #0500, @

(.k)e€

where Z is the partition function (a normalization constant)
and Y and Y, respectively, denote the node and edge
potentials. The ith node potential /(y;, x;) can be estimated
using the first predicted class probability py, . (vi|x;) and an
estimated class prior py (y;), which can be defined as the
proportion of users initially predicted as y;. Besides, in
order to reflect either the label assortativity or disassorta-
tivity of each link, the edge potential ¥(y;, yx) for each pair
of adjacent users j and k can be defined as

Sk, ify; =y

5
ify; # yi ®)

P (vj yx) = { 1= si,
with sy € [0,1] and y;, yx € Y. It is noteworthy that if sj is
greater than 0.5, ¥(y;, yx) will encourage users j and k to
share the same class. At the opposite, an sy value smaller
than 0.5 will favor neighboring users j and k to have dif-
ferent labels (anti-homophilic contacts). This parameter of
label compatibility over the edges can hence be interpreted
as the probability for edge (j, k) to be homophilic.
Depending on the application, one may have access to
some edge weights, which can be used to model these sj.
Section 4.4 provides an example of such a refinement in
the context of a real-world application. Another option is to
employ a constant s;; value for all the edges.

3.2 Inference algorithm

Along with factorization (4) of the joint probability dis-
tribution, the defined PGM structure enables efficiently
inferring the posterior probabilities py,x, from which
enhanced predictions of the users’ label are derived. Exact
inference on the loopy MREF is intractable, as it would
require using the junction tree algorithm [20] which, even
if all the maximal cliques in G were identified, has an
exponential complexity in the size of the largest one. This

motivates relying on factorization (4), with pairwise
potentials only, and leads to the loopy belief propagation
(LBP) algorithm [20]. As further detailed hereunder, LBP
provides estimates of the posterior probabilities py, y (vi|x)
for each node i in the graph and for all y; € V. These
estimates approximate the true posterior probabilities
Py, x(yilx) in the Bethe—Kikuchi sense [47]. The predicted
class for user i is then given by arg maxy,cy Py, x (yilx)-
Computing the conditional probability of a random
variable Y;, given the observed variables, consists in
marginalizing over the remaining unobserved variables. A
normalization step at the end ensures that we have a valid
conditional distribution. The intuition behind belief prop-
agation algorithms is to perform these marginalizations
efficiently, by avoiding to repeatedly compute the same
intermediate sums. As a result, LBP is an iterative algo-
rithm in which, at each iteration ¢, every node j sends a
message m}k to each of its neighboring nodes k defined as

mjkk(lyk)z lﬂ(yj,xj)lp(yj,yk) H mﬁ,;l(yj) 7 (6)

yey ueN ()\k

for yx € Y and where N (j) is the set of neighbors of user .
The normalization constant k; is chosen such that the
messages on each edge and direction sum to 1:
> ey ™My (yk) = 1. The initial messages m?k are set to
1/]Y|. The summation over the values of the random
variable Y; consists in marginalizing this variable. The
message mj; (y) can be interpreted as all the information
the sender (node j) can provide to the receiver (node k) on
the probability for node k to lie in state y;. After the con-
vergence of the 2N messages after * iterations and a nor-
malization step, estimates of the posterior probabilities
Pyx(yilx), termed as beliefs and denoted by b(y;), can be
computed for each node i in the graph and for all y; € ) as
follows:

Prx (i) & b(vi) = ka - (i xi) [ miO), (7)
ueN (i)

where k&, 1is a normalization constant such that
Zy,ey b(y;) = 1. The predicted class for user i is the one

maximizing the estimated posterior probability:
ﬁf = b l .
yi = argmax i) (8)

This procedure enables handling large graphs as the com-
plexity of a single message-update iteration is O(|€| - |V|*).
In comparison, a brute-force marginalization has a com-
plexity of O - |Y|"). It can also be noted that (6) high-
lights the influence of the edge potential ¥': An sj larger
than 0.5 on a given edge encourages neighboring users to
share the same class.

@ Springer
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3.3 Parameter tuning

The s values of the edge potential (5) need to be deter-
mined. As these parameters reflect the confidence in the
(dis-)assortative character of the edges, their tuning should
be related to the network assortativity. The latter quantity
hence has to be quantified, which is detailed in Sect. 3.3.1.
Then, after defining synthetic networks with adjustable as-
sortativity in Sect. 3.3.2, Sects. 3.3.3 and 3.3.4 study the
influence of the assortativity on the model parameters and
on the performances. This is done both by simulating
individual predictions and by assuming that a subset of
labels are known.

3.3.1 Assortativity coefficient

To quantify the assortativity of a network for a given node
attribute, Newman introduced the assortativity coefficient,
denoted by r [31]. It assesses the correlation between the
attributes of adjacent nodes, which can be categorical such
as the gender or the political affiliation. For scalar, discrete
or continuous, attributes such as the user’s age or the node
degree, a numeric assortativity coefficient is defined. In the
following, we focus on the assortativity coefficient defined
for categorical attributes on an undirected graph.

The assortativity coefficient can be derived thanks to the

L .
1 where m; is half

symmetric mixing matrix M = [m,]] i
the fraction (resp. the fraction) of edges connecting a
vertex of class i to a vertex of class j when i # j (resp.
when i = j), and L = |)/| is the total number of classes of
the attribute of interest. Each of the row sums of the mixing
matrix, denoted by m; := Zj myj, gives the proportion of
ends of edges from class i. It corresponds to the sum of
degrees of the nodes from class i divided by the number of
ends of edges (i.e., twice the number of edges). For a
discrete attribute on an undirected graph, the assortativity
coefficient expresses as

_Zimii_Zimiz c [_1 1] (9)
S l=Ym o

If all the edges lie between pairs of people of the same
class, the network is perfectly assortative and it is
straightforward to derive that » = 1. At the opposite, in a
perfectly disassortative network, r will range in [—1,0], as
detailed in [31]. In the intermediate case, a random mixing
occurs when the classes of two connected users are inde-
pendent. Hence, m;; = m? which implies that » = 0. Many
studies show that social networks tend to be more assor-
tative than other ones (e.g., technological or biologi-
cal) [8], with positive assortativity coefficients ranging up
to 0.6 [32] for attributes like race of partners in a bipartite
graph of sexual partnerships. According to McPherson

r
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et al. [24], the latter attribute is among the most homophilic
ones.

In the special case of a binary attribute, the mixing
matrix becomes

M= (m” m”), (10)

mpp My

and the assortativity coefficient is defined as

2 2
_m11+m22—m1—m2

r= 5 5 . (11)

I —mi—mj

In this particular setting, the assortativity of a perfectly
disassortative network reaches —1. Indeed, there can only
be as many nodes from each of the two classes at the ends
of the edges of such a network, since each edge is between
two users from distinct classes. Hence, m; = my = 0.5 and
ris equal to —1.

As it is most of the time unknown, r should be reliably
estimated in a real setting. An efficient possibility consists
in edge sampling, as described in Sect. 4.4 in the case of
gender prediction in a mobile phone network. We hence
assume in the following that an accurate estimate of r is
provided.

For a given network, the model parameters sj of the
edge potential ¥ can be optimized according to our con-
fidence in the (dis-)assortativity of each link (j, k). If our
sole knowledge about assortativity is 7, a constant s value
(denoted by s) can be used for all the edges. This s char-
acterizes the confidence in the network information, which
is proportional to |r|: as indicated by (4), large |0.5 — s
values dilute the initial predictions contained in the node
potential {y and give a heavy weight to the network, while
at the opposite an s value close to 0.5 will not change the
initial predictions by much, since ¥ will remain roughly
constant when its arguments (i.e., the class labels) are
either equal or different. Synthetic networks, defined in the
next section, with assortativity coefficients close to a given
r, enable us to find an optimal s. To this aim, a grid search
is performed: LBP is applied on the MRF with each s value
from the grid, and the one achieving the highest average
performances on different synthetic networks is kept as
optimal. Employing a grid search is convenient as it yields
robust results. Its usage is affordable thanks to the effi-
ciency of LBP and since a single parameter needs to be
optimized. Alternative optimization schemes will be con-
sidered in future works and may only be beneficial for the
performances of our approach.

