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Abstract— The knowledge of how signals are received, processed, and transmitted in neuronal systems is one
of the bio-inspired engineering objectives. In this area, not only the physiology of separated neurons is relevant,
but also, the connections among them, the neuronal topology. A modeling process of such biological system
requires the integration of both, physiological and topological properties. However, there is a limitation in the
modeling process due to the impossibility of recording the activity of all the system neurons at the same time.
To solve this problem, we propose the usage of simulations and information theoretic measures to infer a network
topology. Three test cases were simulated, and the interactions were measured with Transfer Entropy resulting
in topology candidates. In two cases we could visually recover the connections from the graphs. In a third case
we found a residual connection which allowed us to explore some properties from the network topology.

Keywords— Bio-inspired engineering; neuronal systems; simulation; information theoretic measures; network
topology.
Resumo— Compreender o funcionamento dos processos de recepgao, processamento e transmissdo de infor-

magao nos sistemas neuronais é um dos objetivos da engenharia bio-inspirada. Nesse campo de estudo, nao
somente a fisiologia neuronal é relevante, mas também faz-se necessdrio o conhecimento sobre a organizagao da
topologia dos neurénios. A modelagem desses sistemas requer a integragao de aspectos fisiolégicos e topolégi-
cos. No entanto, existem limites no processo de modelagem devido & impossibilidade de gravar a atividade de
todos os neurdnios simultaneamente. Para resolver este problema, propoe-se o uso de simulagoes e medidas de
teoria da informacao para inferir uma topologia de redes. Simulou-se trés casos de teste e as interacbes entre
varidveis foram medidas com Transferéncia de Entropia. Em dois casos foi possivel recuperar as conexoes apenas
observando os resultados graficos. Em um terceiro caso, encontrou-se uma conexao residual, a qual permitiu que

algumas propriedades da topologia de rede fossem exploradas.

Palavras-chave— Engenharia bio-inspirada; sistemas neuronais; simulagoes; medidas de teoria da informagao;

topologia de rede.

1 Introduction

To propose sound and efficient ways to integrate
multimodal sensory inputs in robots, studies are
nowadays directing attention to the brain control
systems of animals, looking for models and archi-
tectural principles that could guide better solu-
tions (Wessnitzer and Webb, 2006). Insects are
the most used in these studies due to the way
they integrate multiple sensory information with
relatively simple and distributed neural systems
(when compared to vertebrates) (Wessnitzer and
Webb, 2006; Burrows, 1996).

Among the methods used, individual or
groups of neurons are recorded and used to train
different models whose parameters or structure
could then be interpreted and linked to the func-
tion of the system represented (Marmarelis, 2004)
or some neural coding scheme (Brown et al., 2004).
Employed models may range from black-box ap-
proaches (Meruelo et al., 2016; Dewhirst et al.,
2013), or also directed information theory mea-
sures applied to discover the internal structure
of neural pathways (Endo et al., 2015; Maciel
et al., 2012).

This last approach requires recordings not
only from the input and output but also knowl-
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edge of the internal states of the system, which
will be the nodes of a network model. However,
this may become a problem once the number of
simultaneous channels available in recording se-
tups is limited (Ritzmann and Biischges, 2007),
and also not every neuron or group of neurons
can be anatomically identifiable. For example, in
the work by Endo et al. (2015), with intracellular
recordings, only four channels could be recorded
at once.

It becomes difficult to evaluate information
transfer between some nodes due to the absence
of their simultaneous recordings. Even more be-
cause, if the system presents synergistic effects
between nodes, higher dimensional information
transfer measures, such as conditional transfer en-
tropy (Faes and Porta, 2014; Runge et al., 2012),
need to be used, requiring even more and abun-
dant simultaneous data.

Many studies, therefore, argue that simula-
tions are the answer to the complexity and lim-
itation of experimental techniques (Buschmann
et al., 2015). The approaches range from simu-
lations of the entire function of the system being
studied (Szczecinski et al., 2014) to observations
of emergent phenomena from simple and modu-
lar neuron networks (Bullmore and Sporns, 2009).
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In the present work, we propose a simulation
which generates signals in different neural net-
works, which are used to observe the behavior
of information theoretic measures applied between
them.

Pairwise information theoretic measures, such
as mutual information (McDonnell et al., 2011) or
transfer entropy (Schreiber, 2000), present differ-
ent peaks of maximum information transfer ac-
cording to differences in direct or indirect con-
nections. It is expected that, the more indirect
the connection, the lower the information transfer,
due to the data processing inequality (Cover and
Thomas, 2006). Thus, by different values of in-
formation theoretic measures, direct and indirect
connections can be inferred and a network struc-
ture can be found even when lacking simultaneous
recordings of some nodes. The behavior of mea-
sures applied to the simulations is then compared
with the real cases measures, and the correspond-
ing network structure is then found.

