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Abstract

This thesis is a study of information processing of biological complex systems seen from the
perspective of dynamical complexity (the degree of statistical independence of a system as a
whole with respect to its components due to its causal structure). In particular, we investi-
gate the influence of signaling functions in cell-to-cell communication in bacterial and neural
systems. For each case, we determine the spatial and causal dependencies in the system dy-
namics from an information-theoretic point of view and we relate it with their physiological
capabilities.

The main research content is presented into three main chapters.

First, we study a previous theoretical work on synchronization, multi-stability, and clustering
of a population of coupled synthetic genetic oscillators via quorum sensing. We provide an
extensive numerical analysis of the spatio-temporal interactions, and determine conditions
in which the causal structure of the system leads to high dynamical complexity in terms
of associated metrics. Our results indicate that this complexity is maximally receptive at
transitions between dynamical regimes, and maximized for transient multi-cluster oscillations
associated with chaotic behaviour.

Next, we introduce a model of a neuron-astrocyte network with bidirectional coupling using
glutamate-induced calcium signaling. This study is focused on the impact of the astrocyte-
mediated potentiation on synaptic transmission. Our findings suggest that the information
generated by the joint activity of the population of neurons is irreducible to its independent
contribution due to the role of astrocytes. We relate these results with the shared information
modulated by the spike synchronization imposed by the bidirectional feedback between neu-
rons and astrocytes. It is shown that the dynamical complexity is maximized when there is a
balance between the spike correlation and spontaneous spiking activity.

Finally, the previous observations on neuron-glial signaling are extended to a large-scale sys-
tem with community structure. Here we use a multi-scale approach to account for spatio-
temporal features of astrocytic signaling coupled with clusters of neurons. We investigate the
interplay of astrocytes and spiking-time-dependent-plasticity at local and global scales in the
emergence of complexity and neuronal synchronization. We demonstrate the utility of astro-
cytes and learning in improving the encoding of external stimuli as well as its ability to favour
the integration of information at synaptic timescales to exhibit a high intrinsic causal structure
at the system level. Our proposed approach and observations point to potential effects of the
astrocytes for sustaining more complex information processing in the neural circuitry.



Impact statement

Information processing is ubiquitous in nature. Based on the underlying dynamical
rules and topological considerations that define a particular system, each one of its
elements will interact with another through the exchange of information in the form of
bits. In turn, the information here encodes the state of the system and its elements. The
question of interest is how tightly coupled all parts of a complex system are in terms of
such information exchange in dynamic conditions.

In biological complex systems, this idea is captured by the interplay of functional seg-
regation of dynamical responses of the independent subparts of a network of interacting
elements, and the global integration of these that result in physiological functionality.
This results in an emerging behaviour at the system level, which cannot be explained
from the microscopic dynamics of its individual constituents.

Theoretical studies have recently proposed different information-theoretical metrics to
quantify this form of complexity by assessing the statistical independence among the
components of a system. In particular, by using this approach, numerous studies report
that the brain dynamics is well suited to exhibit integration of information from locally
coherent neuronal groups. These results are further linked with conscious perception
and behavior seen in higher vertebrates.

Despite numerous advances in neuroscience, a large portion of physiology of astrocytes
remains unclear. In particular, it is unclear how astrocytes process information to reg-
ulate synaptic transmission through varied signaling pathways. Further investigation
is needed to characterize astrocyte functions and their roles in brain physiology. This
work aims to characterize the influence of astrocytic signaling in the modulation of the
synergy and information transfer of the neural population code. This approach detects
regimes associated with non-trivial features in which the complexity is maximized.

Also, the analytical tools derived from this approach have not yet been applied to other
biological domains. The case of gene regulation observed in prokaryotes is a good
example. Here, the cellular systems have adaptive responses mediated by signal trans-
duction. The notion of this complexity can address the question of how the information
exchanged in intracellular signaling networks can lead a cellular system to act as a sin-
gle processing unit rather than independent network motifs. This perspective may show
conditions in which multicellular systems can render conscious-like behavior seen from
the collective interaction and functional differentiation in cells.

Overall, the results derived from this work are expected to contribute to understand-



ing dynamical and structural conditions in which biological networks can exhibit an
emergent behaviour in terms of information exchange.

On one side, our results provide insights about dynamical regimes in which collective
interactions in genetic regulatory networks lead to high integration of information as
a signature of emergent behaviour. This study may be valuable for understanding in-
formation processing in cellular decision-making and design principles for synthetic
construction of genetic networks.

On the other, we study the information processing in systems with bidirectional sig-
naling between astrocytes and neurons. We relate our findings with the expression
of synaptic plasticity, neural excitability, synchronization, and encoding ability. Our
results reinforce the idea that astrocytes can integrate neural signals on different spatio-
temporal scales, leading to superior information processing. We expect that these find-
ings will be particularly helpful for understanding the functionality of prominent signal-
ing pathways in varied cognitive functions, and novel designs of reservoir computing
architectures for learning tasks.
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increases ḡij substantially more than in the absence of astrocytic regulation. Observe

from (c) that each calcium pulse is correlated with the release of gliotransmitter. Note

that the calcium oscillations observed over the different microdomains do not have

to have a fixed frequency. Instead, these signals are induced by the integration of

presynaptic activity (mediated by the stimulation of PLCβ channels) that stimulates

the production of IP3. In this way, higher neuronal activity will lead to higher con-

centrations of IP3. In turn, the concentration of this molecule will set the frequency

of oscillations observed at a specific microdomain. . . . . . . . . . . . . . . . . 137
5.5 Released resources (RRs) Eq. (5.6) of a neuron being stimulated by an external cur-

rent and presynaptic firing activity. Fig. (a) without astrocytic influence; (b) with

transient potentiation of EPSCs by released gliotransmitter (elicited by each calcium

event indicated by the red oscillations in FM mode). . . . . . . . . . . . . . . . 138
5.6 Left: Individual calcium oscillations and IP3 levels in FM mode. These curves corre-

spond to the dynamics in one domain and account for the mean calcium concentration.

Note that the oscillations are asynchronous reflecting the local synaptic activity for

each astrocytic process; some of them can be overexcited and do no longer contribute

locally to the potentiation of synaptic transmission. Earlier increase to high levels

of IP3 reaches a point in which Ca2+ oscillations are lost at the associated synapses.

Right: Each calcium event triggers the release of gliotransmitter Ya. In particular, as

the calcium reaches a high stable concentration there is a cessation of Ya. The inset

plot shows the timescale of activation and decay of Ya. . . . . . . . . . . . . . . 139

xii



LIST OF FIGURES

5.7 (a)-(b) Connectivity matrix that defines the permitted neuron-to-neuron connections

(i, j) in which each data point represents wij . The architecture follows the method

described in Sec. 5.2.2. That is, each block represents a group of neurons that are

densely connected in each cluster with sparse connections inter-cluster. Each neuron

has a fixed in-degree number (10 neurons). Each block is modulated by an astrocyte

cell. The astrocyte interacts with each postsynaptic neuron through its processes to

integrate presynaptic activity at each neuron [Fig. 5.2]. In these conditions, the synap-

tic weight can be set fixed (a) by drawing wij from a uniform distribution U[0, 0.08]

or (b) STDP rule. The local calcium signaling triggers the release of gliotransmit-

ters, which in turn potentiates the EPSCs. If the synaptic weight is low the astro-

cytic process can gate LTP promoting competition between synapses leading to an (c)

active-neuron-dominant topology, where most of the synapses are rewired to be either

0 or gmax = 0.08. (d) Arrangement of the synaptic weights by increasing firing rate

(counting the total spikes in a set observation time of 200 s), evidencing the active-

neuron-dominant. Observe that without astrocytic influence similar distributions are

observed but just at the expense of greater stimulation and simulation time, i.e., the as-

trocytes reduce the threshold to LTP according to these results. Set control parameters

gs = 0.05 and asic = 0. . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
5.8 Raster plots of the neuronal activities. The figures show 120 neurons grouped in 4

non-overlapping domains, each one under the influence of one astrocyte cell. For

example, in (a) we highlight with a red line one of these domains for neurons in-

dexed from 30 to 60. Thus, the astrocyte integrates the activity of each one of these

Nd = 30 neurons. On one hand, the astrocyte can increase the excitatory transmis-

sion locally (gluatamte-mediated), provided that the total presynaptic stimulation at

a specific neuron activates the corresponding calcium microdomain. Persistent high

synaptic activity in the group of neurons activates several microdomains. In turn, there

is induction of SICs that coordinates the whole domain. Note as well that each domain

receives an input signal generated from a template of varying rates [Sec. 5.2.7]. Fig-

ure (a) STDP learning without astrocytic influence, (b)mediated by gliotransmission,

using gs = 0.8 and asic = 0, (c) mediated by SICs and potentiation of EPSCs due

to gliotransmision using gs = 0.8 and asic = 0.05. (d) Raster plot of neural network

without learning, connected by random connections gs = 0.8 [Fig. 5.7(a)]. Red dots

correspond to the calcium activity in astrocytic processes. . . . . . . . . . . . . 142
5.9 Example of mean calcium concentration, Eq. (5.24). Each time the concentration

exceeds 0.3 µM, from below SICs are triggered (red curves) by mediation of astro-

cytic glutamate, thus enabling coordination in a cluster of neurons controlled by the

respective astrocyte cell. . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

xiii



LIST OF FIGURES

5.10 (a) Example of dynamical coordination exerted by SICs in one domain. Spike trains

averaged over the group of neurons controlled by one astrocyte cell per time step;

(b) Mean Ca2+ concentration elicited by astrocytic processes in the same domain.

The red line shows the threshold 0.3µM in which there is an induction of SICs by

the release of astrocytic glutamate; (c) neuron-astrocyte interaction at the synaptic

level. The astrocyte processes can induce LTP via glutamate release to potentiate

synaptic transmission from presynaptic terminals (d) local Ca2+ oscillation in FM

mode triggers the release of glutamate from the astrocyte. . . . . . . . . . . . . . 144
5.11 (a)-(c) Distribution of synaptic weights for increasing inward current amplitude asic.

Note the transition towards LTD as asic; grows; (d) Example of induction of SIC by

release of glutamate from the astrocyte; (e) Released resources of postsynaptic neuron

modulated by SIC, asic = 0.05. Note an initial depletion of vesicles due to the high-

frequency depolarizing current followed by a facilitation regime. . . . . . . . . . 145
5.12 Measures ΦWMS (net synergy), Ic (total correlation) and ISR (signal-response) for

increasing neuron-astrocyte coupling gs. Fig. (a) corresponds to results using STDP

rule and (b) random network. ΦWMS is reported at τ = 1ms. . . . . . . . . . . . 148
5.13 Example of raster plot showing the states of intermittent synchronization at the do-

main level due to the influence of SICs. . . . . . . . . . . . . . . . . . . . . . 150
5.14 (a) Time spent in synchronization Ts for increasing SIC amplitude asic; (b) Total

correlation Ic for increasing SIC amplitude asic. Figs. (a) corresponds to synaptic

weights determined by STDP learning (blue square) while (b) to a network with ran-

dom weights (red cross). . . . . . . . . . . . . . . . . . . . . . . . . . . . 151
5.15 Measures ΦWMS (net synergy) and ISR (signal-response) for increasing SIC ampli-

tude asic. (a) corresponds to synaptic weights determined by STDP learning while

(b) to a network with random weights. ΦWMS is reported at τ = 1ms. ΦWMS (blue

square) and ISR (red cross). . . . . . . . . . . . . . . . . . . . . . . . . . . 153

xiv



List of Tables

4.1 Model parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

5.1 Neural network parameters . . . . . . . . . . . . . . . . . . . . . . . . 119
5.2 Short term plasticity model . . . . . . . . . . . . . . . . . . . . . . . . 119
5.3 Plasticity parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
5.4 Astrocytic network parameters . . . . . . . . . . . . . . . . . . . . . . 125
5.5 Neuron-astrocytic interaction parameters . . . . . . . . . . . . . . . . . 126

xv



Chapter 1

Introduction

This work aims to understand the dynamical complexity of a biological system from
an information-theoretical perspective. In particular, we address this question by char-
acterizing the information exchange among its parts, and conditions in which higher
causal interactions emerge, i.e., when the information generated by the system dynam-
ics is higher than the one that can be obtained independently from its elements. Finally,
we relate the results with functional implications from a physiological point of view.

The general framework considers two levels: interactions in bacterial communities and
neural ensembles. This proposal stems from the interest to understand the role of sig-
naling functions in information-processing capabilities in systems of contrasting com-
plexity.

On one side, bacteria, often regarded as simple organisms, can develop higher-order
interactions through quorum sensing. Meanwhile, in mammals, neural networks dy-
namically encode information through the regulation of astrocytic gliotransmission. On
this basis, we show conditions in which the information generated at the system level
(due to causal interactions) is higher than the sum of its components.

The remainder of this thesis is organized as follows:

Chapter 2 — We initially provide the theoretical framework used in this work.
That includes the notions of complexity from an information-theoretic perspec-
tive [Sec. 2.1]. First, we provide preliminaries on information theory followed by
the introduction to the notions of dynamical complexity using the perspective of
information geometry [Sec. 2.1.2]. In this context, we outline the mathematical
formalism of integrated information, in which we focus on the standard measures
that have been proposed for practical use [Sec. 2.1.3]. All these tools will be
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CHAPTER 1. INTRODUCTION

used in this thesis to characterize the group interaction of complex systems in
terms of information exchange by varying dynamics. We provide a detailed de-
scription to estimate the information-theoretic measures under the assumption of
binary-states dynamics [Sec. 2.1.4].

The main scope of the thesis is on understanding the population-based interac-
tion in bacterial and neuron-glial networks. In turn, we first review the elements
of gene expression [Sec.2.2] to introduce the biological considerations employed
in the subsequent models of quorum-sensing coupled repressilators. This is fol-
lowed by the description of the methodology that we use to represent the collec-
tive oscillations into binary states [Sec. 2.2.1]. Then we will move into describing
the mechanism of action potential and the general representation of its dynamics
[Sec. 2.3]. Later, we introduce the terminology that we will employ in the text
and the methods to represent spike trains into binary states [Sec. 2.3.1]. Finally,
with regards to the review material in biological systems, a comprehensive de-
scription of the physiological considerations will be provided in each chapter.

Chapter 3 —

The motivation of this chapter arises from the novel concept of integrated infor-
mation Φ introduced by Tononi and his collaborators [2]. In his work, he provides
a mathematical formulation to quantify the amount of information generated by
a system seen as a whole that is irreducible and cannot be decomposed into its
parts. This property implies that there is a coexistence between integration and
segregation exerted in the causal interactions of a system. Although this measure
was initially motivated to describe the conscious states in neural systems, its ap-
plicability for characterizing complexity in other biological domains is possible.
In this sense, fies the synergy of a complex systems.

On this basis, we aim to study intercellular genetic communication using this
framework. This interest stems from the multistable and collective behavior that
characterizes cell-to-cell interactions, particularly in bacteria. This is often as-
sociated with phenotypic states that play a functional role in their survival and
growth. Using the approach of integrated information allows us to investigate
conditions in which the cells can transition to a collective state in terms of infor-
mation exchange. In this chapter we consider a genetic network of repressilators
coupled by quorum sensing [3]. We identify numerically different dynamical
regimes associated with collective modes of varying complexity and we investi-
gate the emergence of integrated information in these conditions.

2
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Note that several measures to estimate Φ from empirical data have been proposed
[1] to account for the constraints imposed in the original measure. The applica-
bility seems equally plausible using arguments of information-theory. However,
there is insufficient literature that provides a full description that discusses the
similarities and drawbacks of these. As the second goal of this chapter, we nu-
merically compare three standard measures of Φ and investigate their behavior as
a function of the dynamical regimes. Our results provide insights on the extent
to which these measures reflect the spatio-temporal interactions of our system
and we show conditions in which the collective interactions in genetic regulatory
networks lead to highly integrated information.

Work published in Entropy 21(4), 382 (2019).

Chapter 4 —

Here we start from the assumption that astrocytes regulate synaptic transmission
through bidirectional signaling with neurons. A comprehensive literature review
shows the diversity of signaling pathways in astrocytes with the potential to mod-
ulate synaptic transmission [4]. Although experimental evidence supports this
view, it remains unclear the extent to which the astrocytes regulate neural com-
munication. Ongoing views support the hypothesis that astrocytes can integrate
neural activity across different timescales and at different locations, which could
be involved in cognitive processing. Current models start from calcium-induced
calcium release mechanisms elicited by synaptic activity. In this perspective, it is
shown the interplay between the multimodal encoding of synaptic information by
calcium oscillations and the astrocytic feedback through gliotransmission. While
there are several claims derived from these studies, there is not a rigorous charac-
terization of the information-processing mediated by astrocytes from the perspec-
tive of the neural coding, which would correspond to an information-theoretic
framework. In particular, the computational features at the population level are
relevant for this discussion.

Following our line of reasoning concerning the previous chapter, integrated infor-
mation Φ seems attractive to characterize the synergistic influences of astrocytes
in the ensemble code. In particular, we estimate Φ using mismatched decoding to
impose the split of the parts of the system.

In this chapter, we introduce a model that considers bidirectional coupling be-
tween neurons and astrocytes using glutamate-induced calcium signaling in the
presynaptic pathway in a minimal network model stimulated by an uncorrelated
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input stimulus. We find that calcium events in astrocytes have a joint effect on
the neural interactions by both increasing the synaptic transmission and inducing
intermittent synchronization. This regulation seems to be crucial for the enhance-
ment of synergistic influences in the network code, according to the estimation
of integrated information. Particularly, these contributions are maximized when
there is a balance between correlations between spikes and spontaneous spiking
activity.

These results were further compared with the net synergy and mutual information
to estimate the extent of synergistic and redundant contributions and spatial inter-
actions. Our result reinforces the idea that astrocytes can integrate neural signals
on spatial and temporal scales leading to superior information processing.

Work published in Phys. Rev. E 103(2), 022410 (2021). Copyright © 2021 by
American Physical Society. All rights reserved.

Chapter 5 —

We extend the previous formulation to a large-scale network. Here we propose
a model that accounts for the extended morphology of the astrocyte cells. Then
we investigate the role of this configuration in the integration of information in
neuronal communities.

Ongoing research stresses the spatio-temporal features of astrocytic signaling.
These include focal and fast calcium oscillations at the synaptic sites mediated
by signaling microdomains, resulting in a transient modulation of synaptic cur-
rents. At a larger scale, it is shown that astrocyte cells can coordinate groups
of neurons upon a global increase of calcium concentration leading to slow de-
polarizing currents [4]. The functional role of this configuration in the scope of
information-processing remains unclear.

We propose a detailed model of bidirectional signaling between neurons and as-
trocytes. We focus on two well-characterized signaling pathways: astrocyte–
mediated potentiation of presynaptic currents and postsynaptic slow inward cur-
rents. The neuron communities are built from a set of independent and high
densely connected clusters followed by a rewiring method to produce inter-cluster
connections, in which every cluster is modulated by an astrocyte following phys-
iological considerations. Then we investigate the functional role on the global in-
teraction of information between these neuronal communities mediated by neuron–
astrocyte interactions. We relate our findings with the expression of synaptic

4



CHAPTER 1. INTRODUCTION

plasticity, neural excitability, synchronization, and encoding ability.