To get a clear picture of our approach and to identify
more easily the meaning of the following sections, the
different steps are summarized in Fig. 2.
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A B c
Estimating assortativity r Build synth. netw. Fit edge potential param. s :
e Edge sampling (Sect. 4.4.3) _) with assortativity r _) grid search on synth. netw. o
e Social theories: e.g. [44] (Sect. 3.3.2) for constant s (Sect. 3.3.3) F G
Apply LBP with node Predicted class
and edge potentials > proba. py, |x (y; |x)
b E (Sect. 3.2) =Py, ix (wi i )
Individual predictions or subset of known labels: w| Compute the node potential »
provide estimate Py, |x, (y; |=;) 7 P (y;, zi): Ea. (3)

Fig. 2 Summary of the proposed method. To apply the LBP algorithm
to infer the node labels using the label assortativity, the edge potential
(box C) and node potential (box E) have to be defined. The edge
potential can be deduced from the network assortativity r (box A),
which can be estimated thanks to social theories or edge sampling, as
detailed in Sect. 4.4.3. The estimated r can then be employed to
generate synthetic graphs enabling to tune the edge potential
parameters (box B). On the other hand, the initial individual

3.3.2 Synthetic networks

The construction of the synthetic networks relies on the
same principle as the Watts—Strogatz small-world
graphs [30]. It first starts with a regular circular lattice
Gr = (V,&R), each of the n nodes being linked to its
k closest neighbors in a ring topology, where & is even. The
attribute values y;’s that need to be inferred are randomly
assigned to each node i by sampling a given distribution.
Some edges are then rewired in the graph until the obtained
assortativity coefficient is sufficiently close to the targeted
one, denoted by r. This last step is detailed by the fol-
lowing procedure, illustrated in Fig. 3:

rg < assortativity of Gg ;
while |rp — r| > tolerance do
if rp < r then
Randomly select an edge (i,7) € Er
which is not a bridge and such that y; # y;
Er—ERr\ (4, ])
Add a random edge (i,1) in Gg such that y, =y,
else
Randomly select an edge (i,j) € Eg
which is not a bridge and such that y; = y;

9: €R<_€R\(17])

10: Add a random edge (i,1) in Gg such that y; # y;
11:  end if

12:  rg < assortativity of Gg;

13: end while

It can be noted that if one makes additional assumptions
on the graphs structure, different steps in the generation of
the synthetic networks could also be considered. For
instance, the LFR model allows to control the community
structure (the community size distribution and the propor-
tion of within-community edges) and the degree distribu-
tion to obtain more realistic graphs [33]. Besides, if the
mixing matrix was constrained, it could be used to refine
the network simulations [31]. Our simulated networks are

predictions (box D) are used to define the node potentials. The LBP
algorithm (box F), using the node and edge potential, yields predicted
class membership probabilities py,x(vi|x) (box G). It is noteworthy

that X = {X;}fvz | concatenates all the X;’s. Therefore, the predictions
Py, x(vilx) (box G) rely on the whole network structure, whereas the
initial predictions py,y,(vilx;) (box D) are only based on the
individual node-level information

chosen here to only control the assortativity with respect to
the node label, without additional constraint on the graphs
properties.

It remains to endow the synthetic network nodes with
prior class probability estimates py,y, (vilx;). In practice,
these probabilities can either be obtained from a machine
learning algorithm applied on the individual features x; of
each user, or from a subset of labeled users. Both of these
situations can be handled in the context of the synthetic
networks, as detailed in the two next sections.

3.3.3 Individual predictions

In a given application, a machine learning algorithm pre-
dicting the classes y; from the individual features x; gives
access to a prior information for all the users of the real
network. Sampling the distribution of these individual
predictions py, y, (yi|x;) enables assigning prior class prob-
ability estimates to the nodes of the synthetic graphs, which
may afterward be employed to determine the optimal
model parameters. Nevertheless, in order to analyze the
behavior of our method when it is confronted to different
uncertainty patterns, we here generate these prior proba-
bilities for a binary label according to three synthetic dis-
tributions: linear, exponential and bi-uniform, as depicted
in Fig. 4. The proportion of correct initial predictions, i.e.,
the initial accuracy, has to be controlled as it will influence
the performances of the subsequent algorithms employed
to refine these predictions using the network information.
The initial classification rule amounts to predict
y; = argmaxy, py,x, (vi|x;). Therefore, the initial accuracy,
denoted by f, corresponds to the fraction of users i for
whom ﬁyi\x,»(ci|xi) > 0.5 when the label is binary, where c;
is the true class of user i. The distributions of the class
probabilities cover three situations with different levels of
difficulty for the subsequent classification task, depending
on whether the amplitude of py,y (vi|x;) is more or less

@ Springer



18030

Neural Computing and Applications (2020) 32:18023-18043

Fig. 3 a Regular lattice,

b binary label assignation and
c final graph obtained after
some edges rewiring, with 15
nodes, a mean degree k = 4 and
r ~ 0.3. The homogeneous
edges are depicted in red (color
figure online)

Fig. 4 a Linear, b exponential
and c¢ bi-uniform distributions of 2y
true class prior probabilities,

PDF

leading to an accuracy f of the 1 3
initial individual predictions for
a binary classification problem. 0 —0

The true class of user i is 0 0'.5
denoted by ¢; pY]\XI(Ci ;)

(a)

related to the prediction correctness. With the linear and
exponential distributions, the probability for a prediction to
be actually correct increases with the available confidence
level, whereas with the bi-uniform distribution, when
Pyx, (vilxi) > 0.5, the proportion of correct predictions
does not increase with the confidence level py,y, (vi|x;). All
the three distributions are sampled by inverse transform
sampling [9].

The results of the parameter tuning procedure are
depicted in Fig. 5 for an arbitrary binary attribute, such as
the gender. The best s value and the corresponding mean
accuracy gain, with respect to the accuracy f of the initial
individual predictions, are provided as a function of the
assortativity and the accuracy f. For each pair of § and r,
the optimal s value is selected as the one maximizing the
average accuracy over 30 random networks with 200 ver-
tices containing as many nodes from each one of the two
classes. The randomness covers the edge rewiring in the
networks, the attribute assignations and the sampling of the
prior probabilities. From the top to the bottom row of fig-
ures, the prior probabilities are simulated using the three
distributions illustrated in Fig. 4.

It can be observed that the optimal s values are almost
independent of f, and hence, the parameterization mainly
depends on the assortativity coefficient, using any of the
three distributions of initial predictions. Also, the chosen s
evolves in a consistent way as a function of the assorta-
tivity r, increasing from smaller values for disassortative
networks to higher values for assortative ones. Using these
optimal s values when prior probabilities are linearly or
exponentially distributed, Fig. 5b, d shows that the accu-
racy gain is almost always positive, except for some par-
ticular pairs of r and f, especially when the assortativity is
within the range [— 0.1, 0.1]. This observation is consistent
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as our PGM is designed to exploit the assortativity, which
is absent if r =0, corresponding to a randomly mixed
network according to the considered attribute. The results
obtained using initial predictions drawn from the linear and
exponential distributions are very similar. For the bi-uni-
form individual predictions however, much lower accuracy
gains are observed. These results can be explained as, in
this case, only the sign of py,y (cilx;) — 0.5 brings infor-
mation on the true class probabilities, where c; is the true
class of user i. On the other hand, its amplitude also matters
for the linear and exponential distributions. It would also
most probably be the case in real settings: If an ML
algorithm outputs a high confidence level about an indi-
vidual prediction, the probability for this prediction to be
indeed correct should be higher than for another prediction
with a lower confidence level. From this respect, the bi-
uniform distribution may not be very realistic and could
correspond to a worst-case scenario. The extension to the
case of nonbinary attributes is straightforward, possibly by
employing the numeric assortativity coefficient, e.g., in the
case of the age attribute.

3.3.4 Labeled data

Prior information about the users’ class can also consist in
a subset of labeled users. In this case, the class of a fraction
f of all the network users is known, whereas no prior clue
is provided about the class of the remaining fraction 1 — f8
of users. The symbol f is again used in this section, by
analogy with the accuracy of the initial individual predic-
tions of Sect. 3.3.3. Figure 6 shows the optimal s parameter
computed and the accuracy of the predictions obtained on
the unlabeled nodes in synthetic networks, as a function of
the fraction S of known labels and the assortativity
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Fig. 5 Parameter tuning on
synthetic networks when
individual predictions are
considered. a, ¢, e Optimal s
parameter of the edge

potential (5), with a constant sj;
for all the edges of the networks
and b, d, f mean accuracy gain
(in %) over 30 random synthetic
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coefficient when considering a binary attribute. Similarly to
the results of Sect. 3.3.3, the evolution of the optimal s as a
function of the assortativity r is consistent: It roughly
increases from smaller values for disassortative networks to
higher values for assortative ones. However, by opposition
to what is observed when individual predictions are con-
sidered as in Fig. 5, the chosen s value is not independent
of the fraction f of labeled users: When f increases, the s
parameter tends toward more extreme values, no matter the
network assortativity. It can be explained as, with labeled
nodes, there is no wrong initial predictions to mitigate
through the inference process unlike in the initial individ-
ual prediction setting of Sect. 3.3.3. It is furthermore
noteworthy to observe that, for a fixed r, the performances
strictly increase with the training percentage [, without
saturating effect.