This work is then organized as follows. The
simulation framework, Section 2, describing the
steps and presenting the background to our
method of simulation. Section 3 presents some
aspects related to Bayesian Networks (BN) and
Delayed Transfer Entropy (DTE), which is used
to reconstruct the network structure. In Section
4, we present our results with the simulated ex-
periment to generate data and analyze it. At last,
we conclude this work in Section 5 discussing the
results, its applications, and our next steps.

2 Simulation Framework

In this work, we use a process of simulation based
on a combination of Mutual Information (MI) and
Surrogate Time Series (STS). This simulation ap-
proach performs calculations over joint probabil-
ity tables (JPDs) and generates the correspondent
synthetic data.

2.1 Mutual Information

McDonnell et al. (2011) said that MI indicates the
shared information between two random variables.
Cover and Thomas (2006) presented it as in the
following equation:

1Y) = 3 3 pla,y) log, pp(”) 1)

S5 (z)p(y)”

Where X and Y are two random variables; p(z)
and p(y) are their probability distributions; and
p(x,y) is the joint probability distribution of those
random variables.

If two random variables are independent, MI
assumes its minimum, which is zero, because

p(z,y) = p(x)p(y). (2)
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In the opposite, if two variables are equal, MI as-
sumes its maximum, which is the Shannon‘s En-

tropy

H(X) == p(z)logsp(x). (3)

reX

2.2 Surrogate Time Series

The word "surrogate” stands for something that is
used instead of something else. In the case of sur-
rogate signals, the synthetic data used is randomly
generated, but it also presents some characteris-
tics of the signal that it is taking place (Dolan and
Spano, 2001). A surrogate time series presents the
same power spectrum as the original signal, but
these two signals are uncorrelated.

One technique of generation for surrogate
time series consists of making changes in the sig-
nal’s phase while keeping its power spectrum and
probability distribution. Such technique is the "It-
erative Amplitude Adjusted Fourier Transform”
(Schreiber and Schmitz, 2000; Venema et al.,
2006). It consists on a phase shifting of the orig-
inal signal, where the phase is substituted by a
Gaussian white noise in an iterative process.

Suppose a signal z that is represented in
both domains, time and frequency, by x(¢) and
X (jw). Also, suppose a surrogate signal zg, that
is represented in time and frequency by xg(¢) and
Xs(jw). These signals present the following rela-
tions

z(t) & X(jw) = A(w)el*@),
zg(t) < Xg(jw) =4 w)em(GWN)’ (4)
p(zs) = p(x)

where p(x), and p(zg) are the probability mass
functions of the variables x, and xg; the signals’
power spectrum is given by A(jw); and /) and
eI?(GWN) stand for the signals’ phase.

2.3  Simulation

Considering two random variables, X and Y,
the simulation takes their probability distribu-
tions, p(z) and p(y), and builds a JPD, p(x,y) =
p(z)p(y). Tt proceeds, then, by generating the sig-
nals z(t), y(t), xs(t), and ys(t) to calculate the
MI of [xs(t),ys(t)]. This will determine a thresh-
old (MIr) for noisy interaction, i.e., above M Iy
we consider that X and Y are not independent.
These proceedings are the state A of the diagram
shown in Figure 1.

The second state, B, is a process that changes
values inside the JPD and is repeated while the MI
calculated over the JPD is smaller than M 1. The
algorithm subtracts some mass v (a percentage of
the chosen cell) from a random cell JPD(z;1, y;1)
and adds it to another cell JPD(x;1,y;2). This
process keeps the integral over the JPD equal to
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one, but in order to also keep the integral of the
marginals distribution equal to one, the algorithm
subtracts v from a cell JPD(z;2,y;2) and adds it
to another cell JPD(x;2,y;1)-

After state B, the next step, state C, is to gen-
erate data following the JPD from state B. This
is done by a random sampling algorithm based on
a method described by Peebles (1993) to generate
synthetic data for a specific probability distribu-
tion.

hins(ASX)I

oA

Figure 1: Schematic representation of the simula-
tion process with three states. The first state, A,
is the search for M I, which is given as a parame-
ter for the JPD calculation, state B, which gives a
JPD with specific mutual information to the data
sampling state, C'.

3 Reconstruction of the Network
Structure

The structure of a network model represents the
interaction of its random variables. To determine
a network topology, we have to test if two nodes
are dependents and some times if it is due to a con-
ditional dependency. Here we used a theoretic in-
formation measure, the Delayed Transfer Entropy
and its properties to characterize connections, find
independences, causal relations, and time delays.