Our model provides evidence of the functional relevance of astrocytes to regu-
late the information capabilities in joint interaction with spike-timing-dependent
plasticity mechanism and dynamical coordination, at local and global scales. Our
results predict that the astrocytic modulation can tune the ability of the system to
encode external stimuli as well as its ability to integrate the information to exhibit
superior intrinsic cause-effect structures.

Chapter 6 —

We provide an overview of our research and main findings. Overall, it is shown
that the approach proposed for this dissertation can be useful to describe emer-
gent features associated with information-processing in neural systems and gene
regulatory networks.

We close with a critical analysis of the strengths and short-comings of our ap-
proach and provide a discussion of the relevance of the metrics of integrated in-
formation to quantify dynamical complexity, as tools in nonlinear systems. Ad-
ditionally, we provide suggestions for further research.
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Chapter 2

Methodology

2.1 Fundamentals on Integrated Information

2.1.1 Preliminaries on Information Theory

Here we summarize the key concepts from information theory used in this work. For

the readers not familiarized with this topic, a detailed description can be found in [5].

Suppose that X = (X)i∈V is a random vector that takes values in the finite set Ω. Here

X denotes the state of a network consisting of elementary units v ∈ V , where V is

assumed to be a non-empty and finite set of nodes, i.e., V = {1, 2, . . . , N} with N

defining the system size.

The uncertainty of a random variable X can be quantified by the entropy H(X) and is

given by

H(X) = −
∑
x

p(x) log p(x) (2.1)

where p : Ω → (0, 1] is a probability distribution (we assume p is always greater than

zero for all instances x of the random variable X).

If there is additional information about a random variable Y ∈ Ω we compute the

conditional entropy of X given Y as H(X|Y )

H(X|Y ) = −
∑
x,y

p(x, y) log p(x|y) (2.2)
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Here x and y represent a particular state, with p(x) and p(y) denoting the probability of

x and y, and p(x, y) and p(x|y) the joint probability (x, y) and the conditional proba-

bility of x given y, respectively. If the random variables are discrete (as assumed in this

work), Eqs. (2.1) and (2.2) are computed by summing over all possible states (observe

that X and Y represent the entire set of states x and y, respectively). This condition can

be replaced by its integral form for continuous random variables. For this work we will

assume that the systems we deal with are stationary and can be described by a discrete

probability distribution.

The Kullback–Leibler (KL) divergence provides a measure of statistical dissimilarity

between any two probability functions p(x) and q(x). In the discrete setting, this mea-

sure can be written as

DKL(p(X)||q(X)) =
∑
x

p(x) log
p(x)

q(x)
(2.3)

where p(x) > 0 and q(x) > 0 for all x in X .

The mutual information I(X, Y ) between X and Y quantifies the reduction of uncer-

tainty in X given the knowledge we have about Y . In this way, this measure provides

the degree of interaction between both random variables,

I(X, Y ) = DKL(p(X, Y )||p(X)p(Y )) (2.4)

here p(X, Y ) denotes the joint distribution, while p(X) and p(Y ) represent the marginal

distributions of the random variables X and Y , respectively.

Alternatively, the mutual information can be expressed in terms of the entropy as

I(X, Y ) = H(X) + H(Y )− H(X, Y ) (2.5)

= H(X)− H(X|Y )

In this work we consider probabilities obtained from the evolution of X sampled in

discrete times. In such a case, X(t) is the state of a network composed of N nodes
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at a current time, and Y (t) = X(t + τ) its state τ time-steps further (from now on

we denote it by X and Y , respectively, due to convenience). The interpretation of

the mutual information (2.5) using these two random variables can be understood as

the amount of information that can be obtained about the previous states by knowing

the current states. In this context, we will refer to this one as time-delayed mutual

information (TDMI).

The description ofX and Y can be simplified by using symbolic dynamics, in which the

phase space can be converted into different labels taken from an alphabet A, such that

|A| = M , where M is a positive integer. Thus, instead of representing the trajectories

by real-valued numbers we use a succession of symbols [6, 7]. More precisely, X

can be described by the sequence x1x2x3, . . . xL . . . , where each xi ∈ A represents an

instance. For example, a simple approach in one-dimensional systems is using a binary

scheme with symbols (1, 0), obtained through thresholding of the resulting trajectories.

We will discuss this issue further in Sec. 2.1.4 in the context of our methodology.

Using this framework, the probabilities used to compute the Shannon’s entropy cor-

respond to microscopic configurations, based on the chosen alphabet. To do so, the

sequence of symbols can also be split into blocks of codes of different size m, i.e.,

codes that parse the data into non-overlapping windows of finite length (for example,

using the index i, we get the sub-string x′i = xi . . . xi+m). This allows us to extend the

definition of the Shannon’s entropy for a single state to the entropy of a succession of

states (block entropy), Hm(X) = −∑x′ p(x
′) log p(x′). Computing Hm for a range of

m-values yields the entropy growth curve [8], which allows us to analyze predictability

and memory in the system under study.

2.1.2 Geometric interpretation of complexity

We introduce the notion of dynamical complexity using an intuitive geometric interpre-

tation following the discussion provided in [9, 10, 11]. We are interested in quantifying

the information held at X due to the internal mechanisms of the components of the

network and transferred to Y . The spatio-temporal interactions between X and Y are

characterized by the joint distribution of (X, Y ), p(X, Y ).
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The strength of the influences (including self and cross-interactions inX and Y ) is mea-

sured by the KL divergence by comparing against a distribution probability q(X, Y ).

This latter distribution is defined from removing interactions between X and Y (split

system). Thus the degree of causal interactions between both random variables is de-

fined by

C(X, Y ; Π) = min
q(X,Y )∈MΠ

DKL(p(X, Y )||q(X, Y )) (2.6)

where MΠ denotes a set of factorizable and positive distributions, MΠ = {q : q =∏m
i=1 qSi

} for a given partition Π = {S1, S2, . . . , Sm}, where Si denote non-overlapped

subsets of the system. Such a partition is defined for a fixed number subsystemsm (such

that 2 ≤ m ≤ N ), and the factorization condition assumes that the different elements

in the network are independent, i.e., X = X1 ∪ X2 ∪ · · · ∪ Xm with Si ∩ Sj = ∅ for

i 6= j. In this way, if the system exhibits causal mechanisms between X and Y the

KL divergence is greater than zero. Therefore, the proposed complexity quantifies the

information loss after cutting the system into different subsets.

The metric C(X, Y ; Π) provides the degree of dynamical complexity in the sense that it

quantifies the degree of statistical independence of a system as a whole with respect to

its components due to causal interactions. A complex system, according to this defini-

tion, will show a simultaneous integration and differentiation in its dynamical structure.

This means that the elements of the system engage in interactions across space (between

the components of the time series from either X or Y ) and time (between X and Y ),

enabling coherent emergent structures resulting in an organized whole.

To gain insight into the system’s structure from (2.6) we need to define a restricted

model q in order to derive any causal relationship between the elements of the system

in question. For example, the time-delayed mutual information (2.5) can be computed

by using the split distribution q(X, Y ) = q(X)q(Y ). When choosing the optimal q∗ we

use the Pythagorean relation [10].

DKL(p||q) = DKL(p||q∗) +DKL(q∗||q) (2.7)

From here is follows that q∗(X) = p(X) and q∗(Y ) = p(Y ). Using the same reasoning,
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given a distribution p(X), where X = (X1, X2, . . . , XN), the total correlation (also

named as multi-information) among the nodes of the network can be computed by using

q(X) =
∏N

i=1 q(Xi), with q∗(Xi) = p(Xi). It follows that

DKL(p||
N∏
i=1

p(Xi)) =
N∑
i=1

H(Xi)− H(X) (2.8)

Eq. (2.8) provides the interaction between the elements of the system (integration)

defined by X . This metric quantifies how much information is shared between the

nodes in the network.

On the other hand, the notion of complexity is not new, and has been extensively dis-

cussed. Multiple authors have proposed measures to detect complex signatures in the

system dynamics using different conceptual foundations. In order to accurately describe

what complexity means it is desirable that a good metric could yield a vanishing value

for regular or random structures during the temporal evolution of a system, while for

intermediate cases the system could encode enough information regarded as complex

[12].

Most of the descriptions of complex behaviour can be based on considerations based

from the algorithmic complexity or information-theoretical measures that attempt to

characterize complexity in the terms expressed above, and both approaches are widely

used for nonlinear time series analysis. A comprehensive review of measures has been

given elsewhere [13, 14].

The notion of entropy naturally appears as a basis in both approaches to characterize the

structural and dynamic behaviour of a system, i.e., the patterns arising from the dynam-

ics in this one. In particular, a plausible way to quantify complexity is by determining

the information contained in a message transmitted by a sender, x1.x2 . . . xL . . . . In the

probabilistic sense, each point in the phase space has an associated information content,

from which the mean provides the entropy of the message. This measure provides the

extent to which the next step in a sequence can be predicted.

In the measure-preserving dynamical systems the Shannon’s entropy can be extended
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to the Kolmogorov-Sinai entropy (KSE) [15, 14] to measure the unpredictability of a

dynamical system. To get the information gain when increasing the word length we

can compute the quantity hm by using the shift operator in the block entropy Hm. It

can be shown that under stationary and ergodic conditions, limm→∞ hm is an estimator

of KSE. In addition, under the same conditions KSE is equivalent to the algorithmic

complexity, according to the Brudno’s theorem [16]. This popular measure estimates

the complexity from a computational point of view [13]. That is, the minimum number

of bits from which a particular message can effectively be reconstructed.

This formulation of complexity has some drawbacks. More importantly, this metric

seems to provide the degree of randomness in terms of the amount of new information

generated, but not of complexity in the sense we would desire, as initially stated.

This latter could be better achieved by measures of statistical interdependence and

causality that are related with the extensivity of a system. In the present work such

an approach will be discussed and applied to different systems of interest. Namely,

it will be shown that if we use C(X, Y ; Π) containing transition probabilities we can

obtain the information generated by the system as a whole due to the causal interac-

tions between X and Y , given the constraints imposed in the partitioned system. If this

metric is above zero, then the dynamics of the system is not obtained by the indepen-

dent contribution of its components. Instead, it provides the capacity of the system to

generate emergent behaviour as a whole. As seen, some complexity measures such as

the mutual information and total correlation can be defined by transition probabilities,

which can be formally reduced to state probabilities.

2.1.2.1 Minimum Information Partition

A key question is the definition of the appropriate partition Π of the system composed

of N interacting elements, X = (X1, X2, . . . , XN), by using a disconnected distri-

bution q ∈ MΠ, Eq. (2.6). As stated previously, the partition Π is defined by m

non-overlapping subsets of X , Π = {S1, S2, . . . , Sm}, where 2 ≤ m ≤ N .

The idea behind cutting a system into subsets is to evaluate the integration by splitting

11



CHAPTER 2. METHODOLOGY

and then recombining the estimates from the different subsystems to quantify how much

information is lost if the system is partitioned. The partition is chosen in a way to

minimize such divergence, i.e., by determining the weakest link between the subsystems

of X (the partition for which the subsystems are least integrated). This is the so-called

Minimum Information Partition (MIP). Observe that the definition of MIP will depend

on the measure of information loss to be minimized, so not necessarily they are the

same; however, the underlying concept is the same.

One way to compute a MIP is by using the partition that minimizes the normalized

information measure C(X, Y ; Π).

ΠMIP = argΠ∈P min
[C(X, Y ; Π)

K(Π)

]
(2.9)

where the normalization factor is:

K(Π) = (m− 1) min(H(YS1),H(YS2), . . . ,H(YSm)) (2.10)

where P denotes all possible partitions Π from size mmin = 2 to mmax = N . Then the

MIP is chosen over all partition sizes m, such that ΠMIP is minimal.

This normalization procedure ensures a weighted optimization across all partitions show-

ing bias towards subsets of approximately equal size. However, as pointed out by some

researchers [17, 18] in concrete applications to compute a MIP, this process may lead to

instabilities when different partitions have similar values, and well as theoretical ques-

tions regarding the physical meaning of the discarded subsets remain open.

Another way to determine a MIP is through the mutual information between subsystems

[19, 20].

SMIP = argΠ∈P min
∑
Si∈Π

H(XSi
, YSi

)− H(X, Y ) (2.11)

In this case, the underlying assumption is that the subsystems are independent. This

measure of mutual information quantifies the information loss due to the removal of the

interactions between the subsystems. Thus, SMIP is the partition in which such a loss is

minimal (see Eq. (2.14) for further reference).
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As mentioned previously, note that finding the MIP requires selecting all possible sub-

sets of the system. For example, for a system sizeN , to evaluate all possible bipartitions

(a customary practice among researchers) we need to go through 2N−1 − 1 possible

subsets. In this way, the computational cost scales exponentially with the size, which

is undesirable for practical purposes [19, 20]. In that sense, the benefit of using SMIP

is that the mutual information satisfies sub-modularity (a property similar to the con-

vexity in continuous functions). This allows to compute the MIP through approximate

methods, such as the Queyranne’s submodular optimization algorithm [20] to reduce

the computational time.

In this work we report the different metrics using SMIP for bipartitions m = 2 for com-

putational efficiency unless stated otherwise. Thus, we ensure that given a partition, the

different metrics can identify the information loss when the system has been structurally

partitioned.

Finally, another efficient alternative for partitioning the system and explored in this

work is the ’atomic’ partition. In this case, we have a complete partition and every

element of the system is on its own [18]. This approach does not provide the MIP but

rather sets an upper bound for the information loss if we compare it with all the other

potential partitions. This approach is efficient and informative to assess the scaling

behaviour in the system, as it will be shown in this work.

2.1.3 Integrated Information Measures

The concept of integrated information comes from the Integrated Information Theory

(IIT) of consciousness, which aims to characterize the conscious experience in terms

of the cause-effect power (denoted from now on as Φ) in a physical system based on

phenomenological considerations of the neural states in the brain [2, 21, 22, 23].

The degree of integrated information Φ quantifies the extent to which a system is irre-

ducible to independent subsets of elements, in which these latter are defined by causal

distinctions. This is satisfied only if mechanisms exist within a system and contribute

to its cause-effect structure, i.e., causal interactions among these subsets act upon the
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system itself. In such a case, Φ is the information that is generated by the system, which

satisfies to be more than the sum of its parts. This metric is primarily developed and

discussed in neuroscience, but its applicability in other domains is of current interest

[1, 24, 25, 26, 27], due to its potential as tool for the analysis of complex nonlinear

systems.

In fact, based on the previous observations IIT developed a mathematical framework

to define in an operational way Φ. Its earlier versions (1.0 and 2.0, see Sec. 2.1.3.2

for further reference) introduced the notions of integrated information as a measure

of dynamical complexity [21]. That is, to which extent a system exhibits a balance

between integration (i.e., it acts as a single piece in terms of its causal interaction)

and segregation (the components of the system behave independently). This condition

is arguably related to conscious arousal in biological systems [28, 29, 30]. Further

formulations of IIT (3.0) are conceptually distinct and are out of the scope in this work.

Next, we retain our attention to the description of integrated information as a measure

of complexity. Generally speaking, any physical system can be described by a state

variable X = (Xi)i∈V , where each node i is described by Xi. In a stochastic sys-

tem the random variable is indexed by the time as X = X(t), to define the current

state. Later, the system transitions to Y = Y (t) at t + τ and integrates the informa-

tion generated from the current state due to the communication between the system’s

constituents. The information that has been generated by the whole system will depend

on the internal mechanisms of interaction. The causal interaction between the current

and future states will be determined by the conditional distribution p(Y = y|X = x),

which defines the transition between states. To quantify the integrated information we

compute the information that has been generated during the transition by the system

more and beyond than the independent contribution of its parts. In that way we can

compare the original distribution p with a distribution generated from a non-overlapped

partition q(YSi
= ySi

|XSi
= xSi

), where Si ∈ Π (following the same arguments as in

Sec. 2.1.2).

From a geometric perspective, this is expressed in terms of the KL divergence, Eq.
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(2.6), by computing the dissimilarity between both distributions (i.e., the full system

and disconnected one). In this framework, if the system is fully disconnected, we expect

to get Φ = 0, and then the assumption of separability is correct (there is not information

generated by the system as a whole). Otherwise, there is causality among its elements

and we cannot neglect the dependencies encoded in p. Due to this construction it follows

that the integrated information can be regarded as a measure of the system’s dynamical

complexity.

Φ(X, Y = y; Π) = DKL(p(Y = y|X)||
∏
Si∈Π

q(YSi
= ySi

|XSi
)) (2.12)

where Φ(X, Y = y; Π) denotes the information generated by the system during the tran-

sition to a particular state Y = y from an initial state X , over and above that generated

by its parts (defined by the partition Π).

In parallel to IIT, there have been varied proposals for integrated information measures

using the aforementioned geometric perspective as a starting point (for example see

[10] and Sec. 2.1.3.2 for further details) and have been extended using the tools from

information-theory for empirical applications.

The functional form of (2.12) will depend on the constraints imposed on the discon-

nected model q (theoretically motivated). This includes the total correlation (IIT 1.0)

and stochastic interaction [10], whole-minus-sum integrated information [17] and decoder-

based integrated information [31].

Fig. 2.1 shows a summary of some of the measures that will be discussed below consid-

ering the different disconnected models q(X, Y ). The colored blocks represent a sub-

system. For simplicity, we have just shown a bipartition. We could also be interested in

breaking completely the system into its elementary units. We show the interaction be-

tween subsystems XS1, XS2 at the present state, and YS1, YS2 in the future state. Here,

i.e., interactions are due to same-time interactions among subsets of the system; causal

interactions are characterized by influences of subsets of the system at distinct times.

In the following subsections, we will discuss commonly used measures of integrated

information.
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Figure 2.1: Schematic diagram that shows a system composed of N interacting nodes coupled
through edges. These nodes evolve in the time in terms of a state variable Xi, i = 1, . . . , N . In
order to determine the dynamical complexity we split the full system into subsets and disregard the
original connections between those ones. In this example we have a bi-partition so all elements are
allocated arbitrarily between the subsets S1 and S2 such that X = S1 ∪ S2. Next, we compute
DKL(p(X,Y )||q1(XS1

, YS2
)q2(XS1

, YS2
)), where p represents the complete system and q1,2 the par-

titioned ones. Below, we have different ways in which we can break up the spatio-temporal correlations,
i.e., choosing the functional form of q. The interaction can be in terms of subsystems or elementary
units. In the figure the interaction between subsystems is shown through the connection among colored
blocks. Here XSi and YSi denote the present state and future state for i = 1, 2. Further discussion of
these metrics can be found in [1].

2.1.3.1 Generalized Mutual Information

The mutual information quantifies the degree of interaction between random variables.

A multivariate extension can be derived from Eq. (2.6) using the constraint

q(X, Y ; Π) =
∏
Si∈Π

q(XSi
, YSi

) (2.13)

where the selection q(XSi
, YSi

) = p(XSi
, YSi

), for all Si ∈ Π, minimizes DKL (due to

the Pythagorean relation (2.7)). From Eq. (2.13) the interactions between the subsys-
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tems are neglected.