90

Initial accuracy (%)

(f) Bi-uniform distribution of

Py, x, (Y;lzi)

4 Mobile phone networks

The validation task considered in this section consists in
gender prediction in an undirected and weighted mobile
phone network from a developed European country.
Predicting gender is of great interest to assess a demo-
graphic structure. For instance, this information is required
to study gender disparities in diverse countries, allowing to
refine or even undermine the available reports using social
networks such as Google+ [23], Twitter or mobile phone
networks. Among social networks, mobile phone data
currently raise the interest of the research community and
practitioners, as they become more and more ubiquitous,
while being freely accessible at massive scale, automati-
cally collected in real-time and powerful indicators of
people behaviors [6, 27]. They also often consist in the
most accessible type of population information in
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Fig. 6 Parameter tuning on synthetic networks when a fraction of
node labels are known, defining a training set. a Optimal s parameter
of the edge potential (5), with a constant s for all the edges of the
networks and b mean accuracy (in %) on the unlabeled nodes over 30
random synthetic networks. The s parameter is tuned by considering a

developing countries. A shortcoming to their use however
is that they often lack even the most basic information
about their carrier, such as the gender, age or socioeco-
nomic status. Indeed, most of the mobile phone connec-
tions worldwide are prepaid, as well in developing as in
developed countries. Although these connections provide
fine-grained information about the mobile phone usage,
they do not give any access to basic demographics.

The data set is first introduced in Sect. 4.1, detailing
some of its features suggesting significant gender homo-
phily which can be exploited for the inference process.
Section 4.2 quantifies the gender assortativity as well as its
dependence with some mobile communication attributes.
Section 4.3 builds on the conclusions of Sect. 4.2 to refine
the model parameter tuning, accounting for the communi-
cation patterns for the edge potential definition. Section 4.4
discusses the performances of the proposed methodology,
by comparing them with the results of state-of-the-art
classification methods based on label propagation and
feature extraction.

In the following, X; denotes the individual metadata of
user i and Y; is the random variable for her gender, defined
on the alphabet ) = {F,M} with F and M, respectively,
for a female and male.

4.1 Data description

Two undirected and weighted mobile phone networks,
denoted by Gs and G, are used in this section: The data
analysis of this work is only conducted on G;, while the
performance assessment is performed on Gg. This allows to
avoid overfitting the particular network G;. In both G; and
Gs, each node refers to one individual and an undirected
edge binds any pair of users who exchanged at least one
phone call or text during a fixed time period. The gender is
known for the majority of the users. The communication
attributes, extracted from the Call Detail Records (CDRs),
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grid with a 0.05 step. Each network has 200 nodes and a mean degree
k = 8. The results are given as a function of the fraction of known
node labels (in %) and the assortativity coefficient when considering a
binary attribute

of any edge e are the number of texts (sms), the number of
calls (caLLs) and the total duration of the calls (CALL_DUR).
Different functions of these edge attributes can be defined.
For example, the sum of sms and caLLs is denoted by
s_AND_c and counts the number of contacts between two
given persons, which is well suited to characterize the
strength of a social link [34].

Table 1 provides general features of both networks, as
well as the mean values of the three attributes of the edges
between persons of both the same and different genders. As
indicated, the average communication patterns differ
between hetero- and homogeneous (M-M and F-F) con-
tacts. This reflects the stronger relationships occurring
within the couples. Indeed, for instance in G;, there are on
average 6.4 and 9.7 contacts (calls and texts), respectively,
between any homo- and heterogeneous pairs during the
observation period. The same behavior is observed for the
number of texts or calls distinctly. However, as shown in
Fig. 7, there is no obvious dichotomy between the distri-
butions of each attribute on the homo- and heterogeneous
edges.

It can be mentioned that the mobile phone use of each
individual according to her gender is not analyzed in this
study, since this kind of information is typically exploited
to provide the individual predictions. Finally, as the gender
is binary, its assortativity coefficient is defined by (11). In
Gs and Gy, a moderate gender assortative mixing is
observed.

4.2 Observational analysis

Since the strength of the heterogeneous communications, in
terms of number of texts and calls exchanged, tends to
overcome the one of the homogeneous contacts, the
weights of an edge might give clues on its likelihood to be
rather hetero- or homogenous. The subset of the strongest
edges may hence have a completely different assortativity
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Table 1 Some features of the networks

Edge Net. G;. Net. Gg
Covered time period 15 days 3 months
Number of nodes 160,818 19,779
Number of edges 390,778 78,441
r (for gender) 0.3 0.26
Homo. edges (%) 66.47 63.5
Male nodes (%) 56.38 53.44
Mean swms homo. 3.58 15
hetero. 5.74 25.8
Mean cALLsS homo. 2.84 53
hetero. 3.96 7.9
Mean cALL_DUR homo. 13 min 40 s 16 min
hetero. 15 min 20 s 19 min 20 s

If ‘edge type’ is omitted, the characteristic concerns the whole net-
work. ‘Homogeneous’ (homo.) and ‘heterogeneous’ (hetero.) refer to
the gender of the persons linked by the edges

than the whole network. As the performances of our
approach increase with the assortativity amplitude, identi-
fying stronger (anti-)homophilic subgroups is of great
interest. This section shows that the assortativity r can
indeed significantly change when considering subsets of
the edges with specific weights. This kind of information
can afterward be used to refine the edge potential, as
indicated in box A of Fig. 2.

We analyze the evolution of the assortativity coefficient
when subgraphs are constructed by only considering the
edges with a scalar combination of their attributes above a
threshold, the latter being progressively increased. For a
given threshold and attribute combination, the strongest
edges, according to the considered combination, constitute
the strong part of the graph, while the weaker part refers to
the rest. Several attribute combinations have been consid-
ered, including the attributes themselves. The most sig-
nificant evolution of the assortativity r is obtained using
S_AND_c as a measure of link strength and is depicted in
Fig. 8. The assortativity coefficient in the strong part (i.e.,
with edges such that s_anp_c is higher than the threshold
on the x-axis) is denoted by 7gyong, While Fyeqi is the one of
the weak part. The number of edges in the strong part is
denoted by ngong. The dotted lines indicate the threshold
and the corresponding 7weak, Fsrong aNd 7girong Values such
that there are 1% of the edges in the strong part of Gj.
Using this partition, ryeax 1S still equal to about 0.3, but
Tstrong Teaches — 0.3 meaning that the strong part is rather
anti-homophilic, as suggested by Table 1. From a more
general point of view, as the threshold on s_anp_c
increases, Fgrong decreases toward disassortative values.
Meanwhile, rye,x remains quite stable since most edges

have small s_aND_c, as indicated by the evolution of 7gong
in logarithmic scale.

A refinement of the previous analysis consists in com-
bining two thresholds on two different edge attributes in
order to study how rgong behaves. Figure 9 depicts such an
evolution using the sms and caLLs attributes. The evolution
of ryeak as a function of the two thresholds is negligible: It
stays around 0.3, as in Fig. 8. Again, this figure highlights
that the strongest edges are more disassortative. However,
the strong part cannot be very large and have a significantly
negative r in the mean time, as most of the edges have low
sms and cALLs values.

