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Introduction

Networks and network descriptors

@ Simplest case: An undirected graph G = (V, E), where

V = {vy,...,Vvn} is the set of vertices (or nodes) and

E = {e1,...,em} is the set of edges between the nodes.
@ Also directed, and weighted graphs can be considered as

networks.

~

Networks in neuroscience

@ Brain networks.

@ Interaction graphs of neuron model parameter
conductances.

@ Interaction graphs of neurons involved in spike generation.
@ MEG analysis.
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Network descriptors

Graph measures

@ Serve to measure particular structural or topological
characteristics of networks.

@ Local measures: Indegree, outdegree, clustering
coefficient, etc.

@ Global measures: network modularity, average path length,
etc.

K Motifs.

@ A motif is a connected graph or network consisting of M
vertices and a set of edges with connectedness ensured
forming a subgraph of a larger network.

@ For each M there is a limited set of distinct motif classes.
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Probabilistic graphical models
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Figure: Graphical models of different complexity

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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Probabilistic analysis of networks

Representing sets of networks

@ Representation: A binary vector X = (Xg, . . ., Xn) With n components, one for
each possible arc in the network. x; = 1 if the arc i is included in the current
network, x; = 0 otherwise.

@ A set of binary vectors is represented using a PGM.

Applications

@ Classification: Estimate the probability that a given network G’ belongs to the
class of networks represented by G.

@ Inference: Estimate how likely is that a given arc is present in the class of
networks represented by G.

@ Optimization: Use the PGMs to sample similar (optimized) networks using
estimation of distribution algorithms (EDAS).
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Network analysis of PGMs

PGM network analysis

@ Structural components of PGMs can be analyzed as networks.
@ Network descriptors unveil characteristics of the original problem.

Applications

@ Classification:
© Choice of the network descriptors.
@ |Interpretation of classes.
© Choice of the classifier.
@ Inference: Predict the connectivity of missing links and detect false positive
connections.
@ Optimization: PGMs learn in optimization using EDAs can be described using
network measures.
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Applications in neuroscience
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Figure: Compartment model

Can reproduce electrophysiological measurements to a high degree of accuracy.
Models of single neurons can be combined to form models of neuron networks.

The parameters in compartmental-based models should be determined from empirical fits to voltage-clamp
experimental data.

Lobster stomatogastric ganglion single-compartmental model.
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Experimental results
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Figure: Structure of the interactions captured by the Bayesian
networks learned by EDAs. Lighter colors represent stronger
dependencies between the variables. a) Most frequent structures
learned for instance 1071411. b) Dependencies that were frequent
for at least five of the 10 functions.
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Brain networks

Optimization approach

@ Structural optimization problems in brain networks: Imply
the identification of a network topology that satisfies a
number of constraints and are optimal with respect to a (or
set of) measure(s) defined in the space of networks.

@ The problem of obtaining brain artificial networks is difficult
given the number of network’s components and the
topological constraints involved.
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Brain networks

Objective function

@ Question: How optimal is the design of brain networks in
terms of structural and functional motifs?

@ ldea: Find the artificial brain network that maximizes the
number of functional motifs and minimizes the number of
structural motifs.

@ Constraints: The artificial network has the same number of
nodes and node degree than the original network.
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Figure: Non-dominated solutions learned in each run of the EA (blue
points), and absolute non-dominated solutions (filled circles) and
original fve30 network (triangle)




Conclusions

Conclusions

@ Neural systems can be conveniently represented as
networks.

@ Sets of networks can be represented with PGMs.
@ PGMs can also be analyzed using network theory.

@ Synergies between networks and PGMs are valuable for
neuroscience.
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