ΦMI(X, Y ; Π) =
∑
Si∈Π

H(XSi
, YSi

)− H(X, Y ) (2.14)

This function represents the information loss caused by a partition specified by the

subset Π [19].

Furthermore, if we keep just the same time-interactions p(X, Y ) = p(X) we recover

the total correlation (2.8), i.e., the information shared between subsets Si of the system.

Φcorr(X, Y ; Π) =
∑
Si∈Π

H(XSi
)− H(X) (2.15)

2.1.3.2 Tononi’s integrated information (IIT 2.0)

Integrated information Φ is a metric that aims to quantify the generated information due

to causal interactions by the system upon itself. In order to have Φ > 0 the information

generated by the system’s dynamics has to be higher than the independent contribu-

tion of its components [2, 10, 21]. As stated previously, the generation of integrated

information involves the computation of the amount of information loss by splitting the

system into m subsets (the least interdependent parts).

According to the IIT, the transition distribution of the system is compared via the KL

divergence with the split transition probability, Eq. (2.12). Therefore, the notion of

integrated information can be included as a complexity measure in a dynamical system

if we follow the definition adopted in the previous section. In addition, there exist

several approaches to compute integrated information under different assumptions and

the theory is still in current development [22]. A comprehensive review can be found in

[1, 10]. Now we will discuss the measurements that are used in this work.

Integrated information generated from the transition X → Y , according to Tononi’s

original approach in IIT 2.0 [21], ΦT is defined as follows:

ΦT (X, Y = y; Π) = DKL(p(∗X|y)||q(∗X|y)) (2.16)
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where q(∗X|y) =
∏

Si∈Π p(
∗XSi
|y). Here the subscript ∗ denotes that we are using the

maximum entropy distribution:

p(∗X) =
1

|Ω| (2.17)

where Ω denotes the set of possible states of X .

According to (2.16) we compare the posterior distribution of past states given a present

state in the whole system with respect to the split system [23]. Therefore, to compute

ΦT (X, Y = y; Π) we need the transition probability and the prior distributions. Ac-

cording to Tononi, Eq. (2.16) should consider the maximum entropy distribution for

X . This is an in-principle condition in their modeling (it is assumed that the system

behaves as a Bayesian-rational subject). The argument behind the maximum entropy

distribution can be understood using the concept of effective information in the IIT

defined by

ei(y) = DKL(p(∗X|y)||p(∗X)) (2.18)

In this way, effective information provides a measure of the temporal causality given a

present state, assuming a prior distribution on X . According to Tononi, there exists a

potential (a priori) repertoire with uniform distribution of possible causes that leads the

system to reach the state y.

If Φ is averaged across all states y we can derive the following

ΦT =
∑
y

p(y)Φ(y) =
∑
y

p(y)DKL(p(∗X|y)||q(∗X|y)) (2.19)

=
∑
y

p(y)
∑
x

p(∗x|y) log
p(∗x|y)

q(∗x|y)

=
∑
y

∑
x

p(y,∗ x) log p(∗x|y)

−
∑
y

∑
x

p(y,∗ x) log q(∗x|y)

where we have used the definition of KL divergence (2.36), the Bayes’ theorem (2.20)
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and the definition of conditional probability on p(y|∗x).

p(∗x|y) =
p(y|∗x)p(∗x)

p(y)
(2.20)

Next, we assume that q ∈ MΠ as previously defined. Then the partitioned system can

be written as q(X|Y ) =
∏

Si∈Π q(XSi
|YSi

). The integrated information can be further

simplified by using the definition of conditional entropy (2.2), and the factorized form

of q.

ΦT (X, Y ; Π) =
∑
Si∈Π

H(∗XSi
|YSi

)− H(∗X|Y )

= I(∗X, Y )−
∑
Si∈Π

I(∗XSi
, YSi

) (2.21)

This follows from using q(XSi
|YSi

) = p(XSi
|YSi

) for each Si ∈ Π. The selection of q is

a consequence of using the Pythagorean relation onDKL(p||q) as in Sec. 2.1.2 to get the

optimal q∗ that minimizes the KL divergence, Eq. (2.7). Finally, to get the last equality

in Eq. (2.21) we use the Eq. (2.5) and the equality
∑

Si∈Π H(∗XSi
) = H(∗X) (i.e., the

entropy of the whole system is equal to the sum of the subsystems. This condition is

satisfied when the maximum entropy distribution (2.17) is assumed). Finally, according

to the original form of (2.21), Tononi proposed to use MIP (2.9) as the optimal partition

to characterize its measure of integrated information.

The metric ΦT can be interpreted as the amount of information obtained about past

states from the present states using the system’s point of view (i.e., information gener-

ated within the system) that cannot be reduced to the information generated indepen-

dently by its parts. Additionally, it is assumed a maximum entropy distribution in the

prior distribution of past states (for further details see supplement of [31]).

2.1.3.3 Whole-minus-sum integrated information (net synergy)

A popular empirical measure of integrated information, denoted as ΦWMS was later pro-

posed by Barrett and Seth [17] in the context of cognitive sciences, although there are

earlier versions to detect synergy-redundant mechanisms in biology [32, 33, 34]. This
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measure is well suited for stationary systems by substituting an assumption-free proba-

bility distribution reflecting the actual dynamics in the system, instead of the maximum

entropy condition, Eq. (2.16). In such a context, it is defined the whole-minus-sum

integrated information (also known as net synergy) ΦWMS:

ΦWMS(X, Y ; Π) = I(X, Y )−
∑
Si∈Π

I(XSi
, YSi

) (2.22)

whereX and Y denote the present and future state, separated by τ time units. Therefore

the measure ΦWMS can be interpreted as the information generated by the system as

a whole due to the transition to the state Y from the state X minus the information

independently generated from its components.

As it is defined, this signed measure accounts for the net synergy in a complex sys-

tem, showing both synergistic and redundant interactions due to the transition between

states. From an information-theoretical point of view if X denotes the sender and Y

the receiver, when synergy dominates ΦWMS is positive, so there is higher information

that can be extracted from a channel with correlated sources (representing the system as

a whole) with respect to the information that can be obtained from separate channels.

Conversely, a negative value implies a higher amount of redundant information, which

is satisfied when the individual channels extract more information than the system as a

whole.

2.1.3.4 Decoder-based integrated information

More recently, following the phenomenological construction of ΦT , Eq. (2.21) and

the arguments exposed in Eq. (2.22), Oizumi [31] proposed a measure of integrated

information based on mismatched decoding developed by Merhav [35, 36, 37].

This relies on using a mismatched probability q(Y |X) distribution for the split system

(in which interactions between the parts are ignored) instead of the actual distribution

p(Y |X).

Φ∗(X, Y ; Π) = I(X, Y )− I∗(X, Y ; Π) (2.23)
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I∗ denotes the mismatched capacity following a sub-optimal decoding rule, assuming a

simplified decoder with degraded information than the one obtained from I(X, Y ). This

assumes that a system has only the partial knowledge of the actual encoding process

p(Y |X) and uses a probability distribution q(Y |X) that matches the original distribu-

tion to just some extent.

We now highlight the main ideas to determine I∗ following the mathematical derivation

in [36]. We will get at the end how much of the information of state X will be lost due

to the mismatch in the decoding model. Note that the original measure was determined

between stimuli and neural states, while here we express it in terms of the past and

present states of the system.

The information transmission in a noisy channel is p(Y |X). In that case, the sender

transmits a sequence of x1x2 . . . xN in binary code which is altered when received,

y1y2 . . . yN . The upper bound on the number of codewords that can be sent almost error-

free using the mutual information is 2NI , according to the Shannon’s coding theorem

[5]. If there is a mismatch decoding with I∗, then this value is lower. Next, the proba-

bility of making a decoding error for a particular codeword is defined by Pd = 2−NI
∗ .

The Sanov’s theorem can be used to get an expression for I∗ [5, 38], as it gives an upper

bound on the probability of observing an atypical sequence of samples from p(X, Y ).

The main idea is based on the fact that the probability of getting an atypical distribution

(mismatch) is proportional to the KL divergence between the true distribution and the

atypical one. From that result it follows that Pd = 2−NDKL(p∗(X,Y )||p(X)p(Y )). As ob-

served, we get the information projection of p∗(X, Y ) onto the distributions p(X)p(Y ),

as it is assumed that each codeword is sent at a time from the entire set of possible

codewords. In that sense, we express the independence between sender and receiver.

I∗ = DKL(p∗(X, Y )||p(X)p(Y )) (2.24)

Next, there is a dominant atypical distribution from the all the possible ones that mini-

21



CHAPTER 2. METHODOLOGY

mizes I∗. We solve for p∗(x, y) subject to the constraints:

∑
x,y

log q(y|x)p∗(x, y) =
∑
x,y

log q(y|x)p(x, y) (2.25)

∑
x

p∗(X = x, Y = y) = P (Y = y) (2.26)

In order to compute p∗(X, Y ) we solve the optimization problem:

d

dp∗
[
∑
x,y

DKL(p∗(X, Y )||p(X)p(Y )) (2.27)

− β
∑
x,y

log q(y|x)p∗(x, y)−
∑
y

λ(y)
∑
x

p∗(x, y)] = 0

where β and λ(y) are Lagrange multipliers.

Solving (2.27) for p∗ it can be shown that [36]

p∗(x, y; β) =
p(x)p(y) log q(y|x)β

Z(y, β)
(2.28)

where Z(y, β) =
∑

x p(x) log q(y|x)β is the normalization factor for p∗. Observe that

λ(y) was eliminated by using the second constraint.

Next we substitute Eq. (2.28) in (2.24) and solve for β as follows

I∗(X, Y ; Π) = max
β

[−
∑
x

p(x) log
∑
y

p(y)q(x|y)β (2.29)

+
∑
x,y

p(x, y) log q(x|y)β]

where β is obtained by solving the equation dI∗(β)
dβ

= 0 and q(x|y) denotes the mis-

matched decoding probability distribution [31].

q(x|y) =
∏
Si∈Π

p(xSi
|ySi

) (2.30)

Finally, the motivation to maximise I∗ is because this reduces the information loss due to
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the correlations that have been removed in the system (2.30). Observe that the integrated

information under this perspective can be written as

Φ∗(X, Y ; Π) = DKL(p(X, Y )||p∗(X, Y ; β∗)) (2.31)

where β∗ is the solution to (2.29). The dependency in Π comes from (2.28) and (2.30).

This is the Eq. (2.23) expressed in terms of the KL divergence.

The decoder-based integrated information Φ∗(X, Y ; Π) can be interpreted as the differ-

ence of the time-delayed mutual information between the actual system and the parti-

tioned one. On one side, from the actual system we can extract the information about

the past states by knowing the present state using the actual distribution; for the par-

titioned system, the information is extracted by using a sub-optimal decoding rule, in

which the interactions between the parts are ignored.

Observed that as opposed to ΦWMS , this measure Φ∗ removes the redundant contri-

butions due to high correlations between elements of the system. Likewise, it can be

proved that this metric is equivalent to the original measure ΦT if the constraint of max-

imum entropy distribution is imposed on the past states instead of using an empirical

distribution [31].

2.1.3.5 Stochastic Interaction

Formally, given an arbitrary node i in the system (X)i∈V = (X1, X2, . . . , XN) , we are

interested in quantifying the information received from the surroundings to estimate the

local interactions that cause the transition Xi(t)→ Xi(t+ τ) at any time t.

This can be quantified by the mutual information between the new state Xi(t + τ) at

time t′ = t + τ at node i and the state of the remaining nodes in the network X∂i(t)

conditional on its previous stateXi(t) at time t. Here, the subscript ∂i denotes the nodes

in V different from i.

For short, we write X = X(t) and Y = X(t + τ), two states of the process separated
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by a specified time interval τ .

I(Yi, X∂i|Xi) = H(Yi|Xi)− H(Yi|X∂i, Xi) (2.32)

This represents the local information flow, which can be interpreted as the reduction of

uncertainty in Yi by knowing X∂i provided Xi. To account for the global interaction

we sum up I(Yi, X∂i|Xi) over each node i ∈ {1, . . . , N} and we obtain the global

information flow Φ̃(X, Y ) from state X to Y .

Φ̃(X, Y ) =
∑
i∈V

I(Yi, X∂i|Xi) =
∑
i∈V

H(Yi|Xi)− H(Y |X) (2.33)

Importantly, the underlying assumption to obtain Eq. (2.33) from (2.32) is expressed as∑
i∈V H(Yi|X) = H(Y |X). This is a consistency condition if we assume that the tran-

sition of the complete system is composed of the independent transitions of its elements

(see Eq. (2.35) for future reference).

As in the previous section, we can generalize when we partition the system using Π =

{S1, S2, . . . , Sm}. In such a case the communication is given between subsystems. In

addition, we may be interested in the transit of information in τ time steps.

With these observations we can write the information flow (also called stochastic inter-

action), previously introduced in [9].

Φ̃(X, Y ; Π) =
∑
Si∈Π

I(YSi
, X∂Si

|XSi
) =

∑
Si∈Π

H(YSi
|XSi

)− H(Y |X) (2.34)

As in the previous case ∂Si denotes the nodes outside the subsystem Si. For elementary

units one can write Si = {i} for i ∈ {1, 2, . . . , N}. In the following our description will

consider the partitioned system in subsystems defined by Π for the sake of generality.

Observe that Φ̃(X, Y ; Π) ≥ 0 implies that the amount of information needed to describe

Y givenX is lower or equal than the total information needed to describe YSi
givenXSi

,

for all Si ∈ Π. An increase in Φ̃(X, Y ; Π) implies an increase of uncertainty about the

present when the system is partitioned in subsystems compared with considering the

system’s perspective (for stationary distributions, the argument is time-symmetric).
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We now show the connection of information flow with the notion of distance between

probability transition distributions. It can be assumed that for each τ time steps each

node is allowed to update as Xi → Yi. This can be described in general by the tran-

sition probability matrix p(Y |X), which considers the transition of the entire system

X at time t. On the other hand, allowing the transition of each node in the system to

be independent it is possible to describe the transition probability matrix as a product

satisfying the condition

q(Y |X; Π) =
∏
Si∈Π

q(YSi
|XSi

) (2.35)

Following [9], Φ̃ can we rewritten in terms of the KL divergence (2.12). Note that the

derivation follows the same procedure as in Eq. (2.19). However, in contrast with the

derivation provided by Tononi and coworkers, this metric (2.34) is reversed in time.

Here the probability is specified by the likelihood of a future state given a current state

(but in stationary systems this does not make a difference). Additionally, the derivation

of the stochastic interaction does not involve the constraint in the maximum entropy dis-

tribution. In turn, we cannot express the difference of entropies shown in (2.34) in terms

of the mutual information). The information flow in Eq. (2.34) represents the "distance"

between the transition probability p(Y |X) and its factorized form q(Y |X; Π).

Φ̃(X, Y ; Π) = DKL(p(Y |X)||q(Y |X; Π)) (2.36)

=
∑
x

p(x)DKL(p(Y |x)||
∏
Si∈Π

p(YSi
|XSi

))

The closest distribution q∗ to p that minimizes DKL satisfies q(YSi
|XSi

) = p(YSi
|XSi

),

Eq. (2.7). In other words, the marginal distributions of q over each subsystem are equal

to those of the actual distribution.

A drawback with this measure of integrated information is that it can be greater than

the mutual information of the whole system I(X, Y ). Moreover, observe that from the

construction of Φ̃, the past states XA and XB influence each other, then each subsystem

transitions to the present state accordingly, however, we disregard the connections in
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such a state and then the interactions are taken into account.

Finally, ΦWMS and Φ̃(Y ;X|Π) are related by the expression [9, 39].

ΦWMS(X, Y ; Π) = Φ̃(X, Y ; Π)− I(XS1, . . . XSm) (2.37)

This can be shown by using Eq. (2.34) and from the definition of conditional entropy

H(Y |X) = H(X, Y )− H(X)

In turn, ΦWMS(X, Y ; Π) and Φ̃(X, Y ; Π) are equal if the spatial correlation between

subsystems is null. This holds in special cases where H(X) =
∑

Si∈Π H(XSi
) but not

in general for any distribution.

2.1.4 Empirical calculation of information-theoretic measures

A straightforward approach to quantify the distributions of state z(t) is through a bi-

narization step. In this way, instead of representing the time series by real-valued

numbers, we use symbolic dynamics from a two-letter alphabet (0,1). This will en-

code some informational state resulting in a binary time-series to compute the different

information-theoretical measures already described.

Generally speaking, assume z(t) = (z1(t), z2(t), . . . , zN(t)) is an N -dimensional time

series, where each zi(t) is a time-series with M time steps. Then we define the operator

LB such that for each t

x(t) = LB[z(t)] (2.38)

where x = x(t) is a bit array of N bits. The encoding scheme is given by choosing a

threshold depending on the problem in hand and then by comparing whether the value

z(t) is above or below we get the symbols ’1’ or ’0’, respectively (see Secs. 2.2.1 and

2.3.1 for further reference related with the thresholding approach used in this work).

The observation x ∈ Ω is a particular instance of the random variable X . Then there

are in total 2N possible states that X can take. Assume that x consists of N bits, e.g.,
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x = 110 . . . 110111. The entropy of X is defined by H(X) = −∑x p(x) log p(x),

where p(x) are the probabilities associated with microscopic configurations.

In a similar way, consider another event y ∈ Ω, an instance of the random variable

Y . Then the joint event between X and Y is characterized by xy, which is an array of

Nxy = 2N bits. Entropy for the joint event XY is expressed by

H(XY ) = −
∑
xy

p(xy) log p(xy), (2.39)

where the sum goes through 2Nxy states. Mutual information between X and Y is

I(XY ) = H(X) + H(Y )− H(XY ) (2.40)

Consider a partition Π of the observation x into k parts x1x2 . . . xk defined by bit masks

S1, S2 . . . , Sk bit-wise logical complements:

x = 1101100101001110111

S1 = 0111000001111100000

x1 = 101 10011

S2 = 0000110000000000110

x2 = 10 11

. . .

Sk = 1000000000000011001

xk = 1 10 1

The number of bits in xj is equal to the number of ones in Sj. The same partition is

applied to y, from which we get y1y2 . . . yk.

The entropies and mutual informations for subsystems of X and XY can be written as
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follows:

H(Xl) = −
∑
xl

p(xl) log p(xl), (2.41)

H(XlYl) = −
∑
xlyl

p(xlyl) log p(xlyl), (2.42)

I(XlYl) = H(Xl) + H(Yl)− H(XlYl). (2.43)

where xlyl denotes the concatenation of binary arrays xl and yl, for each l ∈ {1, 2, . . . k}.
Note that these metrics will be reported in bits along this work.