4.3 Refining the parameter tuning

In Sect. 3.3, we show how to select a constant sj parameter
of the edge potential for all the edges of a network with a
given r (boxes B and C in Fig. 2). On the other hand, the
analysis of Sect. 4.2 suggests that the assortativity signifi-
cantly varies in distinct parts of a mobile phone network,
decreasing as the strength of the links increases. This can
be interpreted as a social theory (box A of Fig. 2). This
information can be exploited by defining different s values
in the strong and weak parts of the network, respectively,
denoted by Sgrong and Syeak, defined from the tuning on
synthetic networks (box C of Fig. 2). However, modeling
sjk as a step function is questionable. Indeed sj is the
posterior probability for the edge (j, k) to be homophilic
given its weights. Since this posterior probability is unli-
kely to abruptly change for some weight value, a smooth
function should model it, with upper and lower plateaus
corresponding t0 Syeak and Sgrong, Tespectively. Determin-
ing whether the edge (j, k) is hetero- or homophilic can
moreover be seen as a binary classification problem, with
the edge weights as features. Thus, inspired by logistic
regression, we model s as a sigmoid function parame-
terized by a fixed linear combination s_anp_c of the edge
weights,

Sweak — Sstrong

Sik(S_AND_C) =

"1 4 gG(s_anp_c—xo) + Sstrong; (12)

where G and x( are two parameters to determine. Follow-
ing the observations of Sect. 4.2, the strong part of the
network is defined as the set of the 1% strongest edges in
terms of number of contacts. The plateaus Sweak and Ssirong
are tuned using the synthetic networks with constant sj
values, according to Fyeax and ryrong. Let us further denote
by xy and x; the x-values at which the sigmoid reaches
Sstrong 1 0.99 (Sweak - sstrong) and Sstrong T 0.01 (Sweak -
ssmmg). The parameters G and x, are fixed such that there
are approximately 1% of the edges with a number of
contacts lower (resp. higher) than xy (resp. x). Figure 10
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Fig. 8 Gender assortativity coefficient in G, when the edges with
s_AND_c values larger than some increasing thresholds are kept
(strong part) or discarded (weak part). The red curve (right y-axis in
logarithmic scale) indicates the number of edges in the strong part,
denoted by ngong (color figure online)

presents the resulting smooth model of the sy’s for Gs,
which is used in Sect. 4.4 to assess our methodology. The
estimated ryeak and Fyrong i Gs lead us to choose Syeax =
0.55 and Sgong = 0.4. The percentages below the curve
indicate quantiles of the s_anp_c distribution.

4.4 Results

The overall assortative character of Gy, along with the
observed differences between its strong and weak parts,
indicates that the genders of the neighbors of an individual
may be useful to predict her own gender. Our methodology
is now tested on Gs in two settings: (1) when we simulate
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Fig. 9 Gender assortativity coefficient in G; when only the edges with
sms and caLLs values larger than some increasing thresholds are
preserved. The top (resp. right) histogram gives the number n. of
edges with caLLs (resp. sms) larger than the corresponding value on
the x-axis (resp. y-axis), using a logarithmic scale

individual prior predictions and (2) when we assume that a
subset of the node labels are known and that no information
is provided for the remaining ones. In these two settings,
the obtained performances are compared with the results of
a state-of-the-art, baseline method, termed as the reaction—
diffusion algorithm [37]. When a subset of the labels are
observed, i.e., in the second setting, the methods are also
compared to three machine learning classifiers relying on
features extracted by Node2vec, a well-known graph
embedding approach. Since this latter method is not
designed to employ prior class probabilities as in the first
setting, it is only tested in the second one.
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Fig. 10 Sigmoid function defining the sj; values of the edge potential
used for Gs. The threshold on the number of contacts defining the
edges as strong, indicated by the vertical line, is determined to induce
1% of strong edges. The top histogram gives the distribution of the
number of contacts (s_AND_c) in Gy in logarithmic scale

4.4.1 Reaction-diffusion algorithm

The reaction—diffusion (RD) algorithm iteratively updates
the predicted gender probability of each user by computing
a weighted sum of its initial gender probability and the
current one of her direct neighbors. It is hence based on
initial prediction probabilities for each user, as in our
approach. The notation p! := py (M) denotes the estimated
probability for user i to be a male at iteration ¢. These
probability estimates are updated at each iteration for each
user i € V as

1 1
1l 04y~ . ! i 1
D 5| 7 + 0] E P Viey, (13)

JEN(D)
until convergence, where N (i) is the set of neighbors of
user i and p¥ := Py,x,(vi = M|x;) is the initial male prob-
ability for user i.

The RD method is a variant of the previously introduced
and largely studied consistency method [50], with a regu-
larization parameter fixed to 0.5. Indeed, let us note A €
{0, 13"V the adjacency matrix of the graph, with A; j=1
if there is an edge between nodes i and j and O otherwise.
We also define the diagonal matrix of degrees D € RY*V
where D;; = ZjeVAiJ' We can express (13) in a matrix
form as

pt+l _ l (pO +D71Apt)’ (14)

2
where the column vector p := [p/]¥_,. It follows that RD is
the first variant of the consistency method introduced
in [50]. The only difference between the original consis-
tency method and this variant is that the random walk
normalized Laplacian W := D~'(D — A) used in RD is

replaced by the symmetric normalized Laplacian S =
D~'2(D —A)D™'/? in the original consistency method.
We compare our approach to (14) as it was designed in a
similar setting as the one of this paper.

The regularization parameter A € [0, 1] was set to 0.5 in
the present study, as recommended in previous
works [37, 38]. It has indeed been observed that the per-
formances were robust to changes of this parameter as long
as it does not take an extreme value of O or 1.

4.4.2 Node2vec algorithm

Node2vec is a graph embedding technique which auto-
matically defines node features describing each node
neighborhood. These neighborhoods are defined based on
second-order random walks which are biased to allow
favoring, to a controlled extent, the preservation of
the node structural properties and/or of the community
co-memberships (node homophily) [15]. The chosen bias,
controlled by the return and in—out parameters p and g,
determines the sampling strategy S defining the neighbor-
hood Ng(i) CV of each node i € V. A small value of
p (<1) increases the probability for a random walker to
come back to the source node, while a small value of
g (<1) encourages the walk to move further away.
Therefore, small p and ¢, respectively, favor breadth-first
searches (BFS) and depth-first searches (DFS) through the
network when defining the neighborhoods. Decreasing
their values hence tends to define graph embeddings,
respectively, preserving the node structures and the com-
munity co-memberships. Let us denote by d the dimension
of the feature space defined by Node2vec and by f : V —
R? the function assigning the features to each node. This
function is determined by Node2vec by maximizing the log
probability of observing the neighborhood of each node i
given its features:

max 3 log (BNl 0) (1s)
ic

The idea in defining f is to describe nodes with similar
neighborhoods with close features in the embedding space.
Further details are provided in the paper of Grover and
Leskovec [15]. Once the node features are computed, a
classification algorithm can be used to predict the labels of
test nodes. In this work, we consider three machine
learning algorithms for this task: logistic regression with
L2 regularization (logReg), Gaussian naive Bayes (GNB)
and k-nearest neighbors (kKNN). Logistic regression (with
L2 regularization) and Gaussian naive Bayes were suc-
cessfully employed in previous works [14, 15]. On the
other hand, kNN provides further baseline comparison.
Although using support vector machines (SVMs) is another
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appealing alternative for our two-class problem, it induced
unaffordable computation times during the experiments
with our network. The respective hyper-parameters (HPs)
of each algorithm are selected through stratified tenfold
cross-validation (CV) protocols on the labeled subsets of
nodes. It can be noted that we employ Node2vec as a
baseline among the feature extraction-based approaches, as
it has been shown to overcome several other embedding
techniques for classification tasks in complex net-
works [14, 15]. The bias weights p and ¢ are each learned
in the grid {0.25,0.5,1,2,4} within the CV, i.e., they are
considered as HPs to tune in addition to the HPs of the
classification algorithms. These p and g hyper-parameters
are hence chosen among 25 possible combinations, which
is as much as in the paper defining the method [15] and
more than in a recent review of graph embedding tech-
niques [14]. The best combination of these parameters is
individually chosen for each of our 50 simulations asso-
ciated with each considered proportion of known labels.
Similar values for the remaining Node2vec hyper-param-
eters are employed as in previous studies [14, 15]: d = 32,
a context size of 10, walk length of 80 and number of walks
of 10. The bias weights are not assigned to constant values
as they control the nature of the considered node neigh-
borhoods, which in turn determine the closeness of the
nodes in the embedding space. The class labels to predict
could indeed be related to a structural equivalence between
the nodes or to a community membership or to a combi-
nation of both. Finally, we also considered two variants of
the Node2vec feature extraction: using the edge weights or
not. Following the results of the data analysis in Sect. 4.2,
the number of contacts between each pair of users
(s_aND_c attribute) is used as weight.