DTE has been widely applied to neuroscience
data to determine network structures describing
dependencies and independencies between regions
of the brain or neurons (Wibral et al., 2014). It
is based on the transfer entropy, which, given two
processes X and Y, is defined as the "amount of
information that a past state of X contains about
a future observation of Y, given the past state
of Y7 (Wibral et al., 2014), and is proposed by

ISSN 2525-8311

Schreiber (2000) as:

k 1
p(yly*. =
TE =) p(y,ykyxl)logi( ] k)) (5)
VxeX Py
Yyey

where p are probability functions for processes X
and Y with alphabets X and Y; y* stands for k
past states of Y; and x! for [ past states of X.

By assuming that the underlying process is
Markovian (i.e. present states depend only on the
immediate past states), we can fix k = 1 and [ = 1.
Then, we define the delay of immediate past of Y
as «, which, as indicated by Kantz and Schreiber
(2004), can be found in the first local minimum
of the mutual information of the signal with it-
self. The delay of the past of X is defined as .
Thus, we can define delayed transfer entropy as
the transfer entropy measure considering a delay
(8 in the source process X,

PYlya, )
DTE = Z (Y Yo, 25) log ((|)’6 (6)
VoeX P Yo
Yye)y

We then obtain the time-delay between the
variables in a complex system by considering
the maximum peak of information transfer in

a sweeping of different values of 3, ie., § =
max(DTE(X —Y)) (Pampu et al., 2013).

4 Simulation, Measures, and Discussion

Intending to test the limits of our methods, we se-
lected three random variables, two representing a
spiking signal (Spkl and Spk2) and one a Gaus-
sian White Noise (GW N). We also selected the
three configurations (A, B, and C') shown in Fig-
ure 2. Our intention is to generate simulated data
for each case (A, B, and C), calculate the De-
layed Transfer Entropy for all combinations and
then reconstruct the network.

QDI ®®'®
() CONNCD

A B C

Figure 2: Setup with three tests cases (A4, B,
and C) for three random variables: one Gaus-
sian White Noise (GW N), and two spiking signals
(Spkl and Spk2).

To ensure that the reconstruction process
would not be influenced by the analysts, we di-
vided the two main tasks, the data generation
and its analysis, between two analysts in a dou-
ble blind process. The person that generated the
data followed all the proceedings from Section 2
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providing the data set to the person that analyzed
the simulated data. This one did not know at the
time the structures from Figure 2 and inferred the
topologies from DTE measures, following Section
3 proceedings.

4.1 Simulation

We defined each node with a discrete probabil-
ity distribution; the GW N parameters are zero
mean and unitary variance. There is also a Shan-
non’s Entropy (H (X)) calculated over each vari-
able probability distribution: H(GWN) = 4,39,
and H(Spkl) = H(Spk2) = 3,93. Based on thirty
MI measures of STS pairs {zg; ys}, the simulation
calculated MIr = 1.0, and we proceeded to the
calculation of two JPDs: p(GW N, Spk), for con-
nections GWN « Spkl and GW N <« Spk2; and
p(Spkl, Spk2) for connection Spkl «+» Spk2.

For each structure in Figure 2 we generated
a different data set with 900k samples per node,
and also inputted artificial time delays between
each pair of variables as shown in Table 1.

Table 1: Artificial Time Delays (in ms) between
nodes of the structures from Figure 2.

Connection BNA BNB BNC
GWN to Spkl 50 — 20
GWN to Spk2 50 70 —
Spkl to Spk2 50 70 20

4.2 Measures

As shown by Pampu et al. (2013), calculating
the delayed transfer entropy between two pro-
cesses, X and Y, we will find the interaction time-
delay between them in the instant that DTE as-
sumes its maximum value. Since we assume that
we are working with causal systems, i.e., the fu-
ture does not affects the past, only positive de-
lays are considered. Thence, we used DTE to
test all the combinations of the possible connec-
tions, which are: GWN — Spkl, GW N <+ Spkl,
GWN — Spk2, GWN <+ Spkl, Spkl — Spk2,
and Spkl < Spk2.

The DTE measures calculated to test the con-
nections GWN — Spkl and GWN <« Spkl are
shown in Figure 3. All configurations showed a
connection between GWN and Spkl with time
delays equal to 20ms. Since the tests only showed
DTE peaks for connections GW N to Spkl, we as-
sume the existence of a connection GW N — Spkl
with a time delay of 20ms in all cases.