Following the discussion about integrated information, to compute the different metrics

we can assume empirically we run a simulation of time length T (discretized by the step

∆t, such that M = T/∆t) from which we get the observable z(t). Next, we compute

x = x(t) and its future state y = x(t+ τ) through Eq. (2.38). To calculate the different

information-theoretic measures we compute the empirical distributions from the fre-

quency of events. As there are 2N possible states from which we compute the entropy

of the system, we ensure we have available observations to estimate the frequency of all

events. For the results reported in this work we observed the convergence of entropies

for increasing size of observations using random initial conditions for every iteration.

p(x) = p(y) =
f(x)

tx
, p(xy) =

f(xy)

txy
, (2.44)

where f(x) is the number of occurrences of state x counted during the total simulation

time; tx =
∑

x f(x) and txy =
∑

x f(xy). Finally, we marginalize the distributions,

Eq. (2.44), to get the probabilities associated with the subsystems

p(xl) =
∑
x 6=xl

p(x), (2.45a)

p(xlyl) =
∑
x 6=xlyl

p(xy) (2.45b)

for each l ∈ {1, 2, . . . , k}.
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2.1.4.1 Bipartition scheme

Next, we quantify Φ described as the information generated by the system’s dynamics

beyond the contribution of its non-overlapping components. To avoid computational

intractability due to the search of minimum information partition, we set the bipartition

Π = AB, such that X = XAXB.

First, the decoder-based integrated information Φ∗ defined in Eq. (2.23) can be written

as

Φ∗(XY ;AB) = I(XY )− I∗(XY ;AB) (2.46)

I∗(XY ;AB) = max
β

Ĩ(XY ; β)

where Ĩ is the mismatched defined as

Ĩ(XY ; β,AB) = −
∑
x

p(x) log
∑
y

p(y)[p(xA|yA)p(xB|yB)]β (2.47)

+
∑
x,y

p(xy) log[p(xA|yA)p(xB|yB)]β

where q(x|y) = p(xA|yA)p(xB|yB) represents the mismatched decoding probability

distribution assuming a split into two independent sets and β is obtained through a

gradient descent algorithm.

Meanwhile, the whole-minus-sum integrated information (net synergy) defined in Eq.

(2.22) reads as follows

ΦWMS(X, Y ;AB) = I(XY )− [I(XAYA) + I(XBYB)] (2.48)

Finally, the stochastic interaction, Eqs. (2.34) and (2.37), is written as

Φ̃(X, Y ;AB) = [H(YA|XA) + H(YB|XB)]− H(Y |X) (2.49)

= ΦWMS + I(XAXB) (2.50)

where IAB = I(XAXB) can be computed using Eq. (2.51) and describes the total
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correlation between halves of the system.

IAB = H(XA) + H(XB)− H(XAXB) (2.51)

This metric determines the information transfer between the subsets defined by A and

B.

2.1.4.2 Atomic partition scheme

In Chapter 3 we empirically analyze how these metrics scale with the system size using

the atomic partition, defined by X = X1X2 . . . XN (and Y = Y1Y2 . . . YN ), where N is

the number of elements in the network. In this case we replace X and Y in Eqs. (2.22)

and (2.37) (i.e., partitions of the form Si = i for i = 1, . . . , N ).

In that way, the mismatched decoder can be written as

Ĩ(XY ; β) = −
∑
x

p(x) log
∑
y

p(y)[
N∏
i=1

p(xi|yi)]β (2.52)

+
∑
x,y

p(xy) log[
N∏
i=1

p(xi|yi)]β

where we implicitly assumed that q(x|y) =
∏N

i=1 p(xi|yi). Next, the decoder-based

integrated information can be computed by

Φ∗a(XY ) = I(XY )−max
β

Ĩ(XY ; β) (2.53)

where the superscript "a" indicates that we are using the atomic partition to estimate

this metric (this notation makes the distinction with respect to the bipartition scheme in

order to avoid confusion).

In the same way, the net synergy and stochastic interaction using this partition can be
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written as

Φa
WMS(XY ) = I(XY )−

N∑
i=1

I(XiYi) (2.54)

Φ̃a(XY ) =
N∑
i=1

H(Yi|Xi)− H(Y |X) (2.55)

= Φa
WMS(XY ) + IN(X)

where IN denotes the total correlation introduced in Eq. (2.15)

IN(X) =
N∑
i=1

H(Xi)− H(X) (2.56)

In this case, there is no need for partition optimization, and as pointed out in [18], this

scheme sets the upper bound of information generated by the whole system with respect

to the individual contribution of its elements.

2.2 Modeling gene expression

Gene regulation is in charge of the different mechanisms for protein synthesis. This

process involves a flow of information that goes from the DNA to RNA to proteins, in

which information can be understood as the sequence of amino-acid residues [40]. This

mechanism endows the cell a self-regulating ability to adjust different levels of multiple

proteins in a dynamic way for its survival and growth.

Using a simple modeling approach we can understand the production of proteins as a

process that involves mechanisms of synthesis and degradation [41, 42, 43]. In prokary-

otes, single-celled organisms, gene expression is often mediated by nutrient availability

and external stress mediated by signal transduction. In turn, these organisms are ca-

pable of adjusting efficiently the transcription activity through a complex regulatory

mechanism. This typically includes simultaneous pathways in which genes are in ’on’

and ’off’ states where synthesized proteins further regulate the activity of other genes

or even other cells.
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The very basic mechanism of protein synthesis in prokaryotes can be described by a

two-stage process: transcription and translation. First, a portion of the DNA from the

cell is used for mRNA synthesis by the mediation of RNA polymerase. The transcrip-

tion mechanism results from the formation of an open complex due to the binding of

RNA with the promoter region of the gene. In turn, for the translation, the mRNA is

used as a template for protein synthesis. Finally, the cell adjusts the protein concentra-

tion through a mechanism involving the RNAse-E degradation of mRNA and activation

mediated by ribosomes [44].

Following [45], we can depict the gene expression mechanism for modeling as follows:

DNA k1−−→ DNA + mRNA

First, the transcription of synthesized mRNA from the DNA at a rate k1. Transcription

sets the synthesis of a single strand of mRNA from the DNA due to the binding of

RNA polymerase in the promoter. This transcription process is regulated by factor

proteins, which in turn, are synthesized by other genes. The transcription factors can

activate or repress the activity of specific genes. This process is dependent on how the

binding to the DNA takes place. The activation of transcription is due to the binding

onto the promoter, which increases RNA polymerase activity and leads to the formation

of the complex RNA polymerase-promoter. Meanwhile, the repressor avoids such a

binding inducing a decrease in transcriptional activity. In this way, the rate of mRNA

transcription can be expressed as a combination of these two processes [46, 47].

Next, proteins are translated at a rate k2.

mRNA k2−−→ mRNA + Protein

This can be written as

b + p
kb−−⇀↽−−
k−b

[bp] (2.57)

where b denotes the binding transcription factor (also known as unbound ligand concen-

tration), p the promoter and bp the complex produced at rate kb. The backwards reaction

describes the dissociation at rate k−b. Moreover, the DNA concentration remains con-
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stant np = [b][p] + [p]
d[bp]

dt
= kb[b][p]− k−b[bp] (2.58)

In the steady state,

[b][p] = K[bp], K ≡ k−b
kb

(2.59)

Here we have assumed that the equilibrium of the binding RNA polymerase–promoter

is reached quickly, so we diminish time variations associated with the free RNA poly-

merase. In addition, we consider that ribosomes bind fast when compared to their

timescale onto their binding sites as transcription takes place. The coefficient K is the

apparent dissociation constant. The probability that the site p is free can be expressed

as [p]
[np]

. Next, if we assume that n denotes the number of ligand molecules b that simul-

taneously bind p, due to the law of mass action the Hill equation is given by,

[bp]

[np]
=

[b]n

Kn + [b]n
(2.60)

This equation represents the fraction of ligand-binding sites on the promoter which are

occupied by the protein-ligand (also known as cooperativity) [47]. Similarly, 1 − [bp]
[np]

describes the inhibition effect of blocking the binding site by a transcription factor.

The same transcription factor can regulate the expression of different genes, from which

we can set a transcriptional regulatory network. Furthermore, the degradative processes

of mRNA and protein can be described as

mRNA k3−−→ φ

Protein k4−−→ φ

The equations that describe the activation and inhibition by gene a are written as follows

d[a]

dt
= α

[b]n

Kn
a + [b]n

− k3[a] + a0 (2.61)

d[a]

dt
= α

Kn
a

Kn
a + [b]n

− k3[a] + a0 (2.62)

where a0 denotes the basal activity; α denotes maximal transcription rate; Ka is the lig-
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and concentration producing half occupation; k3 is the degradation constant for mRNA.

The dynamic mechanism from mRNA to translation of factor protein c can be described

by
d[c]

dt
= β[a]− k4[c] (2.63)

where β represents the translation rate constant and k4 is the degradative protein rate.

This latter set of equations can be coupled by introducing multiple transcription factors

(produced by other genes and sometimes through self-regulation) forming an interacting

network. At the cellular level, these different interactions can build a genetic regulatory

mechanism that can express diverse phenotypic responses. Typically, the expected be-

havior includes bistability produced by transcriptional/translational positive-feedback

loops (e.g. cell-fate decision making and differentiation) and oscillatory dynamics for

negative-feedback loops (e.g. circadian cycle, cell cycle, and morphogenesis). This sort

of behavior is very common in cellular systems. Indeed, once these signaling pathways

include intercellular communication we observe multistability and regime transitions

due to unstable states which can be associated with collective regimes found in nature

[3, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57]. These latter will be under the scope of this

work.

2.2.1 Determining the binary states from oscillatory dynamics

Oscillations are ubiquitous in nature. They are found in living systems at all scales.

For example in time-keeping mechanisms of biological process such as the regulation

of decision-making in bacteria, circadian phases in cellular systems [50, 58, 44, 59],

and neuronal cell differentiation such as lateral inhibition with Delta-Notch signaling

[51]. Collective oscillations as those found in intercellular systems can also lead to

the emergence of collective modes, multistability, and chaotic behavior. This typically

happens through different signaling mechanisms in which cells can send information

of their phases to their surroundings. This gives rise to spatio-temporal phase patterns

enabling forms of multicellular organization.

From a modeling perspective, we relate the active state of the oscillation during gene ex-
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pression as the state with maximal levels of expression, while the inactive one as a state

with minimal levels of expression. It turns out (see chapter 3) we can use this approach

to detect collective patterns through the analysis of information-theoretic measures.

In such a framework, each cell in the network defines an information channel s(t),

which tracks a particular feature in the system. As said, one possible approach is by

reducing the state to an active-inactive description, in which we use a threshold to which

we compare the amplitude of oscillation. A general approach to define phases for any

non-coherent attractor is through the analytical signal [60, 61, 62] using the Hilbert

transform. This is particularly convenient to characterize chaotic oscillations from time

series since by getting the analytical signal we can compute the phase of oscillation to

determine phase-locking states while the amplitude remains chaotic.

In this way we can define an instantaneous amplitude and phase of a signal s(t) as

follows

LH [s] = s(t) + iy(t) = AH(t)eiθ(t) (2.64)

where

y(t) =
1

π

ˆ
s(τ)

t− τ dτ (2.65)

is the Hilbert transform calculated from the Cauchy principal value. Thus, the instanta-

neous phase is obtained through

θ(t) = arctan

[
y(t)

s(t)

]
(2.66)

and we further define the informational state as

X(t) =

 1 , s(t) ≥ 〈AH(t)〉
0 , otherwise

(2.67)

where 〈AH(t)〉 denotes the arithmetic mean of the amplitude of the Hilbert transform

over the time of observation.

Following this approach the informational state is frequency-dependent and we are per-

forming a temporal encoding of the activity of individual channels.
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In infinite unstable periodic orbits observed in chaos, any trajectory in the basin will

settle in invariant sets. In such a case the chaotic trajectories are ergodic [63]. In turn,

we can use the measured time series to obtain the properties of the attractor.

2.3 Modeling neuron dynamics

Neurons are electrically excitable. They react to stimuli through a transient depolariza-

tion of the membrane as a consequence of ions exchange through gating of different

channels [64]. In resting conditions, the potential across the cell membrane is negative

due to an ionic balance with the extracellular space. In such a situation the voltage-

gated ion channels are closed and the membrane holds a rest potential (V = −65mV)

[65]. The information transfer by the action potential is then characterized by the dy-

namics of the specific gated ion channels that can exhibit several excitable patterns. The

inward flux of Na+ ions increases the membrane potential leading to a sudden depolar-

ized state; meanwhile outward K+ currents or inward currents of negative ions such as

Cl− hyper-polarize the cell membrane. An action potential is further converted into a

chemical signal through a focal rise in the cytosolic Ca2+ concentration through acti-

vation of voltage-gated Ca2+ channels allocated nearby the synaptic vesicles. In turn,

incremental Ca2+ concentration triggers exocytosis of the neurotransmitter.

The neurotransmitters bind to specific ligand-gated ion channels in the postsynaptic

neuron, inducing a change in the ionic permeability. The action can be characterized

by binding in excitatory receptors, in which the cell membrane is depolarized using the

opening of channels that allow inward flux of Na+ and K+ ions. Meanwhile, inhibitory

receptors lead to the opening of K+ or Cl− channels inducing hyperpolarization.

This stereotyped mechanism of depolarization is commonly represented by spike pat-

terns [65], in which the shape of the action potential is disregarded as it is believed

that the amplitude of the signal carries minimal information. Instead, spike-timing is

considered to underpin the encoding and transmission mechanisms in the brain.

From a modeling perspective, in a single neuron the current through an ion channel is

represented by gi(V − Ei), where gi denotes the conductance of the i−channel, Ei the
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reversal potential of the ion in question, such as Na+ and K+ and V is the neuron action

potential. Hodgkin and Huxley studied such action potential for the squid axon by

representing the total ionic current as the sum of separate Na+ and K+ and leak current

[66] (further detailed in Chapter 4, Sec. 4.2.2). The model was able to reproduce and

explain phenomenological observations, and has served to develop biophysical spiking

models so far. However, this approach is computationally intractable for a large-scale

system. Thus further models are introduced to account for the activation/inactivation

of these channels while improving computational efficiency [65, 67]. Either way, the

neural model is expected to represent the repertoire of available firing patterns as these

encode different stimuli. Another biologically plausible model is the one proposed by

Izhikevich (see Chapter 5 for further reference ) which reproduces features of various

classes of neuronal patterns including regular spiking, bursting and chattering in cortical

and hippocampal excitatory neurons; for inhibitory neurons it can reproduce fast and

low-threshold spiking [68].

In general, to account for the dynamics of the ionic currents due to synaptic interaction

with other neurons a simple and plausible representation is through conductance-based

synapse modeling

Isyni
=
∑
j,s

gij(t− ts)(vi − Eij,0) (2.68)

where gi,j(t) denotes the time-varying conductance and Eij,0 the reversal potential of

the synapse from j to i and ts is the spiking time of the presynaptic neuron.

Overall, the action potential in a neuron can be described by the following expression

Cm
dVi
dt

= Ichannel,i + Isyn,i + I0,i (2.69)

where Cm denotes the membrane capacitance, Ichannel,i describes ionic currents due

voltage-gated channels, Isyn,i accounts for the induced currents by other neurons and

I0,i accounts for external currents.
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2.3.1 Neural coding and spiking patterns

The resulting behavior will be represented by the action potential, which is described

by spike times, indicating the instants in which the cell membrane reaches a firing

threshold due to depolarization. Next, while the underlying biophysical mechanism of

the action potential is well understood, there is not a clear understanding of how neurons

extract meaningful information from this one and transfer it among other neurons. That

is, how the neurons represent external stimuli and how this information is transferred

among the neural population, spatially and temporally, resulting in varied firing patterns

[64, 68, 69].

This leads us to the notion of neural representation, in which neurons encode stimuli

by representing information as electrical activity. This may happen at the level of cells

or population. Later this coded information can be stored for immediate use or long-

term through memory consolidation, retrieval and can be recalled for further processes

[65, 69]. In this way, neural patterns are an abstraction of the outside world. Likewise,

decoding neural behavior determines how much information of the stimuli in question

is represented by the neural activity or read out by the postsynaptic targets.

On this basis, firing patterns can also be represented by different coding schemes. On

one end the firing rate coding describes the information by the average number of spikes

per unit time. Meanwhile, temporal coding relies on the precise timing of spikes, which

may support unambiguous representations of complex stimuli. In the temporal-based

perspective, the states are described by spike times, produced by instantaneous changes

in the neuron dynamics. The temporal structure of both coding methods is determined

by the dynamics of the stimulus and the neural encoding process [32, 33, 34, 70]. To

characterize whether spike patterns are especially informative in the neural code, we

follow the views proposed in [34]. That is, patterns of spikes are representative of

an input stimulus if these reflect the stimulus variations. Moreover, these patterns are

unambiguous representations of the population if the correlation between stimuli and

patterns is irreducible to its single components.
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2.3.1.1 Binarizing action potential

Finally, we represent the system’s state by the action potential Vi, for each neuron i =

1, . . . , N . This is converted into a into a spike train by binarizing Vi using Vθ as a

threshold such that if Vi > Vθ then the neuron has fired otherwise is in silent state.

xi(t) =

 1 , Vi(t) > Vθ

0 , otherwise
(2.70)

for each t ∈ {ti = 0, t1, . . . , tf = T}, where T is the simulation time. We can fur-

ther bin this spike train to adopt a particular resolution by choosing a time window

∆ (bin size). Each spike train is sampled for each interval [k∆, (k + 1)∆], where

k ∈ {1, 2, . . . T/∆− 1} such that if a spike falls in the interval we equate this state to 1

otherwise it is equal to 0 [71]. For convenience we represent this as a binary time series

X(t) = (X1(t), . . . , XN(t)).

As it will be shown later, our characterization of information-processing in neural net-

works will be based on assuming that information is carried by each neural symbol. For

individual neurons, this is 1 or 0, while for a population code we represent the joint

activity of each neuron 1011 . . . 01. The bin size ∆ will be chosen such that it contains

at last one spike event. In this way, any sort of synergy will be a consequence of the

emergence of information (per neurons and for the whole system) per spike event.

2.4 Summary

In this chapter we discuss the main concepts that are used along this work. First, we

introduce relevant information-theoretical metrics and discuss the notions of complexity

in nonlinear systems.

We characterize a system by X = X(t), a N−dimensional time series, meanwhile

Y (t) = X(t+τ) defines the lagged process ofX(t) by τ steps. In these terms, following

available literature, we express the dynamical complexity as a measure of information

loss (using the KL divergence) between the joint probability p(X, Y ) (connected sys-
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tem) and compare it against a distribution probability q(X, Y ). This latter distribution is

defined by removing interactions between X and Y (disconnected system). That is, the

interactions across space and time may enable coherent emergent structures resulting in

an organized whole at the system level. In this context, we briefly discuss the extension

of the Shannon’s entropy to the Kolmogorov-Sinai entropy and its relationship with the

algorithmic complexity in ergodic systems.

Following the previous observations, we introduce the concept of integrated information

that we denote by Φ. This a metric that quantifies the amount of information generated

at the system level (due to causal interactions) that cannot be expressed as a sum of

independent contributions of the system defined by a partition Π. In general, Φ can

be defined by the KL divergence between the posterior probability of the past states

p(X|Y ) and its split form q(X|Y ). We provide an overview of different candidate

metrics that aim to represent Φ using different considerations. That is, the Tononi’s IIT

2.0 integrated information ΦT , whole-minus-sum integrated information (also called net

synergy) ΦWMS , decoder-based integrated information Φ∗ and stochastic interaction Φ̃.