4.4.3 Estimating the assortativity

The best edge potential for a given assortativity r can be
estimated using the synthetic networks, as detailed in
Sects. 3.3.3 and 3.3.4. However, the assortativity of a
given real network still needs to be estimated. To this end,
we propose to collect the gender of an a priori fixed number
of pairs of adjacent users in the considered graph G, for
example by carrying out a mobile phone survey, and then
to use these edges to compute an estimate of r in G. This
procedure has been tested on G;, since it is larger than Gy,
which allows to consider more independent edge sam-
plings. Figure 11 presents the results. The assortativity
estimates are roughly unbiased, while the variance of the
estimator decreases toward 0.029, 0.022 and 0.014 when
the gender of, respectively, 1000, 2000 and 5000 pairs of
adjacent users is known. Hence, knowing the gender of
about 1k pairs of neighbors is sufficient to reliably estimate
r, as it yields an error with an order of magnitude smaller
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than the actual assortativity value. Furthermore, an error of
0.05 on the estimation of r induces at worst a small 0.05
error on the s value, as indicated in Figs. 5 and 6.

It is noteworthy that using distinct edge potential
parameters Sgrong and Syeak in the strong and weak parts of
the network requires to estimate r within these two parts.
As the strong part tends to be significantly smaller, the
estimation of rgong in a real setting should be carefully
performed. Meanwhile, the users linked by the edges
selected to estimate r may be, for instance, used as a
training set to provide initial individual gender predictions.

4.4.4 Performances

This section presents the experimental results of the pro-
posed method and of the baseline approaches (reaction—
diffusion algorithm and classifiers based on Node2vec
features), both on simulated initial individual predictions
and on a growing subset of network users with known
labels. For all the comparisons, statistical tests are con-
ducted using Welch’s ¢ test with a significance level of
0.05. Whenever multiple hypotheses are tested simultane-
ously, Holm—Bonferroni correction is employed to bound
by 0.05 the probability to consider as significant at least
one nonsignificant difference [41].

Individual predictions Figure 12 shows the accuracy and
recall gains over simulated initial predictions on Gs, both
for our approach based on LBP and for the baseline RD.
The different distributions of the initial individual predic-
tions introduced in Sect. 3.3 are used, and the perfor-
mances are given for varying initial accuracies f. As
indicated by the stars at the bottom of each plot, the
accuracies obtained with LBP always statistically signifi-
cantly overcome the ones of RD, except when the initial
accuracy is 50%, in which case LBP and RD are not

0.6
0.5 :

0 500 1000 1500
Number of edges selected

2000

Fig. 11 Estimated assortativity r as a function of the number of
randomly selected pairs of adjacent users with known gender in G, .
For each number in abscissa, the edge selection is performed 50
times. The vertical distance between each mean estimated r (red
squares) and the green lines gives the standard deviation of the
estimation. The horizontal blue line indicates the true assortativity r
in G, equal to 0.3 (color figure online)



Neural Computing and Applications (2020) 32:18023-18043 18037
5 ®®e accuracy ®®p accuracy ®®e accuracy
XXx recall M 4 xxx recall M 2 xXx recall M
n 4 mem recall F %) mmg recall F $ mlm recall F
S 3 - g 3 S of
< 2 =
c 2 o 2 e,
» £ 5
£ 0 % £ ol.w - "5 -4
[O <) o
a a4 -6
2 e de %k ok ok ke ok ok sk s sk ke ke sk e ok ok ok ok ok I % ok e d sk sk ke gk ok ke ok o ok ok ok ke ke ko ok Ok A XXX AAAAAAARAAAAAA AR A AAR
3 -2 -8
50 55 60 65 70 75 80 85 90 95100 50 55 60 65 70 75 80 85 90 95100 50 55 60 65 70 75 80 85 90 95 100
Initial accuracy (%) Initial accuracy (%) Initial accuracy (%)
(a) LBP with linear (b) LBP with exponential (¢) LBP with bi-uniform
Py;|x, (y;lx:) Py;|x, (y;|@i) Py;|x, (Yilza)
5 #%¢ accuracy ®®¢ accuracy @89 accuracy
XXx recall M 4 xXx recall M 2 xXx recallM
£ 4 mlm recall F 0w 3 mlm recall F 8 mEm recall F
g 3 9] O ol
o [
© 2 c 2 ©
IS © g -2
o 1 E 1 o
o = e}
t 0 < €t -4
g \% T o =N| <,
2t o e -1 o *
-3 -2 -8

50 55 60 65 70 75 80 85 90 95 100
Initial accuracy (%)

(d) RD with linear

Fig. 12 Accuracy and recall gains on Gs of our LBP-based approach
and of the RD method over the initial accuracies and recalls. The
performances are provided as a function of the initial accuracy f§ and
are averaged over 50 random simulations of the initial individual
predictions generated using the linear (a, d), exponential (b, e) and bi-
uniform (¢, f) distributions. The filled areas delimit intervals of one

significantly different. This last point was expected since
the case f§ = 50% corresponds to a random guessing for the
first predictions. Furthermore, the well-balanced recalls
obtained with LBP indicate that the weighting by the class
prior in the node potential i is effective, avoiding to favor
the dominant class (M) to the expense of the other one. It
can, however, be noted that neither the baseline RD nor
LBP improve the predictions when the bi-uniform distri-
bution of the individual predictions is used. These poor
performances confirm the observations of Sect. 3.3.3 on
the synthetic networks. They can be explained as, in this bi-
uniform case, only the sign and not the amplitude of
Pyx,(M|x;) — 0.5 brings information on the true gender
that needs to be inferred, which is very unlikely in practice.

Although optimal s values are quite independent of the
initial accuracy f5, the performances are not, with highest
accuracy gains in the range [70, 85]%. This range covers
the accuracies reached by state-of-the-art techniques aim-
ing to predict gender using individual-level fea-
tures [11, 12, 17, 37]. Likewise, for an assortativity
coefficient similar to the one of Gs (= 0.25), the accuracy

50 55 60 65 70 75 80 85 90 95 100
Initial accuracy (%)

(e) RD with exponential

50 55 60 65 70 75 80 85 90 95 100
Initial accuracy (%)

(f) RD with bi-uniform

ﬁYi | X ; (yi\xi)

standard deviation around the mean gains. A star (resp. a gray square)
for an initial accuracy f# drawn under one curve indicates that the
accuracy of the corresponding method is higher (resp. not statistically
significantly smaller) than the one of the other method for the same f§
and distribution of initial predictions

gains on synthetic networks are significant when
f €[0.62,0.92]. This result is intuitive, as near-perfect
initial accuracies do not let many opportunities to improve
the predictions, while almost random ones induce too
rough node potentials. It is interesting to observe that,
depending on the distribution of the initial class probabil-
ities employed, the profiles of the accuracy gains as a
function of f§ are similar for RD and LBP, suggesting that
the considered distribution shape highly determines the
achievable performances.

Table 2 gives the average accuracy and recall gains of
both RD and LBP in Gy over the initial predictions with an
initial accuracy f# = 0.75. LBP increases the accuracy by
more than 3 and 2.5% when the linear and exponential
distributions are, respectively, chosen, outperforming the
RD algorithm. On the other hand, as observed above, both
RD and LBP deteriorate the individual predictions when
the bi-uniform distribution is used.

Labeled data The results of LBP, RD and the classifiers
using Node2vec features as a function of the percentage f3
of known labels are presented in Fig. 13. Table 3 further
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details the mean accuracy and recalls obtained by all
methods when 50% of the nodes are labeled and the per-
formances are computed on the 50% remaining ones. We
observe that LBP statistically significantly outperforms all
the other schemes when the fraction of known labels is
higher than f§ = 25%, while RD is superior for smaller
percentages of labeled users. For all the explored per-
centages of labeled nodes, all methods lead to more than
50% accuracy on the unlabeled users. We can note, how-
ever, that LBP tends to provide highly unbalanced male
and female recalls for small fractions f of known labels.
The dominant class (male) is always favored, even though
the data set is hardly unbalanced. Further works will aim at
overcoming this behavior. This last observation is in con-
trast to the results obtained for the initial individual pre-
dictions in Fig. 12, suggesting that the probabilistic
framework of our approach is especially suited when prior,
possibly noisy, class probabilities are available for the
network users. Graphical models have indeed already
proven to be particularly relevant for the sake of denoising
local node information by accounting for the global net-
work structure. Common applications include the largely
studied hidden Markov models (HMM) in the field of
speech recognition, error correcting codes or diverse bio-
logical networks [18].