To test the connections GWN — Spk2 and
GWN <« Spk2 we calculated their DTE, which
is shown in Figure 4. Cases B and C showed a
connection between GWN and Spk2 with time
delays equal to 70ms. There is also a peak in the
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Figure 3: DTE measures testing connections, find
the interaction GW N — Spkl, and showing time
delays of 20ms in all cases.

time 70ms of case A, but this specific peak is small
if compared to the rest of the DTE and requires
further analysis.
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Figure 4: DTE measures testing connections, find
the interaction GW N — Spk2 for cases B and C
with a time delay of 70ms, and also an indirect
connection for case A (small peak).

Calculating DTE between Spkl and Spk2 in
Figure 5, we tested the connections Spkl — Spk2
and Spkl < Spk2. We identified connections be-
tween Spkl and Spk2 in cases A and C with time
delays equal to 50ms, but nothing was found in
case B.

0.044 A 0.036 B 0.08 c
0.033 0.027 0.03
SPKL, 22 0.018 0.02
to . X
Spk20.011 0.009) 0.01
P ]
0.000 0.000 0.00
010 20 30 40 50 60 70 80 010 20 30 40 50 60 70 80 01020 30 40 50 60 70 80
0.010 0.037
0.007 0.027
SPk24 405 0018
to

Spk10.002 0.009;

0.000 0.000
0 1020 3040 50 60 70 80

0 1020 3040 50 60 70 80 0 1020 3040 50 60 70 80

Figure 5: DTE measures testing connections, find
the interaction Spkl — Spk2 in the cases A and
C with a time delay of 50ms.

4.8  Discussion

Comparing the connections found in DTE mea-
sures with the structures from Figure 2, it is pos-
sible to reconstruct the original topologies. Since
the DTE peaks found for test cases B and C
matches with the connections presented in the
original structure, there was no doubt in the re-
construction them. However, in the test case A,
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DTE measures presented in Figure 4 suggested the
existence of a link between GW N and Spk2 with
a small peak.

We can compare the peak that suggests a con-
nection GWN — Spk2 with the maximum value
of the noise floor (the rest of the DTE). This pro-
ceeding shows that there is not so much difference
between them. Table 2 summarizes the results
from Figures 3, 4, and 5. It shows the percent-
age difference between peaks and the maximum
ground noise for each particular case.

Table 2: Percentage difference between the DTE
peak and the maximum of its ground noise.

Connection BNA BNB BNC
GWN to Spkl 17,30% 5,51%  3,75%
Spkl to GW N - - -
GWN to Spk2 0,84% 5,48% 10,00%
Spk2 to GWN -

Spkl to Spk2  14,62% -

9,79%
Spk2 to Spkl - - -

Although the peak of case A connection
GWN — Spk2 is close in value to the ground
noise (small value in Table 2), we consider it as
an indirect influence of the GW N to Spk2. This
consideration is made because, in the case A from
Figure 2, the node Spk2 is directly linked to the
node Spkl, which by its turn is directly linked
to the node GWN. Here we have a case of D-
Separation when two variables are independent if
the state of an intermediate variable is known (see
Hayduk et al. (2003) for further references).

5 Conclusion

The purpose of this paper is to develop, test, and
establish a method to reconstruct structural inter-
actions in non-simultaneous recordings. We used
simulations and information theoretic measures,
such as Delayed Transfer Entropy and Mutual In-
formation.

In a double-blind process of simulation and
data analysis, we generated data for three test
cases, each one with a different topology. Further,
we estimated the structure based on the connec-
tions found using DTE measures. In two of those
cases (Figure 2, cases B and C), we reconstructed
the network structure only by visually identifying
a peak in the DTE plot (Figures 3, 4, and 5). In
a third case, we could observe an indirect influ-
ence, which was already expected due to the data
processing inequality (Cover and Thomas, 2006).

It was already expected that DTE measures
would point to a connection between the signals
GW N and Spk2, because Figure’s 2 test case
A presents an structure with two variables d-
separated (Hayduk et al., 2003) by a third. The
percentage differences between peaks and maxi-
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mum ground noises presented in Table 2 reinforce
these expectations.

Table 2 shows that the peak found for
GWN — Spk2 is less relevant when compared
to the others. As a result, we interpreted the low
peak for connection GW N to Spk2 case A of Fig-
ure 4 as a reflex of an indirect dependency. This
means that we recovered the same topology pre-
sented in Figure 2 case A.

In future works, we want to extend these
methods using them to analyze non-simultaneous
neuronal recordings in order to investigate in-
teractions. To represent the neurons dynamics,
we intend to train a Dynamic Bayesian Network
(Meyer-Baese and Schmid, 2014). The discussion
about DTE peaks and if they represent a directed
or indirected connection is considered as a chal-
lenge that we are expecting to find in the neuronal
analysis. However, we could see in this work that
indirect connections present a low difference when
their DTE peaks are compared with their ground.
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