As a starting point we derive ΦT by using the KL divergence as mentioned above, with

q(X|Y ) =
∏

Si∈Π p(xSi
|ySi

), and using the in-principle constraint that the prior distri-

butions must maximize entropy. This results in the difference of the mutual information

between the past and present states in the whole system I(X, Y ), and the sum of the

mutual information between the past and present states over all partitions Si of the sys-

tem, I(XSi
, YSi

). Nonetheless, to compute the mutual information under this condition

we need to determine the complete transition probability matrix of the system, which is

practically unfeasible.

Next, we describe the measure ΦWMS , departing from the same functional form ΦT

but we remove any assumption in the distribution of states. Instead, the distributions

are determined empirically from which we can compute the mutual information. This

metric estimates the information that can be extracted from a system composed of in-

teracting elements with respect to the information that can be obtained separately from

these ones. Thus this metric estimates the balance between synergy and redundancy.
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Next, we introduce Φ∗, as the information loss by assuming a simplified decoder with

degraded information than the one obtained from I(X, Y ). It is assumed that the system

has only partial knowledge of the actual encoding process p(Y |X) and uses a probabil-

ity distribution q(Y |X) =
∏

Si∈Π p(ySi
|xSi

) in which interactions between the parts are

ignored. We highlight the main mathematical ideas to determine the mismatched de-

coder and express the integrated information as a KL divergence between the connected

system p and a disconnected one p∗ (determined by the Sanov’s theorem).

Finally, we present Φ̃ by computing the KL divergence between the distributions p(Y |X)

and q(Y |X) =
∏

Si∈Π p(ySi
|xSi

). We also derive this metric by summing up the local

information flow (strength of a causal effect) over all of its elements in terms of mutual

information. Then we provide a comparison of this one with ΦT and ΦWMS .

In this chapter we also discuss the concept of minimum information partition. Con-

ceptually, we aim to split the system into independent subsystems in a way that the

information loss is minimized. We provide the main methods we follow to determine

the optimal partition.

We provide an overview of the biological systems under consideration. Namely, genetic

regulatory networks and neural networks. We propose a potential approach to represent

the temporal evolution of these using symbolic dynamics through a binarization scheme.

In particular, we show that the resulting states characterize features of the systems such

as active states in oscillations (associated with maximal levels of gene expression) or

spike times (using a temporal coding perspective).

Under this framework we provide the methodology to estimate the information-theoretical

measures using frequency of events related with binary states.
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Chapter 3

Integrated information as a measure of

cognitive processes in coupled genetic

repressilators

The bulk of this chapter was published in Entropy, Volume 21, Issue 4:382, 2019 [72].

3.1 Motivation and background

From complex vertebrates to simple organisms, living systems have to process informa-

tion to make decisions. Bacteria are a cornerstone example of cellular decision-making

in lower-order organisms. These entities are commonly found in fluctuating and stress-

ful environments. In this context, each cell can opt for a specific phenotypical state,

which may be different from the rest in the community (even when cells share identical

genetic material) to fulfill developmental demands. This mechanism supports evolu-

tionary stability in cellular systems due to the flexibility provided by alternative fates.

Thus, decision-making provides a mechanism in which cells become resistant to exter-

nal stress in a state-dependent manner [51, 73, 74, 75, 76].

Bacteria can receive and encode information from the environment through sensing

and filtering external signals. Likewise, cells can anticipate external stimuli through
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recalling information about their environment. In this way, bacteria can calibrate the re-

sponse dynamically through multiple genetic regulatory pathways [75, 77]. The activity

of these organisms is supported by signaling mechanisms to communicate extracellu-

larly. In this way, the dynamics of each cell get increasingly complex in the sense that

a population of cells can exhibit numerous dynamical regimes, observed through the

selection of phenotypic states [50].

One canonical example of decision systems in cells is the transition to competence and

sporulation observed in colonies of Bacillus subtilis. In the former case, some cells,

under the influence of external stress, get resources through extracellular DNA from

lysed cells for survival due to a genetic regulatory mechanism. In the latter, other cells

opt to form endospores [78].

Furthermore, these bacteria are found to differentiate up to eight different fates, includ-

ing motility, matrix production, and cannibalism by changing their growing environ-

ment [59]. In addition, it is reported that each cell coordinates through several signaling

pathways that are timed in a way that there is a regulated distribution of phenotypes

as a whole [53, 59]. Meanwhile, each cell in the colony serves as a channel of infor-

mation that processes the input signals, including cell density, intrinsic and extrinsic

cellular stress. In this manner, the immediate cellular response depends on the previous

individual and global states in the system.

A widely recognized signaling mechanism for bacterial communication is quorum sens-

ing. This latter appears through the use of hormone-like compounds known as autoin-

ducers (such as acylated homoserine lactone) that diffuses intra- and extracellularly at a

concentration proportional to the cell density [79, 80]. This process allows single bac-

teria to exchange information with other cells and induces gene expression across the

population upon reaching a threshold concentration. A well-known example includes

the induction to bioluminescence found in the bacterium Vibrio fischeri at high cell

density. Furthermore, quorum sensing is observed to regulate competence, sporulation,

bacterial pathogenicity and virulence [81]. Meanwhile, other forms of communication

are possible such as ion-based, and more recently found, long-range electrical signal-
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ing [82]. Interestingly, these hallmarks of features have motivated the use of genetic

regulatory networks for developing reservoir computing, a framework for computation.

Indeed, it was shown that transcriptional networks of distinct evolutionary organisms

including Bacillus subtilis, Escherichia coli and Saccharomyces cerevisiae can perform

working memory tasks due to their recurrent connectivity [83, 84].

Several of the functions described above include signal transduction, stimulus recogni-

tion, memory, adaptation, and learning. Interestingly, these features are also observed in

neural communication in the brain and form a building block to develop consciousness

and intelligence [73, 85]. Concerning bacteria, seen as a single-celled organism, this

one is responsive to its own demands (external and internal) by acting through mecha-

nisms derived from the integration of multiple genetic regulatory pathways. This sort

of processing supports its functionality for survival and growth.

At the same time, in line with the discussion from above, these processing features are

also shown at the multicellular level [75, 86, 87]. Bacterial multicellularity, which is

found more broadly in filamentous bacteria, aggregates, and multicellular magnetotactic

prokaryotes, exhibits features such as cell differentiation, patterning via intercellular

signaling [88]. This is derived from the organization and arrangement of cells into

higher-order structures and patterns.

It is natural to ask to which extent a group of cells acts as a whole to form an evo-

lutionary unit, and how this has functional consequences in the cognitive processing

of the system as a whole. To assess this matter we determine the extent to which

the components of a cellular system show integration and segregation from a dynamic

point of view. This picture can be represented by the amount of information that the

whole system has when it is compared to the total contribution of its parts. It is ob-

served that such simultaneous integration and segregation can be linked to emergent

features associated with highly complex structures found in higher-order organisms

[30, 57, 89, 90, 91, 92, 93].

Meanwhile, Integrated Information Theory (IIT) provides an information-theoretic frame-

work to describe the emergence of information generated by a system as a whole due
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to spatio-temporal interactions between its constituents [2, 21, 22, 23]. This measure

(integrated information) has been suggested as a potential correlate of the conscious

experience [29, 30]. Some formulations of this metric have the potential to quantify the

network’s dynamical complexity related to self-organized states [1, 10, 31].

This framework seems plausible in line with the current discussion about bacteria, and

although this approach has been motivated to understand neural processing, it is plau-

sible to ask whether this complexity is observed at more basic living systems. In this

chapter we estimate the generation of information by interacting genetic networks in or-

der to detect complex features. To the best of our knowledge, this is the first work that

characterizes the behaviour of synthetic networks with information-theoretical mea-

sures in order to assess the higher-order interactions at the system level.

According to our knowledge, current research uses the information-theoretic approach

for inference of transcriptional regulatory networks through mutual information, and

entropy calculation [94, 95, 96]. These measures are also applied for determining chan-

nel capacity, signal transmission, and sensitivity analysis between input and outputs in

gene regulatory networks. Also, identification of optimal pathway structures, signal

separation in overlapping pathways, measurements of information transfer, and signal

transduction in signaling systems [97, 98]. Lastly, identification of protein-protein in-

teraction networks, and metabolic pathways using reverse engineering [99, 100].

Thus, inspired by this idea, we study cellular communication using existing synthetic

genetic networks with coupling through quorum sensing. In particular, we employ the

repressilator circuit [101], a prototypical system that oscillates in isolation (although

similar structures working as genetic timers are found in nature [59, 102]). It is reported

that the artificial coupled module allows phase synchronization due to the reinforcement

of oscillations induced by autoinducers [52, 80]. However, it is also possible to rewire

the quorum-sensing module within the repressilator to achieve phase-repulsive behavior

[3] leading to multistable states and multirhythmicity. Namely, through the tuning of

cell density, it is predicted the formation of different regimes, including inhomogeneous

stable states, transient cluster formation, and chaos [3, 103, 104, 105]. These solutions
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resemble the mechanism of dynamic decision-making, and cell differentiation [50].

In this chapter, we use the information-theoretical approach proposed by the IIT to un-

derstand cell-to-cell communication mechanisms. Here we analyze different dynamical

regimes commonly found in genetic regulatory networks, such as phase synchroniza-

tion and transient clustering. For this, we use a system of coupled repressilators through

quorum sensing, using two schemes: phase-attractive and phase-repulsive coupling. As

said, here we investigate the effect of coupling in the organization of oscillatory pat-

terns. The perspective we explore is from the population level, and we investigate in

which conditions the integration of information is more efficient. i.e., to which extent a

colony acts as a whole, rather than just the sum of individual contributions.

Different measures of integrated information Φ have been formulated [1, 2, 10, 23].

We empirically examine three measures: (1) decoder-based integrated information, (2)

stochastic interaction, and (3) net synergy. These are common measures that by con-

struction determine the amount of information that a system has about its own causal

structure. Then we compare these with the degree of synchronization and overall spa-

tial correlation within the system. The comparison between these measures provides

a benchmark for their applicability for further analysis in biological complex systems,

given that each one has its description in terms of spatio-temporal correlations, as de-

scribed in the previous chapter, are not obvious a priori. Here we illustrate it through

varying the cell densities and signaling architectures, analyzing different dynamical

regimes.

3.2 Mathematical formulation

3.2.1 Coupled repressilators

In its original implementation, the repressilator consists of three genes that interact

through a negative feedback loop: gene tetR (from Tn10) produces TetR protein and

inhibits the activity of gene cI (from λ phage), which produces protein CI. In turn,

protein CI inhibits the production of LacI transcripted by gene lacI (from E. coli) [101].
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In realistic conditions, cells are influenced by external signals from the neighboring

elements. Therefore, it is of interest to understand the effect of coupling in a population

of cells. A common approach to model cellular signaling is through quorum sensing

[52]. This latter can be engineered synthetically through an additional loop using two

additional proteins LuxR and LuxI produced by the bacterium vibrio fischeri.

The protein LuxI produces a hormone known as autoinducer (AI) that is further regu-

lated by the repressilator circuit. In this way, AI encodes information of each repres-

silator, since its dynamics is dependent on the intrinsic protein concentrations in the

loop. Then, AI is diffused to the extracellular space to couple neighboring cells. This

signaling mechanism consists of the formation LuxR-AI, a complex that activates the

transcription of a second copy of the repressilator lacI (and inhibits the expression of

tetR in the circuit). The resulting dynamics will depend on the gene in the repressilator

that interacts with LuxI. As a consequence, different rewiring approaches will lead to

multistable dynamics that would not be observed in a single cell.

Ks1

AI

B

A

C

η

κ Ks1
AI

B

A

C

ηκ

Figure 3.1: Repressilator circuit A-B-C coupled via quorum sensing. (a) Left: phase-attractive cou-
pling. (b) Right: phase-repulsive coupling. The concentration of autoinducer AI is generated at a rhythm
proportional to A (phase attractive oscillations) or B (phase repulsive oscillations) by the repressilator.
Further reference to parameters found in Eqs. (3.1)- (3.4).

In this chapter, we investigate two modular coupling schemes, one that leads to phase

synchronization [52], and the other with an inhibitory phase-repulsive intercellular cou-

pling [3] [Fig. 3.1].

47



CHAPTER 3. INTEGRATED INFORMATION AS A MEASURE OF
COGNITIVE PROCESSES IN COUPLED GENETIC REPRESSILATORS

The model considered here consists of a multicellular system of repressilators [101]

coupled by quorum sensing. The mRNA dynamics is described by an activation func-

tion following the Hill-type kinetics with a constant binding coefficient n and degrada-

tion normalised for all genes.

dai
dt

= −ai +
α

1 + Cn
i

dbi
dt

= −bi +
α

1 + Ani
(3.1)

dci
dt

= −ci +
α

1 +Bn
i

+
κSi

1 + Si

where the subindex i (i = 1, . . . , N ) denotes a repressilator in an ensemble of N cells.

The mRNA concentrations are described by ai, bi and ci, being linked to the activity

of genes tetR, cI and lacI, respectively. Observe that the mRNA has been rescaled to

have time units in terms of the mRNA lifetimes, all of them assumed equal for all cells.

Furthermore, mRNA and protein concentrations have been scaled by their Michaelis

constant.

The dimensionless parameter α denotes the transcription rate with the absence of inhi-

bition. The concentration of intracellular AI is described by Si. The maximum contri-

bution to lacI by the effect of AI concentration is expressed by κ.

The protein concentration in cell i is expressed by the set of equations

dAi
dt

= βa(ai − Ai)
dBi

dt
= βb(bi −Bi) (3.2)

dCi
dt

= βc(ci − Ci)

where the parameters βa,b,c are positive constants that describe the ratio between mRNA

and protein lifetimes for genes tetR, cI and lacI, respectively. In this way, the mRNA

concentrations in Eq. (3.1) are rescaled by the ratio of the protein degradation and its

transcription rate. If we set κ = 0, the model characterizes an isolated repressilator due

to the absence of intercellular coupling. It is shown that by using α = 216 and n = 2.6
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in Eqs. (3.1) - (3.2) the system can sustain oscillations, with values are in agreement

with experimental measures.

3.2.1.1 Phase-attractive intercellular coupling

Assuming cell-to-cell coupling, the resulting behavior will be determined by the signal-

ing pathway. For attractive coupling, we consider a quorum sensing module that con-

sists of a protein LuxI that produces an autoinducer molecule (AI) that can diffuse freely

through the cell membrane. When a second protein (LuxR) binds to this molecule, the

resulting complex activates transcription of various genes, including some coding for

light-producing enzymes.

Here we assume that the autoinducer produced by LuxI is generated at a rhythm pro-

portional to protein A (TetR). Additionally, the resulting complex LuxR-AI activates

the response of lacI. In this case, there will be an enhancement of the concentration of

LacI in neighboring cells as we increase the production of AI. As a consequence, the

phase of oscillation will synchronize for large coupling.

The dynamics of the intracellular AI Si, as initially introduced in [52], can be expressed

by the following equation

dSi
dt

= −ks0Si + ks1Ai − η(Si − Se) (3.3)

here the equation takes into account a first order degradation by constant rate ks0, pro-

duction rate ks1 led by the concentration of Ai and a diffusion term which describes the

cell-to-cell communication. The diffusion coefficient η encodes the membrane perme-

ability to the autoinducer and cell dimensions. The amount Se denotes the extracellular

concentration of AI that produces a gradient of concentration with the repressilator in

question and the environment. The positive parameters ks0, ks1 and η have been rescaled

by the timescale, so they are dimensionless.

If we assume an uniform concentration in the cell culture, and we neglect variations of

the cell density we can write the extracellular concentration as Se = QS̄ (mean field

approximation), where S̄ =
∑N

j=1 Sj/N is the averaged AI concentration from all the
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cells in the system. This means that Q is a positive parameter that represents the cell

density as defined in [52], Q = δN/Vext/kse + δN/Vext. i.e., the coupling relates the

number of cellsN , extracellular volume Vext, degradation rate of AI kse, and the product

of the membrane permeability and the surface area δ.

For the simulations shown in this work, we consider variability in the cell population

through the lifetime ratios βa,b,c by assuming they are taken from a random Gaussian

distribution of mean β = 1 and variance ∆β2. These values are truncated by a lower

bound in zero. The selection of this parameter to induce variability is motivated by

the fact that the lifetime ratio has the most noticeable effect on the distribution of fre-

quencies. Thus, following this approach will induce a distribution of phase oscillations.

Chosen parameters shown in Fig. 3.2 are motivated by experimental attempts and pre-

vious simulations [52]. As it has been reported, increasing cell density leads to mutual

synchrony (which is regulated by the coupling parameterQ) [Fig. 3.2]. In fact, synchro-

nized behaviour is encountered in collective cellular oscillations in nature [55, 80, 102].

Figure 3.2: Time series of protein levels Bi for increasing Q. (a–c) phase-attractive coupling with
N = 100, κ = 20 and βa,b,c ∼ N(1, 0.005). Other parameters are α = 216, n = 2.6, η = 2.0, ks0 = 1
and ks1 = 0.01. (a–c) show the transition to phase synchronization by increasing Q.

3.2.1.2 Phase-repulsive intercellular coupling

A different response is obtained if the production of intracellular AI is generated at

a rhythm proportional to protein B (CI). This scheme induces negative feedback that

competes with the repressilator. As a consequence, we find repressive coupling leading

to various dynamical attractors [3, 103, 104].

dSi
dt

= −ks0Si + ks1Bi − η(Si − Se) (3.4)

50



CHAPTER 3. INTEGRATED INFORMATION AS A MEASURE OF
COGNITIVE PROCESSES IN COUPLED GENETIC REPRESSILATORS

Following [103] if we set the lifetime ratios βa = 0.85 and βb,c = 0.1 we increase

the nonlinearity in the system by inducing two timescales. These parameters are ex-

perimentally attainable (expected dynamics shown in Fig. 3.3): Lifetimes: 5 min

(mRNA’s), 5.9 min (TetR protein), 50 min (CI and LacI protein), 5 min (autoinducer);

translation rates: 0.1 s−1, unrepressed transcription rate 0.4 s−1 (tetT), 0.047 s−1 (cI

and lacI); Michaelis constant: 20 nM. Furthermore, in both attractive and repulsive

coupling, the cell density is tracked by Q, which can be controlled experimentally via

chemostat between 0 and 1 in experiment. The positive parameters ks0, ks1 and η were

discussed in the previous section.