Besides, Fig. 13 shows that the performances of the
feature extraction-based methods tend to less improve
when the training set size increases (especially concerning

Table 2 Mean performances on Gg of the baseline update (RD)
scheme (13) and of LBP, for 50 different assignations of the first
predictions

LBP RD
Initial distribution
Linear
AAccuracy 3.2 (0.2) 2.01 (0.16)
ARecally, 3.39 (0.66) 2.63 (0.35)
ARecallg 2.98 (0.76) 1.3 (0.33)
Exponential
AAccuracy 2.6 (0.17) 1.52 (0.17)
ARecally, 2.88 (0.46) 2.07 (0.29)
ARecallp 2.25 (0.59) 0.9 (0.29)
Bi-uniform
AAccuracy — 0.46 (0.25) — 1.43 (0.19)
ARecally, — 0.94 (0.88) — 0.98 (0.29)
ARecallg 0.1 (0.95) — 1.93 (0.34)

The three defined distributions of the first predictions are considered
with an initial accuracy f§ = 75%. The notation A refers to the gains
over the accuracy of the initial predictions. The best result per row is
highlighted in bold. A result is in italic values when it is not statis-
tically significantly worse than the best one of the same row, based on
Welch’s t test. The standard deviations are indicated in brackets
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GNB and LogReg), whereas LBP and RD seem to benefit
more from additional data. This suggests that learning the
whole network structure allows to build richer models
enabling to enhance the classification performances.

Regarding the algorithms based on Node2vec features,
Fig. 13 and Table 3 show that all their performances are
inferior to LBP and RD, even though this kind of feature
extraction has proven to be a powerful graph embedding
technique for node classification. To analyze the sorts of
neighborhoods which were preserved in the extracted
features, Fig. 14 shows the bias weights selected in the CV
for the 50 different samplings of ff = 50% labeled nodes.
These parameters are the ones that were selected to obtain
the results in Table 3. We can observe that from one run to
the other (i.e., for different subsets of observed labels), the
selected parameters are not always the same. Nevertheless,
we can note some trends:

e In the weighted case (in Fig. 14b), lower ¢ values tend
to be favored, especially with logistic regression. This is
in accordance with a previous study which has reported
that low values of the in—out parameter g allow to
improve subsequent classification based on the
extracted features [14]. The embeddings therefore
mostly preserve the community co-memberships of
the nodes (highly interconnected nodes are embedded
closely together) [15].

e In the unweighted case (in Fig. 14a), p and g are mostly
selected close to 1 except with kNN where almost all
combinations of values are chosen from one run to the
other. Moderate p and ¢ values seem coherent since,
without the edge weights, a random walker is only
guided by the presence of the edges and is as likely to
move in any direction starting from the source node. If
DFS was favored (by setting a small ¢g) as in the
weighted case, it would be likely that, without the edge
weights, the genders among the neighbors sampled
further away from the source node will not be related to
the source user’s gender and hence that the extracted
features will not be helpful for the classification task.

Surprisingly, it appears that using the edge weights for
Node2vec deteriorates the reached performances in all
tested cases. This confirms the observation that there is no
straightforward link between the users’ communication
patterns and their labels. In addition, the overall weaker
performances of the Node2vec-based classifiers can at least
partly be explained by the moderate gender assortativity as
well as its nonuniformity across the social network.
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Fig. 13 Accuracy and recalls obtained on the unlabeled nodes of Gg
when varying the training percentage f (i.e., the fraction of the nodes
with known labels) using our LBP-based approach (a), the RD
method (b) and classifiers using features extracted by Node2vec (c—
h). The performances are averaged over 50 random selections of the
known labels and the filled areas delimit intervals of one standard
deviation around the mean scores. A star for a training percentage

5 Discussion

Different researches exploit mobile phone data for health-
care, epidemics containment, determination of socioeco-
nomic status or marketing study purposes [4, 6, 28, 39, 45].
In each context, the knowledge of the users’ gender is of
great importance. Most of the recent works on demo-
graphics prediction use classical machine learning algo-
rithms on mobile phone data for predicting gender, age,
income level or even personality [11, 12, 16, 26]. These
algorithms rely on features defined for each user and
reflecting their mobile phone usage at an individual scale,

10 20 30 40 50 60 70 80 90 100
Training percentage
(g) LogReg using Node2vec
features
weights

10 20 30 40 50 60 70 80 90 100
Training percentage
(h) kNN using Node2vec
features with the edge
weights

with the edge

drawn under one curve indicates that the accuracy of the correspond-
ing method on the remaining unlabeled nodes is the highest among all
8 considered methods. A gray square indicates that the corresponding
accuracy is not statistically significantly smaller than the best one for
the same f according to Welch’s ¢ test with 5% significance level,
with Holm—Bonferroni correction as multiple hypotheses are tested

such as the recharge rate of their prepaid cards, spending
speed, total call duration. Some studies further refine such
standard metadata by deriving diverse behavioral indica-
tors [27], enhancing the prediction capabilities of the
models. All these studies are thus based on an ‘individual’
part of the mobile phone data. For example, Felbo et al. and
Sarraute et al. predicted the gender with, respectively,
79.7% and 77.1%> accuracy, either by harnessing their
temporal information using deep learning or by using linear
SVM and logistic regression [11, 37]. Other works tackle

2 But with only 25% coverage.

@ Springer



18040

Neural Computing and Applications (2020) 32:18023-18043

Table 3 Mean performances on Gs of our LBP-based method, of the RD update scheme (13) and of three classifiers using features extracted by

Node2vec for 50 different samplings of f = 50% labeled nodes

LBP RD Algorithms using Node2vec features
Without edge weights With edge weights
GNB LogReg kNN GNB LogReg kNN
Accuracy  69.07 (0.45)  68.18 (0.34)  57.16 (1.15)  59.37 (0.36)  61.38 (0.48)  55.01 (0.45)  57.31 (0.33)  58.79 (0.48)
Recally, 75.53 (0.83)  72.46 (0.82)  52.23 (5.39)  69.85(1.1) 68.92 (5.07)  66.07 (0.82) 76.1 (0.73)  68.02 (4.34)
Recallp 61.67 (1.09)  63.27 (0.96)  62.81 (4.39) 4734 (1.12) 5272 (5.66)  42.31(0.93)  35.75(0.83)  48.18 (5.33)

The best performances per row are depicted in bold. A result is in italic values when it is not statistically significantly worse than the best one of
the same row according to Welch’s ¢ test with Holm—-Bonferroni correction. The standard deviations are indicated in brackets

xxx Gl . x%x G .
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o 1 < v > 1 e
5 b 5 W v
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p p

(a) Without edge weights (b) With edge weights

Fig. 14 Bias weights p and g of Node2vec selected with the tenfold
CV within the grid {0.25,0.5,1,2,4} x {0.25,0.5,1,2,4} for 50
different samplings of f = 50% labeled nodes, and for the three
considered classification algorithms. Some jitter (Gaussian noise with
small variance) has been added to enable visualizing the overlapping
data points as they are all on the same discrete grid. This figure is best
viewed with colors (color figure online)

the gender prediction problem in a similar way using dif-
ferent kinds of data sets, such as Twitter or LinkedIn data,
the first name of a person or even chat texts [19, 21, 35].

In addition to the individual-level metadata, the struc-
ture of social networks carries important features that can
be exploited to further refine the prediction of node-level
demographics. The task of predicting missing node labels
in networks, known as node classification, makes use of the
known labels and the graph structure [14], which embeds
some properties such as the label assortativity. A node
classification method can be categorized as being based
either on feature extraction or on a random walk [5]. Dif-
ferent methods of the both kinds were recently developed.

Some feature extraction-based approaches are defined to
exploit network assortativity [1, 16]. Al Zamal et al. [1]
exploited the homophily in a Twitter network to predict the
users’ gender, age and political affiliation, by analyzing
how the knowledge of the data from some immediate
friends of a given user can improve the prediction quality.
This question is studied in a usual machine learning
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framework: Feature vectors are defined for each user, either
augmented with data from her neighbors or not. Consid-
ering the neighbors’ information in the feature vectors
improves the accuracy from 3 to 5% for the age and
political affiliation prediction, whereas including the
immediate neighbors’ features does not improve the gender
predictions. More generally, the idea of feature extraction
approaches is, for each node, to build a feature vector
which summarizes information from the node neighbor-
hood. A machine learning algorithm can then be trained to
predict the unknown labels based on these extracted fea-
tures. In this setting, the definition of the neighborhood of
each node used to extract the features is highly important
and can be carried out in different ways. The exclusive
preservation of the node structural properties is obtained by
breadth-first sampling among the neighbors in the graph,
while depth-first sampling allows to reflect the network
clusters or communities [15]. Diverse graph embedding
techniques can be considered to build feature vectors for
each node describing its neighborhood [14]. For instance,
Grover and Leskovec automated the feature extraction to
preserve neighborhoods which are defined based on sec-
ond-order random walks, which is a successful approach to
reflect complex network interactions as it allows to trade-
off the preservation of the local network structures and of
the community co-memberships [15].

