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Motivation

Motivation

Goals

@ Focus on unusual or uncharacteristic behaviors of the
social network components (i.e., subjects, dyads, and
groups of subjects).

@ Unusual behaviors can reveal pathological or exceptional
situations in a social network.

@ These behaviors can be detected as extremal values of the
network descriptors.
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Motivation

Extremal patterns in networks

@ Find the sets of n; infested individuals at minimum distance
to a set of ng susceptible individuals for varying values of
n, and ng.

@ For which groups of k individuals with face-to-face
interactions is the severity of the symptoms maximized?

@ Which groups of k individuals with political affiliation A
maximize email-communication with individuals with
political affiliation B?




Problem definition

Networks and network descriptors

Extremal pattern

@ Behavioral pattern of a subject that, given a predefined
measure, is not outperformed by any other member in the
same set of subjects.

@ Can be computed for dyads and sets of (many) subjects.




Problem definition

Example extremal patterns: Reality database
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Figure: Dominated solutions and Pareto front.
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Example extremal patterns: Reality database
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Figure: Dominated solutions and Pareto front.




Problem definition

Extremal patterns. Single node

Which is the node with minimal average path length to
other nodes?

Figure: Shortest average path length.




Problem definition

Extremal patterns. Single node

Which is the node with minimal average path length to
other nodes?

Figure: Shortest average path length: From node 3, 1.8




Problem definition

Extremal patterns. Multiple nodes

Which are the two nodes with minimal average path length
to other nodes?

Figure: Shortest average path length from the set of nodes {3, 6},
0.8




Methods

General approach

© To address the characterization of a network in terms of
some of their extremal values by computing Pareto set
approximations.

@ Formulate the computation of the Pareto set approximation
as a multi-objective optimization problem (MOP).

© Solve the MOP using an evolutionary algorithm with
probabilistic modeling.
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Extremal patterns

Steps for detecting extremal patterns

© Decide the behavioral(s) pattern(s) of the subject to
analyze.

© Select a measure to be computed on the data for each of
the patterns.

@ Define the search of the extremal patterns as a
multi-objective optimization problem (MOP).

© Compute a Pareto front approximation of MOP using an
estimation of distribution algorithm (EDA).

@ Do inference from the Pareto set and the probabilistic
model learned by the EDA.




Methods

Representation
@ For a set of n subjects (respectively dyads, set of dyads,
etc.), X = 1 means that subject i participates in the
behavioral pattern investigated.

@ k objective functions fj(x) — R,i € {1,...,k}, one for each
behavioral pattern.

@ f maps each solution x € X C {0, 1}" to an objective
vector f(x) = (f1(x),..., (X)) € RX.




Methods

Multi-objective optimization

Pareto dominance

@ The underlying dominance structure is given by the Pareto
dominance relation that is defined as
X,y € X, x 2ry < fi(x) <fi(y) Vi, where
JF o= (fl, 0G0 ,fk)
@ The Pareto (optimal) set is given as
{x €{0,1}" | Ay € {0,1}" \ {x} : x =F y}.




Methods

Pseudocode of an EDA

Algorithm 1: EDA

a A WON B

(o2}

Dg «+ Sample M solutions using a uniform distribution
t«—1
do {
Evaluate all objectives for solutions in D;_1
D3, <+ Select N solutions from D;_; using
Pareto-ranking selection
Learn a probabilistic model from DS,

D; <« Sample M individuals from the probabilistic
model according to sample method

} until Stop criterion is met




Methods

Probabilistic graphical models

PGM
A probabilistic graphical model for X = (X1, Xz, ..., Xn) encodes
a graphical factorization of a joint probability distribution.

@ It has two components:

@ A structure S (e.g. directed acyclic graph for Bayesian networks).
@ A set of local marginal probability values.

@ S represents a set of conditional independence assertions
between the variables.
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Pareto front and Pareto set
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Figure: Pareto front and Pareto set




Results

Network data

@ Data from 90 individuals in the Reality database

@ Behavioral pattern: For each day of the week and each
hour, whether the phone number of subject j was visible by
bluetooth from the phone number of subjecti (j is
reachable from i).

@ Goal: Identify the sets of k subjects that considered
altogether have the broadest direct reachability.




Results

Network data

Five bi-objective problems

© Solutions that maximize the average number of subjects
that are reachable any time during the day (24 h).

@ The same problem for temporal periods [0-6h], [6-12h],
[12-18h], and [18-24h].

© Absolute set of non-dominated solutions for each problem
computed from 30 executions of the EDA




Results

Reachable subjects
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Figure: Pareto fronts found for different time periods during the day.



Results

Pareto front and Pareto set
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Figure: Most frequent dependencies between the subjects as
detected by the probabilistic graphical models




Conclusions

Conclusions

Benefits of the approach

@ A richer representation of the relationships between the descriptors of the
network.

Extremal values provide global bounds on subject activity.
Identify how are subjects related to extremal behaviors.
Serve as network signatures or descriptors.

Unknown information about the subjects interactions in social networks can be
unveiled by analyzing topological measures defined on the graphical models.

Challenges

@ Extremal values may be difficult to compute.

@ Computational cost increases with the number of objectives.
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