Figure 3.3: Time series of protein levels Bi for increasing Q and different basins of attraction. Phase-
repulsive coupling with N = 18, κ = 25, βa = 0.85, βb,c = 0.1. (a) Q = 0 uncoupled repressilators, (b)
Q = 0.11 anti-phase oscillations, (c) Q = 0.16 inhomogenous limit cycle, (d) Q = 0.23 inhomogenous
steady state, (e) Q = 0.4 stable node. Some initial conditions can lead to oscillations of clusters of cells.
In particular, in this study, we focus on clusters of unstable anti-phase oscillations between the torus bi-
furcations TR2 and TR1: (f)Q = 0.5 clustering (anti-phase oscillations), (g)Q = 0.595 clustering (torus
oscillations), (h) Q = 0.7 weakly chaotic oscillations, (i) Q = 0.85 strong chaos (cluster formations
have increasingly short-lived times as the degree of chaos grows), (j)-(l) Q = 1.0, 1.07, 1.16, clustering
of irregular oscillations. Regularity of oscillations and cluster formation increase as strength of chaos
decreases. Other parameters are α = 216, n = 2.6, η = 2.0, ks0 = 1 and ks1 = 0.01.

In the uncoupled case, we get the self-oscillations of the typical repressilator [Fig. 3.3
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(a)]. As we are neglecting communication through Q = 0 the phases remain scattered.

However, multistable solutions are observed as we increase the phase-repulsive cou-

pling (therefore, the solutions depend on the population density and initial conditions).

A detailed bifurcation analysis [3, 103, 104] reveals that this rewiring approach displays

diverse dynamical regimes: self-sustained oscillations [Fig. 3.3(b)]; homogeneous and

inhomogeneous stable steady states, identified as steady protein levels [Fig. 3.3(d)-

(e)]; inhomogeneous limit cycles identified as groups of cells oscillating with small

amplitude around steady protein levels at high concentration, while some others exhibit

phase-shifted oscillations in lower concentrations [Fig. 3.3(c)]; clustering of regular os-

cillations [Fig. 3.3(f)]. In contrast with the phase-attractive case (where increasing cell

density leads to full phase synchronization), here we find that subsets of the population

self-organize into groups with the same phase. These clusters, at the same time, hold

repulsive coupling between inter-clusters, leading to anti-phase distributions. The effect

of coexistence between rhythms of oscillations is a key feature of cell-to-cell communi-

cation, in which intra-cluster cells may perform resource-splitting, while at inter-cluster

cells resolve nutrient limitation by time-sharing [56]. We also observe quasi-periodic

oscillations (torus), characterized by fluctuating amplitude and period [Fig. 3.3(g)].

This irregularity increases with the cell density, leading to a temporary formation of

synchronized oscillations grouped in clusters of cells. Later, their phases are scattered

over the population to form new groups [Fig. 3.3(h)]. It is observed that the strength of

chaos influences the grouping ability: higher chaos leads to shorter-lived cluster con-

figurations, [Fig. 3.3 (i)]. Here, we portray chaos as a source of variability that drives

the oscillations out of synchrony. This sort of dynamics is similar to the one observed

in stochastic Turing-type systems [49].

In this work, we investigate the regime associated with the transition from regular

clusters to irregular self-oscillations (varying amplitude and period, associated with

chaotic dynamics). As shown, this regime allows the formation of temporal clusters

that switch irregularly throughout time. In fact, proteins display spatio-temporal pat-

terns, including clusters, due to the cyclic formation of oscillations during the cell cycle

[50, 54, 55, 106, 107]. In practical situations, this kind of coordinated behavior is ob-
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served in numerous examples: genetic timers, in which the concentration is linked with

decision-making modules in bacteria, such as the repressilator-like dynamics found

in the module Spo0A-AbrB-Spo0E during the switch to competence and sporulation

[108]. Also, it has been reported bacterial communities undergoing oscillations switch-

ing in-phase to anti-phase to regulate the consumption of limited resources in an ordered

manner [56].

3.3 Determining the informational state

In this section, we will define how to encode the information in a state-dependent man-

ner to analyze the information processing of our multicellular system.

We follow the methods described in Sec. 2.2.1 to binarize the protein concentrations,

Eqs. (2.64)– (2.67). In particular, this work will track the protein dynamics led by the

expression of gene cI, i.e., s(t) = (B1(t), . . . , BN(t)), where N is the number of cells.

This is done for simplicity, as we expect the same oscillatory behaviour will be shown

for all genes; and because our analysis can be compared with previous results shown in

[103]. Thus, we binarize the protein levels Bi, for each i = 1, . . . , N and time step (up

to step T , a pre-defined simulation time) after integration of Eqs. (3.1)–(3.4). The state

the system will be described by a binary array x = X(t) of size N for each time step.

In this way,

X(t) = LB[B(t)] (3.5)

where LB is an operator that binarizes B(t) following Eq. (2.67) by means of Eqs.

(2.64)–(2.66). That is, each Bi(t) for i = 1, . . . , N is transformed either to 1 or 0

by comparing its value with the mean amplitude of its analytical signal computed by its

Hilbert transform. This method preserves the amplitude of the spectral components, and

it allows us to determine the instantaneous phase to determine phase synchronization

between the coupled oscillators.

By following this approach, the oscillatory clusters will be observed as coincident active

states at a specific time [Fig. 3.4]. To give an insight, we show a population of N = 30

cells connected by phase-repulsive coupling using the parameters that lead to the onset
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of irregular oscillations. The black blocks represent an activate state of protein Bi (i.e.,

the gene cI is activated and CI is transcribed within the repressilator circuit) following

the description of the next section.

Figure 3.4: Binarized time series of the protein levels Bi for N = 30 cells. (a) Q = 0.57 stable
clustering: self-formation of synchronized groups of oscillators; (b) Q = 0.85 formation of temporal
(short-lived) clusters influenced by strong chaos (c) Q = 1.0 self-formation of synchronized chaotic
oscillators. Other parameters are as in Fig. 3.3 (phase-repulsive).

As seen, for Q = 0.57, there is the formation of stable groups that synchronize perma-

nently. The distribution of clusters is dependent on the initial conditions, and multiple

configurations are possible, ranging from equal distributions to asymmetric ones. The

increase of the coupling parameter leads to the formation of irregular patterns, defined

by transient cluster configurations that have a lifetime (tuned by the parameter Q). At

Q = 0.85, cluster formation is short-lived, and grouping formation has irregular dy-

namics; for Q = 1.0, the irregular oscillations form different groups, thus enhancing

the clustering lifetime. This situation is contrary to the regular oscillations where such

a fluctuation is absent. These clusters can be understood as dissipative temporal struc-

tures and resemble pattern formation under a fluctuating environment that influences

the structures of a cellular population [49].
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Likewise, a similar framework is provided for the case of repressilators with phase-

attractive coupling [Fig. 3.6] in which increasing coupling leads to a transition to full

phase synchronization. Initially, the phase of oscillations is scattered, while for larger

cell density (described by the coupling parameter Q), the system oscillates exhibits

mutual synchrony.

3.3.1 Estimating information-theoretic measures

In line with the description of the previous section, Xt represents a multidimensional

binary time-series.

An observation x = x1x2 . . . xN of X = Xt corresponds to a bit array of size N . We

also define the τ -lagged signal Y = Xt+τ . In the same manner, an observation y of

Y = Yt denotes a bit array which is x delayed by τ .

To empirically compute the information-theoretic measures we assign probability of

occurrence to the states xi, yi, and xiyi where i ∈ {A,B} for a bipartition scheme

or i = {1, . . . , N} for an atomic partition following Eq. (2.45). Likewise, X and Y

have assigned a probability defined by Eq. (2.44). Next, the measures of entropy and

time-delayed mutual information (TDMI) for the system and corresponding partitions

are determined using (2.39)-(2.43).

Thus we can estimate the measures of integrated information for the bipartition scheme

using Eqs. (2.46)–(2.50). That is, to determine the decoder-based integrated informa-

tion Φ∗, net synergy ΦWMS and stochastic interaction Φ̃. Likewise, the total correlation

IAB between halves is determined by (2.51).

Additionally, to compute the same metrics using the atomic partition we use the Eqs.

(2.52)–(2.56). Note that we will use a superscript "a" for the measures Φ∗, ΦWMS and

Φ̃ to indicate that we use an atomic partition. The total correlation using this partition

is denoted by IN . This will make a distinction to denote our estimations when we use

any of both partition schemes. The atomic partition will be used mainly to compare

the effects on the system size in cases where using a bipartition is computationally

unfeasible.
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Finally, the measures Φ∗, ΦWMS and Φ̃ were computed using the MATLAB package

’Practical PHI toolbox’ and we use the Queyranne’s algorithm [10, 19, 20, 31] for the

minimum information bipartition (MIB) search using the information loss (2.11).

3.3.2 Determination of synchronization

As described before, the coupled repressilator exhibits multiple oscillatory arrange-

ments, from which we highlight clustering. A plausible order parameter is introduced

in [61, 109, 110]

Rk(t) =
∣∣∣ 1

N

N∑
j=1

eikθj(t)
∣∣∣, k ∈ N (3.6)

where the instantaneous phase θ(t) is computed from (2.66).

Finally, we can compute the order parameter Rk as follows

Rk = 〈Rk(t)〉 (3.7)

where Rk is the arithmetic mean over all observations Rk(t) computed at times defined

by {t0 = 0, t1 = ∆, t2 = 2∆, ..., T}, where ∆ is the time step and T a pre-defined

simulation time. This measure defines the synchronization of k− cluster oscillations.

For example, for phase-attractive coupling, we use k = 1 to measure the synchrony

of the whole system, R1. In the case of repressilators with phase-repulsive coupling,

multiple configurations take place. In this work, we will characterize k = 2 cluster

synchronization, R2, as a proof of concept.

In addition, the fluctuations in the order parameter can be computed through its variance

using all times as observations.

σ2(Rk) = vartRk(t) (3.8)
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3.4 Results

We obtain plots of the measures of integrated information using the formalism described

before. The differences of these are discussed for each one of the coupling schemes.

The results outlined for these metrics were computed using the minimum information

bipartition for simplicity. In the Sec. 3.4.3 we use the atomic partition to avoid di-

mensionality problems associated with searching for the optimal bipartition (given that

the computation becomes intractable as the system grows). Nevertheless, as it will be

shown, the spatio-temporal features described by integrated information do not change

qualitatively. This is in the spirit of understanding the emergence of complexity in cell

populations at a large scale.

To get the time series data of protein levels, we applied the fourth-order Runge-Kutta

method to solve Eqs. (3.1)–(3.4) on the networks described in the previous section. For

each one, we ran simulations using random initial conditions with a step size of 0.05

and 1.5 × 106 steps. We removed 5 × 105 time steps associated with transient effects.

Then we binarised the obtained time series associated with protein Bi(t) yielding to

X(t), following the methodology exposed in Sec. 3.3.

The state of the population of cells X(t) defines a binary array of N bits, which is

defined by the joint activity of each cell (i = 1, . . . , N ) at any instant of time t. The

probability associated with each state is obtained by its empirical frequency distribution

as described in Eqs. (2.44) and (2.45). Finally, we calculate the information-theoretical

measures in bits following the methodology described in Sec. 3.3.1.

3.4.1 Phase-attractive coupling

As proposed in the mathematical formulation, we assume that the repressilators have

some degree of variability provided by the lifetime ratios β. As this parameter defines

the period of oscillation, this is equivalent to set the system out of synchronization.

During this section we will set β ∼ N(1.0,∆β2) with ∆β2 = 0.005 unless stated.

Next, we regulate the cell density through the coupling parameter Q. As expected,
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for increasing coupling the phases synchronize as we reach a transition point. Fig.

3.5 shows the order parameter R1, using Eq. (3.7) with k = 1, computed from 103

repressilators.

Initially, in the uncoupled case, there is a negligible amount of phase synchronization.

Here, the fluctuations provided by σ2(R1), Eq. (3.8), are practically unobserved. As Q

grows, there is a gradual increase to higher R1, implying mutual synchrony (caused by

the cell density). At the same time, the fluctuations associated with the order parameter

peak just at the transition point around Q ≈ 0.68, which is similar to reported results

[52].

Figure 3.5: Left: Order parameter R1 and its variance σ2(R1) obtained from 103 repressilators, for
varying coupling Q. Right: TDMI I(XtXt+τ ) as a function of timescale τ and Q for N = 2 cells.
Lifetime ratios are drawn from β ∼ N(1, 0.005) . Other parameters are the chosen as in Fig. 3.2
(phase-attractive coupling).

3.4.2 Synchronization and complexity

As a first glimpse, we set N = 2 [Fig. 3.6(a)]. The total correlation IAB, Eq. (2.51),

increases for the amount of coupling, indicating that a coupled system of two repressi-

lators is spatially more integrated due to information transfer. Meanwhile, σ2(R1) sets

the range in which the transition takes place. At higher variability of lifetime ratios (in

turn between the repressilators), the threshold to the synchronized state is increased.

We characterize the temporal dependency between the states Xt and Xt+τ using the

TDMI I(XtXt+τ ) [Fig. 3.5 (b)]. For the periodic time series, the system was in phase
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each τ ≈ 15, which coincides with the maximal value of TDMI. For half of this period,

the system is completely out of phase. In addition, for increasing cell density Q, the

periods are slightly shortened.

The first minimum of TDMI occurs at τc ≈ 3, indicating the least amount of redundancy

between Xt and Xt+τ (when both states are out-of-phase). At this time scale, the net

synergy ΦWMS peaks at the cut-off value of synchronization, as observed in Fig. 3.6(b).

This latter implies that the synergistic contributions outperform just at criticality. As

the system becomes more integrated the redundant contributions increase due to higher

spatial similarity, in terms of information, as observed from IAB. In turn, ΦWMS drops

indicating a decrease in synergy (balanced by an increase of redundancy).

Figure 3.6: Left: (a) Total correlation IAB and (b) net synergy ΦWMS between N = 2 repressillators
for increasing coupling Q. Lifetime ratio is chosen from a distribution β ∼ N(1,∆β2) to add variability
and determine the effect of Q. Parameter τ is set to 3 time units. Right: initially a group of N = 30
oscillators with ∆β2 = 0.05 is out of synchronization at Q = 0.57 and shifts to full phase synchroniza-
tion for increasing Q after the transition point at 0.72. Other parameters are the chosen as in Fig. 3.2
(phase-attractive coupling).

The results shown in Fig. 3.7 depict the interplay between the strength of coupling Q

and the proposed measures of integrated information for N = 4. From Fig. 3.7 (a)
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all metrics show a sudden change between two limiting values. The stochastic inter-

action Φ̃ and total correlation IAB switch to a higher amount of information while the

net synergy ΦWMS becomes negative and Φ∗ vanishes just right after the system fully

synchronizes.

Figure 3.7: (a) Information-theoretical measures Φ∗, ΦWMS , Φ̃ and IAB for increasing coupling Q
and timescale fixed at τc = 3 time units; (b) TDMI I(XtXt+τ ) and net synergy Φ∗ for varying τ and
Q = 0.5. All figures consider β ∼ N(1, 0.005); (c) integrated information Φ∗ for increasing Q and τ
for N = 4. Other parameters are the chosen as in Fig. 3.2 (phase-attractive coupling). Note that after
transition, the TDMI does not change its periodic behaviour while Φ∗ vanishes for all τ .

In this sense, when IAB increases as an indication of higher information transfer be-

tween halves. This is because the system becomes suddenly synchronized as the phase

transition has occurred. Then the correlation reaches a plateau associated with the full

phase-locking among the cells. From the perspective of Φ̃, if we assume that the sys-

tem is split into parts (compared with the system as a whole), this transition leads to

an increase of uncertainty of the past states. This is an effect coming from increasing

the spatial interaction given that the system is becoming more integrated, Eqs. (2.34)

and (2.50). That is, H(Xt | Xt+τ ) decreases for increasing Q because the full-system

suddenly collapses to two possible states (active and inactive, which corresponds to
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two available patterns 11 . . . 111 and 000 . . . 0000) after synchronization. However, this

does not imply any system-wide causal interaction as opposed to ΦWMS and Φ∗.

On the contrary, ΦWMS indicates that the maximal net synergy is attained at the transi-

tion point. In this way, there is a balance between integration and differentiation among

the components of the system led by the oscillatory phases. Next, when the phases are

locked, redundant contributions are higher, and ΦWMS drops below zero. This implies

that the information generated for explaining Xt+τ by knowing Xt is less informative

about the system than if we account for the interactions of its components I(XiYi),

i ∈ {A,B}.

Finally, Φ∗ behaves very similar to ΦWMS just before synchronizing but drops afterward

to zero as it does not quantify the degree of redundancy. This result implies that at the

transition regime, the amount of information generated by the whole system is more

than the sum of its parts after splitting the system under decoding mismatched. In other

words, the causal structure of the network can be described from the system’s intrinsic

perspective.

As mentioned before, one can argue that after the transition point, two states are pos-

sible, namely active-inactive. In this way, any cell chosen at random could provide

information on its community at any given time [Fig. 3.6]. Whereas, for small cou-

pling, the system is not integrated enough to provide enough complexity. At transition,

the variance of R1 is maximal indicating large fluctuations in the temporal average of

phase distributions in the system. In such a condition, the system, seen as a whole, is

more informative about its own dynamics due to the diversity of possible states (ac-

cording to σ2(R1) is the largest possible). Note as well that all the metrics are highly

susceptible to the transition point.

These observations hold for varying τ . During the transition to phase synchrony, there

is a sudden drop in complexity [Fig. 3.7(c)], while before synchronization the sys-

tem exhibits a well-defined cyclic behavior linked with the periodicity of the system.

In that regime, the measure Φ∗ mirrors TMDI in the sense that if both states are in-

phase (every 15 time units according to our simulations) , the generated information

61



CHAPTER 3. INTEGRATED INFORMATION AS A MEASURE OF
COGNITIVE PROCESSES IN COUPLED GENETIC REPRESSILATORS

by the whole system from knowing its own state is minimum [Fig. 3.6(b)]. That is

because the system becomes predictable at high values of TDMI while decreasing the

system-wide interactions. For shorter timescales, the system seen as a whole integrates

less information about its own dynamics but grows smoothly as Xt and Xt+τ reach a

minimal correlation (in this case, every 3 time units). The same timescale dependency

is observed for ΦWMS and Φ̃ [Fig. 3.8]. In summary, at the transition point, all the

information measures presented here show an abrupt change [Fig. 3.7 (a)]. This lat-

ter suggests that the full system is maximally receptive to internal and external states,

giving rise to a high-order organization.

These results obtained from a minimal system show that bacteria can have higher in-

formation capabilities, acting as a single processing unit at sub-criticality rather than

at complete synchrony. Therefore, even though full phase synchrony can occur, bac-

terial populations show higher synergy at the system level when there is some degree

of variability associated with the phase distributions. As it will be shown below, this

discussion applies even to larger sizes.

3.4.3 Scaling behavior

In realistic terms, the interaction between cells happens on a large scale. Altering the

network size implies broadening the phase distribution in uncoupled conditions.

Nevertheless, regardless of the size, the cells synchronize for large enough cell density.

Subsequently, any initial pattern of oscillation (e.g., see Fig. 3.6 ) becomes a unique

one, and all cells in the community exhibit mutual synchrony. As shown previously,

our results suggest that at the onset of synchronization the phase distribution of the re-

pressilators has the highest degree of complexity in terms of integrated information, so

the system generates more information from the dynamics than the sum of its indepen-

dent parts.

When binarizing the protein levels Bi, more information is retained as the number of

cells N is increased. Therefore the measure of Shannon’s entropy scales with the size.