As the former studies do not take the global network
structure into account, they could hence further benefit
from its properties. Indeed, the feature extraction is con-
strained by the subsequent classification algorithm that is
used: The number of features always has to be the same for
each node, and the set of features has somehow to be
ordered (since a given feature indexed i will be treated
‘equally’ for the different nodes). This cannot easily reflect
complex relationships, observed in social networks for
instance: A given user might have a few strong ties, each of
which having a strong influence on her label, while other
users from the same graph may rather have a large amount
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of weaker ties, influencing their classes in a different
way [34]. In addition, this kind of approach is not intended
to directly exploit uncertain label predictions with confi-
dence levels (i.e., initial class probabilities), which can
only, for instance, be incorporated in the definition of the
features [40].

Besides, random walk-based approaches allow to
account for the whole network structure by propagating the
labels through iterative updates [S0, 51]. Several variants
and adaptations of this principle are proposed to solve
diverse labeling tasks, such as video suggestions [3] or
demographics prediction in networks [38]. The latter work
adopts a two-step approach, first computing uncertain
individual predictions using the individual part of the data
and then improving them using the reaction—diffusion (RD)
method exploiting the network structure [37]

Although the aforementioned random walk-based
methods aim to model the network structure as a whole,
they are based on an implicit model of the joint probability
distribution of all the node labels [5]. As a refinement,
inference approaches using probabilistic graphical models
(PGMs) are proposed as this framework allows to make the
models explicit and fully describes the interactions
between the nodes [10]. Dong et al. [10] introduced a
double dependent-variable factor graph model in order to
jointly predict the users’ age and gender by benefiting from
the links between these two demographic attributes in a
network. Knowing 50% of the labels, the remaining
unknown genders are predicted with up to 80% accuracy.
However, as they do not quantify the assortativity of their
network, these performances cannot be easily compared to
our study. Our results may nevertheless qualitatively partly
explain the success of their approach. Combining age and
gender implicitly delineates in an automated manner some
rather (anti-)homophilic subgraphs, as illustrated by their
data analysis. As highlighted by the present work, this
definition of strong and weak network parts with accentu-
ated (anti-)homophily improves the inference perfor-
mances. The latter observation is essential, as several
studies mention that gender assortativity is generally rather
weak [1, 24] and thus not sufficient by itself to infer the
gender. For instance, the RD algorithm introduced by
Sarraute et al. [37] is used to infer the age group of some
users, but not their gender. Their network indeed bears a
strong age homophily. When 70% of the known age labels
are propagated through the network to infer the 30%
remaining ones, the age group among four categories is
predicted with 43.4% accuracy.

However, these recent studies focus on the propagation
of known labels through a network and do not consider the
improvement of uncertain predictions, which can be
obtained by a classical machine learning algorithm pre-
dicting the labels based on individual information. In

addition, to the best of our knowledge, no research quan-
tifies the relation between the assortativity strength and the
performances of label prediction in a network.

In this setting, we introduce a general framework based
on PGMs to exploit the global social network topology for
the improvement of uncertain predictions and to infer
missing labels. Our study makes use of an objective mea-
sure of the assortativity to provide guarantees about the
performances generalization. This quantitative measure of
the network homophily is typically not provided by
graphical representations [10]. It enables us to describe to
which extent the sole network information improves indi-
vidual demographics prediction, as a function of the
assortativity. The proposed methodology easily permits to
take advantage of some known labels, as well as first
individual predictions obtained using individual data.
Finally, the model can benefit from assortativity variations
in different subgraphs. By modeling the statistical depen-
dencies between adjacent labels, it can favor heterogeneous
as well as homogeneous contacts depending on the edge
weights. The experiments of Sect. 4.4.4 first show the
superiority, in most settings, of our approach over the
reaction—diffusion algorithm and three classifiers using
Node2vec features, especially to improve uncertain pre-
dictions. Second, in the studied application, the methods
exploiting the entire network structure either through label
propagation (RD) or using PGM are superior to feature
extraction-based approaches. Third, although it can create
embeddings of nodes based on diverse types of neighbor-
hood, the Node2vec feature extraction technique is prob-
ably not best suited when the assortativity is moderate and/
or nonuniform across a network. In such cases, there is no
unique relationship between a set of extracted features
representing the node neighborhoods and the associated
node labels.

6 Conclusion

This work presents how assortativity can be exploited to
infer individual demographics in social networks. To this
aim, a general approach is introduced, using a probabilistic
graphical model. It can both improve noisy initial predic-
tions performed at an individual level and propagate a
subset of known labels to predict the remaining unknown
ones. The achieved performances are studied on simulated
networks as a function of the assortativity and the quality
of the provided initial information, both in terms of accu-
racy and distribution in the initial individual predictions
case, and in terms of the fraction of users with known
labels otherwise. Indeed, the relevance of the network
information compared to individual features depends on (1)
the assortativity amplitude and (2) the quality of the prior
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information: In the initial individual predictions context,
poor prior information is misleading, while excellent one
does not leave much room for improvement. Also, the
distribution of the initial class probabilities highly influ-
ences the achievable performances, as highlighted by the
results of both our approach and the reaction—diffusion
method obtained with different distributions of these first
probabilities. The graph simulations allow tuning the
model parameters. Our method is further validated on a
real-world mobile phone network, and the model is refined
to predict gender, exploiting both weak, homophilic and
strong, anti-homophilic links. In this context, our approach
statistically significantly overcomes, in most settings, the
performances of the reaction—diffusion label propagation
technique and of machine learning classifiers based on
features extracted by the Node2vec graph embedding
method. In particular, the approach allows individual-based
gender predictions to be improved by up to 3%. On the
other hand, when the gender of 60% of the users is known
and no information is provided for the remaining users, the
proposed approach can infer the missing labels with 70%
accuracy, solely based on the network assortativity.

The analysis performed on synthetic networks illustrates
that a strong assortativity can be easily exploited through
our methodology. Moreover, an almost randomly mixed
network may still be composed of several parts which are,
if considered in isolation, assortative and disassortative.
Thus even in the latter configuration, the network topology
may still be useful. As a further work, the generalization of
the proposed methodology to multivariate predictions
would be of great interest. The model could then benefit
from the relationships between the target variables and
automatically make use of sub-networks presenting more
pronounced homophily.

Acknowledgements DM and CdB are Research Fellows of the Fonds
de la Recherche Scientifique - FNRS. The authors gratefully
acknowledge Pal Roe Sundsgy for his help with the data.

Compliance with ethical standards

Conflict of interest The authors declare that they have no conflict of
interest.

References

1. Al Zamal F, Liu W, Ruths D (2012) Homophily and latent
attribute inference: inferring latent attributes of twitter users from
neighbors. In: ICWSM, vol. 270

2. Aral S, Muchnik L, Sundararajan A (2009) Distinguishing
influence-based contagion from homophily-driven diffusion in
dynamic networks. Proc Natl Acad Sci 106(51):21544-21549

3. Baluja S, Seth R, Sivakumar D, Jing Y, Yagnik J, Kumar S,
Ravichandran D, Aly M (2008) Video suggestion and discovery
for youtube: taking random walks through the view graph. In:

@ Springer

10.

11.

12.

13.

14.

17.

18.
19.

20.

21.

22.

23.

Proceedings of the 17th international conference on World Wide
Web. ACM, London, pp 895-904

. Bengtsson L, Lu X, Thorson A, Garfield R, Von Schreeb J (2011)

Improved response to disasters and outbreaks by tracking popu-
lation movements with mobile phone network data: a post-
earthquake geospatial study in Haiti. PLoS Med 8(8):e1001083

. Bhagat S, Cormode G, Muthukrishnan S (2011) Node classifi-

cation in social networks. In: Aggarwal C (ed) Social network
data analytics. Springer, Boston, pp 115-148

. Blondel VD, Decuyper A, Krings G (2015) A survey of results on

mobile phone datasets analysis. EPJ Data Sci 4(1):10

. Blumenstock J, Cadamuro G, On R (2015) Predicting poverty and

wealth from mobile phone metadata. Science 350(6264):

1073-1076

. Castellano C, Fortunato S, Loreto V (2009) Statistical physics of

social dynamics. Rev Mod Phys 81(2):591

. Devroye L (1996) Random variate generation in one line of code.