It is worth asking to which extent the size adds more information for the emergence of
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integrated information (and whether there is any limiting behavior).

Figure 3.8: (a) Net synergy ΦaWMS and (b) stochastic interaction Φ̃a for varying timescales τ and
increasing system sizes N . The superscript "a" indicates the estimation was done by using an atomic
partition, Eqs. (2.54) and (2.55). (c) TDMI I(XtXt+τ ) with τc = 3 time units, and total correlation IN
for increasing sizeN . For all plots we useQ = 0.5 (before phase synchronization) and β ∼ N(1, 0.005).
Other parameters are the chosen as in Fig. 3.2 (phase-attractive coupling).

Here we will explore the net synergy Φa
WMS and stochastic interaction Φ̃a, respectively,

as measures of dynamical complexity using the atomic partition due to computational

constraints, Eqs. (2.54) and (2.55). Results in Figs. 3.8(a)–(c) suggest that the net

synergy is upper bounded by the limiting behavior of TDMI at timescales in which Xt

and Xt+τ have the minimal correlation. Meanwhile, it becomes increasingly negative

with the system size in timescales in which the correlation is maximized. In fact, an

inspection to Fig. 3.8(c) shows that the TDMI and IN intersect at N ≈ 30. Note
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that from this point the TDMI settles as N grows. Meanwhile, the total correlation IN

increases linearly.

Note that the net synergy Φa
WMS has a dependency on the timescale τ that is quali-

tatively similar for increasing system size. That is, at lags in which Xt and Xt+τ are

more correlated (according to the observations from the TDMI in the previous section),

Φa
WMS is dominated by the redundant contributions and becomes negative. On the con-

trary, when Xt and Xt+τ become more independent (through increasing the timescale

τ ) the system exhibits more synergy.

The increase of redundancy as a function of the system size follows from the contri-

bution of the summands I(Xi,tXi,t+τ ) for i = 1, . . . , N , Eq. (2.22). At the same time,

I(XtXt+τ ) remains bounded for large N . In that case, Φa
WMS will decrease to negative

values as N (thus indicating redundancy in the system). Meanwhile, for maximal syn-

ergy the total contribution ΣN
i=1I(Xi,tXi,t+τ ) reaches a minimum. It follows that Φa

WMS

will reach a plateau for increasing N .

Meanwhile, the stochastic interaction Φ̃a increases withN [Fig.3.8(b)]. This implies an

enhancement of uncertainty from past states when we split the system into individual

cells. This metric is dominated by the total correlation IN for large N .

The scaling behaviour of the decoder-based integrated information Φ∗a was not de-

termined numerically for the phase-attractive coupling but we can anticipate that the

metric will stay bounded by the TDMI, (2.55). The observations made in Fig. 3.8(c)

and the fact that I∗ < I, Eq. (2.53), indicates that Φ∗a will show the same convergent

behaviour as Φa
WMS as N grows for timescales τ in which the TDMI is minimised. For

values in which Φa
WMS is negative, the decoder-based metric is expected to vanish by

construction.

Overall, these results suggest that the amount of dynamical complexity in a community

of bacteria will reach a plateau for increasing size. The information integrated by the

community before half of its cycle period will maximize the amount of information

shared, improving the degree of the synergy of the system. Thus, the bacteria may

already exhibit a maximal degree of complexity at the sub-threshold to synchronization,
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which implies that the integration of information is higher at the system level beyond

the independent contribution of the cells.

3.5 Phase repulsive coupling

3.5.1 Clustering of irregular self-oscillations: order parameter de-

scription

It has been shown that the repressilator with repressive cell-to-cell coupling exhibits

multistability and multirhythmicity [3]. In particular, it is revealed the emergence

of unstable anti-phase oscillations between two torus bifurcation points TR2 ≈ 0.58

and TR1 ≈ 1.1, using Q as a control parameter. We perform simulations for vary-

ing coupling using direct calculations with initial conditions: ai, ci, Ai ∈ [0.0, 15.0],

bi, Si ∈ [0.0, 0.1], Bi ∈ [0.0, 50.0], Ci ∈ [0.0, 8.0].

Figure 3.9: (a) Order parameter R2, Eq.(3.6), for different coupling values Q. The branches indicate
the formation of oscillatory cluster patterns of order 2 with different degree of synchronization. (b)
Bifurcation plot for the full amplitude oscillations. We report the maximum and minimum amplitudes
observed from a cell in the population. Both figures set N = 4 and other parameters are the chosen as
in Fig. 3.3 (phase-repulsive coupling). The corresponding information-theoretical metrics are shown in
Fig. 3.10.

To reveal the clustering dynamics in the system within this regime we propose to com-

pute the order parameter R2 for N = 4 cells. From previous results, it is shown the

formation of 2:2, 2:1:1 , 1:1:1:1 with equal, unstable, and complex phase relationships
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by numerical exploration [105]. Here we show through R2, Eq. (3.7) with k = 2, the

symmetry of cluster formation for increasing Q. As we will see below, this approach

could be potentially helpful for characterizing the dynamical behaviour in chaotic sys-

tems.

Regular oscillations appear for Q < TR2. Some initial conditions display clusters

2:2 with full synchronization R2 = 1 and anti-phase oscillations with small R2. At

Q ≈ 0.58 onwards the oscillations start losing stability and display highly varying

amplitude. This is manifested in a decrease of synchronization in the 2:2 cluster. In

parallel, the symmetry shown for the anti-phase oscillations is decomposed into two

groups. At Qc ≈ 0.67 it is predicted that the torus attractor becomes unstable leading

to the onset of chaos. This coincides with the disappearance of the 2:2 cluster and the

formation of two new groups with intermediate 2-cluster synchrony. From Q & 0.75

the order parameter displays a sequence of fluctuating points around R2 ≈ 0.4. Up

to Q ≈ 0.95 the simulations confirm temporal groupings with a dynamic formation

and decomposition of groups (for example, see the discussion related with Fig. 3.4).

At Q ≈ 0.95 the chaotic behavior is interrupted, while R2 peaks indicating a periodic

window with the emergence of 2:2 cluster synchronization.

Further increase of Q & 0.95 indicates the formation of new distributions of three clus-

ters. Likewise, the bifurcation plot [Fig. 3.9] shows the emergence of three maximum

amplitudes that disappear up to 1.07, followed by the formation of two groups with

irregular amplitude. In this regime up to TR1 is predicted the formation of torus oscil-

lations [103, 105]. As Q approaches TR1 the oscillations recover their stability leading

to a full synchronized 2:2 cluster and anti-phase oscillations.

These observations are in line with the results reported in [3, 103, 104]. As we increase

the system size, it becomes unfeasible to describe the cluster distributions using an order

parameter due to the multiple arrangements. Nevertheless, the metrics of integrated

information quantify the emergence of complexity following similar arguments as those

presented in this section.
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3.5.2 Clustering of irregular self-oscillations: integrated informa-

tion description

We relate the results presented above from the perspective of integrated information.

In Fig. 3.10 we show the decoder-based integrated information Φ∗, the stochastic in-

teraction Φ̃ and the net synergy ΦWMS for varying cell density Q and timescale τ . In

addition, to quantify the variability of the measures due to the bipartition selection,

we computed the variance of IAB by sampling over different timescales τ (for further

discussion, see Sec. 3.5.4).
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Figure 3.10: Decoder-based integrated information Φ∗, stochastic interaction Φ̃ and net synergy
ΦWMS for different couplingQ and timescales τ forN = 4. The metric σ2(IAB) quantifies the variance
of the mutual information between halves A and B for each Q, where A and B denote the minimum
information bipartition (computed from the information loss, Eq. (2.11)). Note that the selection of A
and B varies with τ , then IAB fluctuates as well for a fixed Q. Other parameters are the chosen as in Fig.
3.3 (phase-repulsive coupling).
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First, from our previous example withN = 4 [Fig. 3.10] we observe that for the interval

Q < TR2, ΦWMS and Φ̃ exhibit a periodic behavior for varying τ . This is arguably re-

lated the to internal states associated with regular oscillations of cluster configurations.

The period of these two metrics is approximately 22 time units, with a first maximum

at τm ≈ 11.

From the first torus bifurcation until the onset of chaos Qc the oscillations become

irregular at the system level, X(t). Meanwhile, Φ∗ is negligible up to this point as an

indication of highly integrated states, which are evidenced from the order parameter R2

and the total correlation IAB [Fig. 3.14(d)]. Therefore, the system is not yet complex

enough to describe internal and external interactions simultaneously.

However, at Qc the system transitions to chaos, while exhibiting the emergence of Φ∗.

Likewise, at the same cut-off, ΦWMS for all the observed timescales. Meanwhile, Φ̃

drops slightly as an indication of increasing segregation of the subsystems (as observed

from the decrease of IAB in Fig. 3.8 (d)).

Up to Q ≈ 0.75, the temporal correlation between Xt and Xt+τ remains similar to

the one observed during clustering of torus oscillations [Fig. 3.11]. However, there

is a clear tendency in the internal dynamics to become irregular. This is an indication

of the loss of stability of cluster formation. As pointed out by R2, the 2:2 clusters

decrease their synchronized behavior and at the same time, there is the emergence of

new configurations.

For Q & 0.75 up to around 1.07 the all the information metrics peak at τ ≈ 62, in-

dicating a timescale of delayed system interactions. Likewise, the first minimum of

the TDMI is at τm ≈ 11, which coincides with the first maximum of the measures of

integrated information. Finally, there appears a loss of interaction between the present

and past states for increasing τ . This can be observed from the system’s TDMI for an

extended range of timescales [Fig. 3.11]. A plausible reason is that at τ →∞ , Xt and

Xt+τ become independent due to the chaotic behavior, so do the internal states Xi,t.
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Figure 3.11: TDMI I(XtXt+τ ) for N = 4. Other parameters are the chosen as in Fig. 3.3 (phase-
repulsive coupling).

In addition, when the system displays strong chaotic oscillations (associated with a

maximal Lyapunov exponent [3, 103] ) Φ∗ and ΦWMS show weak system’s interactions

in comparison with other regimes characterized by Q. Nonetheless, the system seen as

a whole carries more information (for any timescale τ ) than its components given that

both metrics are positive. The decrease of Φ̃ suggests some degree of segregating net-

work dynamics (given that the total correlation IAB dips in this regime [Fig. 3.14(d)]).

In agreement with R2, these metrics indicate a rapid switching in the cluster formation.

At Q ≈ 0.95, Φ̃ peaks while ΦWMS becomes negative and Φ∗ drops to zero. Thus,

the metrics are receptive to the periodic window predicted by R2, by detecting high

correlation ( additionally, in Fig. 3.14(d) this coincides with increasing information

transfer between the halves of the partition). Note that for Q around 1.07 up to TR1 all

the information metrics show an increment that coincides with the formation of torus

oscillations, indicated previously by the order parameter R2. We can also observe an

increase in the regularity of the oscillations according to the TDMI [Fig.3.11].

Finally, forQ > TR1 we have that ΦWMS < 0 and Φ∗ ≈ 0. This indicates high integra-

tion at the system level, which is a consequence of the 2:2 cluster full synchronization.

Note that at the same time Φ̃ grows with IAB due to dominant integration which implies

an increase of information transfer between the halves A and B.
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3.5.3 Temporal mixing and emergence of integrated information

As the system grows the k-cluster order parameter fails to track the formation of groups

because of the intrinsic erratic behavior in the cluster formation. It is expected that by

increasing the number of cells, the system will access to more patterns that are repre-

sented by the interaction between the individual states of the cells. In this section we

aim to characterize such behaviour in terms of the integrated information for increasing

system size.
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Figure 3.12: Decoder-based integrated information Φ∗, stochastic interaction Φ̃ and net synergy
ΦWMS for different couplingQ and timescales τ forN = 8. The metric σ2(IAB) quantifies the variance
of the mutual information between halves A and B for each Q, where A and B denote the minimum
information bipartition (computed from the information loss, Eq. (2.11)). Note that the selection of A
and B varies with τ , then IAB fluctuates as well for a fixed Q. Other parameters are the chosen as in Fig.
3.3 (phase-repulsive coupling).

Observe from Fig. 3.12 the chaotic regime becomes increasingly complex with re-
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spect to other regimes tracked by Q as the system grows according to the measures of

integrated information. That is, the decoder-based integrated information Φ∗ and net

synergy ΦWMS dominate from Q ≈ 0.75 up to 1.07. This is interpreted as information

generated by the system’s dynamics that is irreducible to the independent contribution

of two halves of the system, A and B. Meanwhile, the stochastic interaction Φ̃ dips

in the same regime, which can be interpreted as increasing conditional entropy of state

Xt+τ given Xt in comparison with the independent contribution of these halves. This

appears as a consequence of the chaotic behaviour.

This observation reveals that the transient formation of oscillatory clusters supports

emergent features such as information due to system-wide interactions.

Next, we continue with a deeper analysis in terms of the system size. To do so, we

will analyze the information-theoretical measures in terms of the atomic partition, Eqs.

(2.53)-(2.56). Thus, the metrics will be denoted by a superscript "a" to distinguish them

from the metrics analyzed so far.

Figure 3.13: (a) Net synergy ΦaWMS (b) decoder-based integrated information Φ∗a and (c) stochas-
tic interaction Φ̃a for varying cell density Q and system size N . We set τm = 11 time steps. Other
parameters are the same as in Fig. 3.3 (phase-repulsive coupling).

Fig. 3.13 shows the net synergy Φa
WMS , decoder-based integrated information Φ∗a and

Φ̃a obtained using the atomic partition with τm = 11 (first maximum of all the metrics

of integrated information). From TR2 to Qc the measures Φa
WMS and Φ∗a display dis-
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persed values around the low and greater amount of information as N increases. This

is a result of multiple cluster configurations, including clusters with equal phase distri-

butions (associated with the lower integrated information due to higher integration) and

unstable arrangements due to phase-repulsive cell-to-cell communication.

From Qc up to Q ≈ 1.07 we see a notorious increase of information Φa
WMS and Φ∗a,

which grows with N . The stochastic interaction Φ̃a represents this transition by drop-

ping in the cut-off points between regimes with a minimum value within the strong

chaotic regime. All measures indicate a periodic window at Q ≈ 0.95.

Next, Φa
WMS and Φ∗a drop around Q ≈ 1.07 to TR1, while Φ̃ increases. This regime

is characterized by torus oscillations. From TR1 the regular oscillations are recovered.

Meanwhile, Φa
WMS becomes negative, Φ∗a becomes negligible and Φ̃ increases again.

As seen above, the emergence of information by the system’s states is reinforced in-

side the chaotic regime (0.75 6 Q 6 1.07) as the system grows. This is arguably

related to the continuous formation and decomposition of clusters (see for example

Fig. 3.4 ). Although the patterns have an erratic behavior, our observations show that

these exhibit defined spatio-temporal correlations that can provide enough complexity

to the cell community. In fact, during the strongly chaotic regime, the net synergy and

decoder-based measures are maximized. That implies that globally, the chaotic pat-

tern Xt exhibits a higher interaction with Xt+τ at varying timescales τ than the total

information obtained independently from individual decoding.

In other words, the information generated by the switch between cluster patterns at the

system level cannot be expressed as the sum of the independent contributions of the

cells. That is, these transitions are better described from the system’s perspective.

On the contrary, the stochastic interaction reflects the stationary behavior of the system.

This one is dominated by the effect of the information transfer among the cells, IN , as

the system grows (see Figs. 3.14 (b) and (d)). Overall, in the chaotic regime, the system

is differentiated into diverse states. In spite of that, there is some degree of information

transfer among the cells, according to IN . In turn, there is emergent information that

could not otherwise arise from the individual cells. In this way, Φa
WMS and Φ∗a are
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more informative about the emergence of complexity in this sense.

Figure 3.14: (a) Time-delayed mutual information (TDMI) for varying N and τ ; (b) TDMI and total
correlation IN for increasing N with τm = 11; (c) Net synergy ΦaWMS for varying timescale τ . Note
that here we just display positive values of the net synergy for clarity. For τ close to zero the metric is
highly negative and it is not used as part of the discussion. (d) Total correlation IAB between halves of
the system A and B for varying Q for N = 4 (similar results are observed for increasing system size).
(a)-(c) Q = 0.8 (strong chaotic regime). Other parameters are the same as in Fig. 3.3 (phase-repulsive
coupling). For Figs. (a) and (c) observe that the first minimum of TDMI τm coincides with the first
maximum of the net synergy. This symmetry is observed for increasing system size N .

The measures Φa
WMS and Φ∗a are upper bounded by the system’s TDMI. At the same

time, incremental N appears to gradually increase the temporal correlation between Xt

and Xt+τ until some limiting behavior is observed (using τm, in which TDMI reaches

its first minimum). Meanwhile, the total correlation IN , i.e. the information transferred

between all cells in the system, grows linearly with N [Fig. 3.14(b)]. Hence, there

is an excess of information produced by the system’s dynamics with respect to the

information generated due to internal states. Note that the TDMI reaches this steady

behaviour just right after intersecting IN around N ≈ 20 cells. This result was also
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observed in Fig. 3.8(c) for stable oscillations, and further investigation is needed to

clarify the reason.

From Fig. 3.15, it appears that for each N the synergy is dominant (across all observed

Q) when IN is minimum. Meanwhile, the redundancy dominates as IN grows. In fact,

for each N there seems to be a cut-off in the amount of correlation IN from which

the total contribution of the individual decoding of past states becomes larger (as a

consequence, the redundancy increases when we considered Φa
WMS).

Figure 3.15: Total contribution of each time-delayed mutual information of each oscillator and (b) Net
synergy ΦaWMS compared with the total correlation IN for increasing system size N . We use τm = 11
time units. Other parameters are the same as in Fig. 3.3 (phase-repulsive coupling).

3.5.4 Integrated information during phase transitions

We quantify the susceptibility of the information loss introduced in (2.14) for each

coupling valueQ. This is done by quantifying the variance of IAB, σ2(IAB), by sampling

over the timescales τ , {IAB∗;τ=0, IAB∗;τ=1, . . . , IAB∗;τ=T}Q, where AB∗; τ indicates the

optimal bipartition for a given timescale τ , with Q fixed. Note that IAB does not depend

directly on τ but the selection of the halves does. Recall that for a given τ , these subsets

are computed by minimizing the information loss

AB∗ = argABmin [H(XAYA) + H(XBYB)]− H(XY )
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where the information loss is the mutual information between the halves. The partition

AB∗ characterizes the "weakest link" of the system.

This approach determines the least correlated subsets in terms of information interac-

tion. This means that by splitting the system by an optimal partitionAB∗, each resulting

subsystem will contain the highest amount of information of its own dynamics carried

over up to τ steps, i.e., the elements within each subsystem will be highly correlated in

terms of its causal interactions. This parameter sets the relevant time interval in which

we determine the information generated from the past states at a present state in terms

of the mutual information. Thus, this timescale τ appears to be accessible only from the

interior perspective of the system itself as a measure of intrinsic correlation time [13].

As we vary τ the optimal partition may fluctuate as interactions within the subsystems

can be integrated at specific timescales. That is, the subsets of the system that minimize

the information loss are internally highly correlated at those timescales.