In: Simulation conference, 1996. Proceedings, Winter. IEEE,
Washington, pp 265-272

Dong Y, Yang Y, Tang J, Yang Y, Chawla NV (2014) Inferring
user demographics and social strategies in mobile social net-
works. In: Proceedings of the 20th ACM SIGKDD international
conference on knowledge discovery and data mining. ACM,
London, pp 15-24

Felbo B, Sundsgy P, Lehmann S, de Montjoye YA et al (2017)
Modeling the temporal nature of human behavior for demo-
graphics prediction. In: Joint European conference on machine
learning and knowledge discovery in databases. Springer, Berlin,
pp 140-152

Frias-Martinez V, Frias-Martinez E, Oliver N (2010) A gender-
centric analysis of calling behavior in a developing economy
using call detail records. In: AAAI spring symposium: artificial
intelligence for development

Ghahramani Z (2002) Graphical models: parameter learning.
Handb Brain Theory Neural Netw 2:486-490

Goyal P, Ferrara E (2018) Graph embedding techniques, appli-
cations, and performance: A survey. Knowl Based Syst
151:78-94

. Grover A, Leskovec J (2016) node2vec: Scalable feature learning

for networks. In: Proceedings of the 22nd ACM SIGKDD inter-
national conference on knowledge discovery and data mining.
ACM, London, pp 855-864

. Herrera-Yagiie C, Zufiria PJ (2012) Prediction of telephone user

attributes based on network neighborhood information. In:
International workshop on machine learning and data mining in
pattern recognition. Springer, Berlin, pp 645-659

Jahani E, Sundsgy P, Bjelland J, Bengtsson L, de Montjoye YA
et al (2017) Improving official statistics in emerging markets
using machine learning and mobile phone data. EPJ Data Sci
6(1):3

Jordan MI et al (2004) Graphical models. Stat Sci 19(1):140-155
Kokkos A, Tzouramanis T (2014) A robust gender inference
model for online social networks and its application to Linkedin
and Twitter. First Monday 19(9):8

Koller D, Friedman N (2009) Probabilistic graphical models:
principles and techniques. MIT Press, Cambridge

Liu W, Ruths D (2013) What’s in a name? using first names as
features for gender inference in twitter. In: AAAI spring sym-
posium: analyzing microtext, vol 13, p 01

Madan A, Moturu ST, Lazer D, Pentland AS (2010) Social
sensing: obesity, unhealthy eating and exercise in face-to-face
networks. In: Wireless health 2010. ACM, London, pp 104-110
Magno G, Weber I (2014) International gender differences and
gaps in online social networks. In: International conference on
social informatics. Springer, Berlin, pp 121-138



Neural Computing and Applications (2020) 32:18023-18043

18043

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

McPherson M, Smith-Lovin L, Cook JM (2001) Birds of a
feather: homophily in social networks. Annu Rev Sociol
27:415-444

de Montjoye YA, Kendall J, Kerry CF (2014) Enabling human-
itarian use of mobile phone data. Brookings Center for Tech-
nology and Innovation, Washington

de Montjoye YA, Quoidbach J, Robic F, Pentland AS (2013)
Predicting personality using novel mobile phone-based metrics.
In: Greenberg AM, Kennedy WG, Bos ND (eds) Social com-
puting, behavioral-cultural modeling and prediction. Springer,
Berlin, pp 48-55

de Montjoye YA, Rocher L, Pentland AS (2016) Bandicoot: a
python toolbox for mobile phone metadata. ] Mach Learn Res
17(175):1-5

Montoliu R, Gatica-Perez D (2010) Discovering human places of
interest from multimodal mobile phone data. In: Proceedings of
the 9th international conference on mobile and ubiquitous mul-
timedia. ACM, London, p 12

Murphy KP, Weiss Y, Jordan MI (1999) Loopy belief propaga-
tion for approximate inference: An empirical study. In: Pro-
ceedings of the fifteenth conference on uncertainty in artificial
intelligence. Morgan Kaufmann Publishers Inc., pp 467475
Newman ME (2000) Models of the small world. J Stat Phys
101(3—4):819-841

Newman ME (2003) Mixing patterns in networks. Phys Rev E
67(2):026126

Newman ME (2003) The structure and function of complex
networks. STAM Rev 45(2):167-256

Orman GK, Labatut V (2009) A comparison of community
detection algorithms on artificial networks. In: International
conference on discovery science. Springer, Berlin, pp 242-256
Palchykov V, Kaski K, Kertész J, Barabasi AL, Dunbar RI (2012)
Sex differences in intimate relationships. Sci Rep 2:370
Peersman C, Daelemans W, Van Vaerenbergh L (2011) Pre-
dicting age and gender in online social networks. In: Proceedings
of the 3rd international workshop on search and mining user-
generated contents. ACM, London, pp 3744

Rosenquist JN, Murabito J, Fowler JH, Christakis NA (2010) The
spread of alcohol consumption behavior in a large social network.
Ann Intern Med 152(7):426-433

Sarraute C, Blanc P, Burroni J (2014) A study of age and gender
seen through mobile phone usage patterns in Mexico. In: 2014
IEEE/ACM international conference on advances in social net-
works analysis and mining (ASONAM). IEEE, Washington,
pp 836-843

Sarraute C, Brea J, Burroni J, Blanc P (2015) Inference of
demographic attributes based on mobile phone usage patterns and
social network topology. Soc Netw Anal Min 5(1):39

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

§c’epanovié S, Mishkovski I, Hui P, Nurminen JK, Yla-Jaiaski A
(2015) Mobile phone call data as a regional socio-economic
proxy indicator. PLoS ONE 10(4):e0124160

Sen P, Namata G, Bilgic M, Getoor L, Galligher B, Eliassi-Rad T
(2008) Collective classification in network data. AI Mag 29(3):93
Shaffer JP (1995) Multiple hypothesis testing. Annu Rev Psychol
46(1):561-584

Smith JA, McPherson M, Smith-Lovin L (2014) Social distance
in the united states: Sex, race, religion, age, and education
homophily among confidants, 1985 to 2004. Am Sociol Rev
79(3):432-456

Sundsgy P, Bjelland J, Reme B, Igbal A, Jahani E (2016) Deep
learning applied to mobile phone data for individual income
classification. In: ICAITA 2016 international conference on
artificial intelligence and applications

Tang J, Lou T, Kleinberg J (2012) Inferring social ties across
heterogenous networks. In: Proceedings of the fiftth ACM inter-
national conference on web search and data mining. ACM,
London, pp 743-752

Tatem AJ, Qiu Y, Smith DL, Sabot O, Ali AS, Moonen B et al
(2009) The use of mobile phone data for the estimation of the
travel patterns and imported plasmodium falciparum rates among
Zanzibar residents. Malar J 8(1):10-1186

Traud AL, Mucha PJ, Porter MA (2012) Social structure of
Facebook networks. Phys A Stat Mech Appl 391(16):4165-4180
Wainwright MJ, Jordan MI (2008) Graphical models, exponential
families, and variational inference. Found Trends Mach Learn
1(1-2):1-305. https://doi.org/10.1561/2200000001

Wang Y, Zang H, Faloutsos M (2013) Inferring cellular user
demographic information using homophily on call graphs. In:
INFOCOM, 2013 Proceedings IEEE. IEEE, Washington,
pp 3363-3368

Weiss Y, Freeman WT (2001) On the optimality of solutions of
the max-product belief-propagation algorithm in arbitrary graphs.
IEEE Trans Inf Theory 47(2):736-744

Zhou D, Bousquet O, Lal TN, Weston J, Scholkopf B (2003)
Learning with local and global consistency. NIPS 16:321-328
Zhu X, Ghahramani Z, Lafferty JD (2003) Semi-supervised
learning using Gaussian fields and harmonic functions. In: Pro-
ceedings of the 20th international conference on machine learn-
ing ICML-03), pp 912-919

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1561/2200000001

	Inference of node attributes from social network assortativity
	Abstract
	Introduction
	Background and notations
	Probabilistic graphical models (PGMs)
	Inference on PGMs

	Method
	Probabilistic graphical model
	Inference algorithm
	Parameter tuning
	Assortativity coefficient
	Synthetic networks
	Individual predictions
	Labeled data


	Mobile phone networks
	Data description
	Observational analysis
	Refining the parameter tuning
	Results
	Reaction--diffusion algorithm
	Node2vec algorithm
	Estimating the assortativity
	Performances


	Discussion
	Conclusion
	Acknowledgements
	References