Our results indicate that the system produces a maximum amount of fluctuation in terms

of IAB∗ at the transitions between dynamical regimes including torus bifurcations, onset

of chaotic behaviour, periodic windows and transition to fully developed chaos. In

addition, note that this metric appears to capture the dynamical structure induced by the

system size as the system transitions between regimes.

This variability is arguably induced by the lack of internal time to determine optimal

partitions in the system due to the instabilities induced by such transitions. This obser-

vation indicates that the variance of IAB∗ can be used as an order parameter (sampling

over different τ ), since it quantifies the susceptibility of the system due to internal and

external dynamics. This is in qualitative agreement with the dynamics shown in this

section.

As mentioned in Sec. 2.30 the information loss (2.14) is used in the context of the

IIT to quantify the partition where information is least integrated, called the minimum

information partition (MIP). In its original conception, this timescale is discussed as

a parameter associated with the integration of information of functional clusters in the

brain. Previous research uses the mutual information as an order parameter to the anal-
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ysis of synchronization [111], but the dependency in the time is discarded. Thus, our

findings suggest a potential use of this metric to track transitions in terms of the internal

time. This approach could be applied more broadly to nonlinear systems.

Varied literature indicates that the complexity (in the general sense) is maximized when-

ever a system’s control parameter [12, 13] transitions between regular and chaotic dy-

namics. In these conditions, the information processing is regarded to enhance the

information processing capabilities. At these cut-off points, it is also expected that

the integrated information (and associated information-theoretic measures that are de-

termined by the partition) will be maximized. Interestingly, the integrated information

additionally discriminates different kinds of dynamical behaviors by providing different

degrees of complexity associated with each timescale and control parameter.

3.6 Summary and conclusions

We extensively characterized different empirical measures of integrated information:

stochastic interaction, net synergy, and decoder-based integrated information, Eqs. (2.34),

(2.22) and (2.23), in a system of coupled repressilators through quorum sensing using

two coupling schemes widely studied from a dynamical point of view, Eqs. (3.1)– (3.4).

At the same time, we provide an explicit relationship between integrated information

and observed global spatio-temporal patterns associated with biological fates under var-

ied dynamical regimes. The emergence of this complexity is associated with conditions

in which the system composed of interacting elements becomes irreducible to describe

its dynamics.

Phase-attractive coupling generates synchronized phase oscillations among a heteroge-

neous group of cells. Through increasing cell density the repressilators show a col-

lective response. Meanwhile, the phase-repulsive cell-to-cell communication conveys a

competition between different oscillatory modes of varying intensities. These dynamics

allow the emergence of anti-phase irregular oscillations, which are characterized by the

formation of temporal clusters of phase synchronized cells.

Our findings relate the transition to synchronization with the emergence of integrated
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information. In particular, we observe that the decoder-based measure and net synergy

provide similar predictions at sub-criticality when the causal correlation, measured by

the time-delayed mutual information (TDMI), is minimized.

Meanwhile, the net synergy becomes negative with a high causal correlation, indicating

that the system’s state carries less information than its constituents. This was further

related to the dynamics of the collective oscillations. It appears that at timescales that

coincide with the system’s period the net synergy and decoder-based measure are mini-

mal. As the timescale is set out-of-phase these two measures increase accordingly until

reaching their maximum value, bounded by the system’s TDMI. Our results also show

that for increasing system size, this causal correlation is upper bounded, limiting the

amount of integrated information. Additionally, once the system is synchronized the

decoder-based measure vanishes while the net synergy becomes increasingly negative

as the system size grows.

In addition, anti-phase irregular oscillations arranged in asymmetric cluster configura-

tions are found to favor the emergence of integrated information, as the net synergy

and decoder-based measure reveal. Particularly, as these patterns lose stability with the

onset of chaos, there appears an increasing switching to new groups of cells synchro-

nized in groups. As the degree of chaos is maximized the clusters become significantly

short-lived favoring fast switching between groups. This is further related to maxi-

mal integrated information. This reflects the integration of individual dynamics to a

higher-order organization from an information-theoretic point of view. For larger sys-

tems, the decoder-based measure and net synergy also increase gradually up to some

limiting value as suggested by the scaling behavior of the system’s TDMI. For both the

attractive and repulsive cell-to-cell coupling this reflects an indication of the memory

capacity held by the population.

The observations made in this work suggest that these used measures are maximally re-

ceptive at the transitions between dynamical behaviors. In particular, the decoder-based

measure and net synergy can detect conjoined segregation and integration in the sys-

tem’s dynamics at the transition to synchronized states. Also, both measures take higher
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values compared with other dynamical regimes during the formation of spatially hetero-

geneous temporal patterns observed in chaotic oscillations. The net synergy becomes

negative when the system exhibits high spatial correlation (i.e., information transfer be-

tween the components of the system), but appears as an interrelated quantity that detects

the correlation and independence between its constituents.

On the other hand, we found that the stochastic interaction is receptive to the transi-

tion to organized states indicating an increasing loss of information of previous states

when the sub-systems decode their own past compared to considering the system as a

single piece. This measure becomes less explanatory as the system grows in size, since

it incorporates stationary contributions reflecting the information transfer between the

components of the system.

Our results indicate that a heterogeneous population of coupled repressilators acts as a

multicellular organism in terms of information-processing at the transition to synchro-

nized states. At this stage, each cell responds simultaneously to global interactions and

also to its own dynamics. We speculate this would have an evolutionary role as at sub-

criticality the cells are expected to react to external states but at the same time they have

access to a large repertoire of internal states. Likewise, it appears that unstable dynam-

ics can be a working condition in cellular systems to enhance information-processing

capabilities leading to the emergence of higher organization. Following observations

in this work, one could argue that temporal cluster formation in extended cellular sys-

tems under fluctuating conditions may provide an adaptive advantage to the system as

a whole to act upon external stress so the cells can act locally to distribute the environ-

mental demands.

Finally, one limitation of our work is the experimental feasibility to get irregular os-

cillations. We note that the chaotic regime has a small basin of attraction. Thus it

may be hard to obtain the appropriate experimental conditions to reach such a behav-

ior. Although the numerical results are speculative in that sense, the parameter choice

and model design are built over realistic considerations. Moreover, the conclusions

drawn from our results suggest the potential role of temporal cluster formation (e.g. as
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the behavior observed in biological morphogenesis or more generally, in Turing-type

pattern-forming mechanisms [49]) in the emergence of complex information process-

ing as a way to perform under fluctuating conditions. In this way, the chaotic behavior

can be associated with a source of uncertainty in gene expression.

Overall, this work suggests that the dynamical responses driven at the genetic level may

lead the system to evolve towards a single processing unit from the point of view of in-

tegrated information. In this way, cells seen as a system of interacting genetic networks,

have the potential to exhibit a higher causal structure as a whole, above and beyond its

parts. This is manifested through the emergence of complex biological structures that

are self-reflexive, self-regulating and dynamically synergistic; at the same time, built

from the spatio-temporal organization of functioning unicellular organisms.

The integrated informational structure of the bacteria suggests ways in which microbial

organisms may display conscious-like behaviour. In these simple systems, this can be

presented as reflexive behaviours supported through genetic regulation for survival and

growth, so the complexity measured by the integrated information may increase during

adaptation, as suggested here. This may result in the emergence of single-cellular and

collective behaviours by rendering higher amount of information at the system level due

to the causal interactions of its components. An interesting discussion on this matter is

provided in [75].

In contrast with other higher-order organisms, like mammals, bacteria has important

evolutionary differences in terms of cognitive capabilities. We observe that the brain

has an increased number of degrees of freedom and maximized optimization of func-

tional pathways of information. For example, the communication speed seen in synaptic

transmission is dominant in comparison with the diffusion-based mechanism observed

in quorum sensing. In addition, the neuronal networks are highly complex due to their

dimension and number of connections. At the same time, they are self-regulated by

plastic mechanisms mediated dynamically at short timescales.

We believe that bacteria seen as a complex system could be tractable to the type of

analysis suggested in this chapter. This may be relevant to understand how the signals
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from multiple sources are integrated in an organism in order to sustain behavioral re-

sponses. This may offer novel perspectives to understand cognitive processes and could

be helpful for comparison from an evolutionary point of view.

80



Chapter 4

Bidirectional neuron–astrocyte

communication induces integrated

information

This work was done in collaboration with Susanna Gordleeva, Oleg Kanakov and Mikhail

Krivonosov. Published in Physical Review E, Volume 103, Issue 2: 022410, 2021 [112].

Copyright © 2021 by American Physical Society. All rights reserved.

4.1 Introduction

As seen in the previous chapter, bacteria can communicate using complex signaling

compounds through cell-density-mediated mechanisms. It is observed that even simple

arrangements can lead to the formation of complicated patterns that integrate a popula-

tion of coupled cells into a single processing unit (in terms of integration of informa-

tion). The emergence of a higher-level organization in terms of information process-

ing suggests that genetic regulatory mechanisms allow simpler organisms to develop

conscious-like behaviors.

Neuronal communication is evolutionarily more developed. The Plasticity here plays a

role in regulating the neuronal connections adapting changes in short (seconds to min-
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utes) and long (hours to months) timescales, yielding an interplay between learning and

memory. This mechanism sets constraints on the anatomical organization and function-

ality. The neuroanatomical reorganization attributed to the evolutionary changes in the

human brain has played a role in providing behavioral flexibility and social cognition

[113], such as the expansion of the neocortex and similar structures.

In particular, as opposed to neurons, which are the single unit of information-processing

among mammals, the human brain has undergone important changes in the evolution of

glial cells [114, 115], which include interlaminar, protoplasmic, and fibrous astroglia to

perform a high degree of specialization in target areas, while enabling spatially extended

communication and integration of information [115, 116, 117].

In the past, there was a long-standing view of astrocytes as supportive cells in metabolic

and homeostatic processes in the brain only. However, recent results support the impor-

tance of these cells in neuronal communication [118]. The regulatory pathways include

bidirectional interactions, in which the astrocytic regulation can be understood as a pro-

cess of transduction and integration of synaptic activity across different spatio-temporal

scales.

More specifically, metabotropic or ionotropic receptors in the astrocytes are activated

due to the release of neurotransmitters during synaptic transmission. This stimulation

allows the synthesis of intracellular astrocytic Ca2+, which in turn can trigger the re-

lease of multiple substances known as gliotransmitters (such as glutamate, ATP, and

GABA) [118, 119, 120, 121, 122, 123]. These signaling molecules ultimately allow

fast responses in the synaptic cleft.

These latter mechanisms are associated with local modifications of the activity of neigh-

boring synaptic terminals through the modulation of excitatory and inhibitory transmis-

sion [124, 125, 126]. Also, it seems likely that these signaling pathways are controlled

by bidirectional feedback restricted in microdomains (which typically contain astro-

cytic compartments and synapses in their periphery) [4, 93, 118, 120, 121, 122, 123,

127, 128]. These observations are supported by Ca2+ imaging , which shows sponta-

neous localized Ca2+ transients that occur in an independent way from other areas of
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the astrocyte cell [129]. This mechanism appears to integrate locally low-frequency

synaptic activity resulting in fast changes onto active synapses.

Likewise, according to experimental evidence, astrocytes appear to enable the integra-

tion of the spatio-temporal activity to mediate synaptic information-processing [124].

In addition to local changes, high-frequency firing activity can also increase the astro-

cytic Ca2+ signals to propagate to neighboring sub-compartments in the astrocyte and

eventually to the soma. In turn, this exerts the release of slow calcium events that syn-

chronize synapses covered by the entire cell [4]. In addition, this global calcium can

travel to the extracellular space through gap junctions enabling communication with

other astrocytes. As a consequence, the glial network supports inter-synaptic commu-

nication to mediate dynamical coordination through phase synchronization [123, 130,

131, 132, 133].

There are multiple signaling pathways with functional roles in neural communication

that coexist depending on the transmitters involved and targeted neurons with timescales

ranging from seconds to minutes [4, 93, 121, 131, 133, 134]. For example, for hip-

pocampal glutamatergic signaling, astrocytic regulation is found to transiently depress

or facilitate excitatory transmission through modifying the release of neurotransmitters

in the presynaptic terminals [121, 124]. This latter includes NMDARs receptors in the

hippocampal dentate gyrus [120] and metabotropic glutamate receptors (mGluRs) in

the CA3-CA1 regions [135]. According to multiple reports, glutamate can also activate

postsynaptic NMDARs to exerts neuronal synchrony. Similarly, released ATP is de-

graded into adenosine. This latter can mediate the suppression of presynaptic activity,

but also can act postsynaptically to regulate NMDAR trafficking [136].

Ongoing research shows the role of astrocytic signaling in the hippocampal memory

function and cortical circuits for different cognitive processes and sensory perception

[93, 137, 138, 139]. This latter seems to be supported by the systematic integration of

synaptic information with a multi-level organization.

The above discussion underlies the role of neuron-glia in the interplay of the local and

network levels, which may have profound implications in the neural coding of the pop-
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ulation. These include the potential ability of neuron-astrocyte networks to modulate

neuronal rhythmic behaviors [140], and cognitive and behavioral functions. Indeed, re-

cent findings indicate that the transient formation of neurons into assembly structures

supports temporal representation and memory consolidation [141]. This observation is

supported by research that relates the imbalances of information transmission in neu-

ral networks with impaired astrocytic functions. Indeed, malfunction of astrocytes ap-

pears to have implications in the development of neurological disorders characterized

by cognitive alterations [142]. Finally, growing evidence suggests that Ca2+ signaling

in astrocytes may be responsible for integrating information patterns that are spatially

distributed in the brain into a single conscious experience of sensory stimuli [143].

Despite these insights, little is known about the information representation due to neuron-

astrocytic networks. In the spirit of understanding the influence of signaling mecha-

nisms in the emergence of complex structures, in this chapter, we study from a com-

putational perspective the influence of neuron–astrocyte communication in synaptic in-

formation transmission. More precisely, the integrative influence that neuron–astrocyte

signaling exerts in neural representations. We posit that the synergistic contribution in

the neural coding in the population is increased due to the bidirectional feedback evoked

by Ca2+ signaling.

In parallel, the concept of integrated information introduced in [2, 21, 22, 31] envisages

a potential metric to characterize information-processing during the population encod-

ing of external stimuli into network patterns. This is because this metric stands as the

excess of information that the system (seen as a single unit) has about its own causal

structure more than the sum of its parts. In that way, integrated information quantifies

the synergy of the system.

On this basis, we wonder how astrocytes integrate the individual neural patterns to rep-

resent them in a higher organization through the system’s neural coding. While it is true

that the notion of synergy using information theory has been extensively documented

[32], the formalism provided by the measures of integrated information theory has been

explored recently. Recent reports include the empirical calculation of this metric using
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recorded brain waves to correlate consciousness levels (e.g. wakefulness, sleep, and

anesthesia) [29, 30, 144]. In addition, integrated information has been proposed as a

metric of dynamical complexity [1, 10, 26]. To our knowledge, this is the first study

that attempts to characterize from an information-theoretic perspective the coding ac-

tivity in neuron-glial networks mediated by bidirectional signaling.

Related work proposed a minimal neuron-astrocyte network putting forward the idea

that spiking-bursting mechanisms led by astrocytes enhance the integrated information

[26]. One caveat of this approach is that the authors disentangled the regular calcium

oscillations from the neuronal feedback. This modeling approach resembles the idea

of a periodic external forcing rather than the integration of neuronal activity patterns.

Here we extend these observations by including bidirectional feedback via glutamate-

mediated astrocyte regulation motivated by the extensive literature of synaptic trans-

mission in the hippocampus [93, 122, 124, 134, 145].

We consider the case of excitatory synapses releasing glutamate to produce IP3 upon

activation of phosphoinositide-specific phospholipase C–β (denoted as PLCβ). Astro-

cytes respond through the calcium-induced calcium release mechanism (CICR), which

is commonly described by Ca2+ oscillations regulated by the joint gating of IP3 concen-

tration. This further results in the release of glutamate from the astrocytes to modulate

the excitatory postsynaptic current. In addition, astrocytes can communicate through

the diffusion of Ca2+ and IP3 across gap junction channels.

We calculate numerically integrated information based on mismatched decoding using

a minimal neuron-astrocyte system. Our simulations consider the influence of coupling,

network balance between excitation and inhibition, and input stimuli. It is shown that

integrated information is enhanced due to the interplay between glutamate currents and

astrocytic calcium signaling. This is further associated with the increase of synaptic

transmission and network synchronization.

More precisely, following our computations, integrated information seems to decrease

with densely connected networks as opposed to coupling by a nearest-neighbors scheme.

This result is further associated with increasing complexity due to the balance between
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differentiated states coming from local synaptic interactions and integration due to the

astrocytes. To support our conclusions, we perform a comparative analysis with [26]

stressing the role of synchronization and incremental integrated information. Our ob-

servations from the considered numerical experiments suggest that the bidirectional

feedback between neurons and astrocytes leads to overall higher network activity and

coordination. In other words, the bidirectional coupling neuron-astrocyte strengthens

the synergy in the causal structure.

4.2 Modeling neuron-astrocyte communication

To analyze the bidirectional communication in a neuron-astrocyte network, we design

a system composed of two overlapping networks (neurons and astrocytes), following

the next considerations. The neural network under study is defined by N = 6 neu-

rons arranged in a lattice and described by the Hodgkin-Huxley model. The proposed

networks for analysis consist of 3 different topologies, as shown in Fig. 4.1, (1) 6 exci-

tatory neurons fully connected (exc-full) (2) 6 excitatory neurons connected by nearest

neighbors and (exc-nns) (3) 1 inhibitory neuron and 5 excitatory neurons connected by

nearest-neighbors (inh-nns). As mentioned previously, the motivation for these variants

is analyzing the influence of connectivity and the influence of inhibition.

The experimental data shows that astrocytes are morphologically distributed structures.

To account for that, recent models consider that the astrocyte can be described as a

structure composed of repeated sub-compartments that extend from the soma [139].

In addition, it is assumed that each unit, characterizing a process, interacts with one

presynaptic and postsynaptic neuron to form a tripartite synapse [122]. In such a case,

it is assumed that each compartment contains an endoplasmic reticulum (ER). In this

context, we describe its intracellular Ca2+ dynamics by the calcium-induced-calcium-

release (CICR) mechanism. i.e., we assume that Ca2+ is released from ER to the cytosol

upon activation of IP3-receptors (IP3Rs) bound by IP3 molecules. In turn, IP3 acts as a

second messenger (this is synthesized once the glutamate binds to mGluRs in the astro-

cytic processes). Intracellular Ca2+ oscillations are triggered by joint gating between
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free cytosolic Ca2+ and IP3 at the IP3Rs. In addition, the sub-compartments are cou-

pled by diffusion of IP3 and Ca2+ molecules. These latter ones are exchanged across

the cross-section area of the cylinders to nearest-neighbor compartments.

Our considerations for modeling neuron-glia signaling are based on experimental stud-

ies in the hippocampus. Given the small size of the network, we assume a 1:1 inter-

action to investigate the local interaction. This is in line with the fact that at CA1 the

astrocyte processes are distributed among pyramidal cells (excitatory) with a similar

number. Indeed, local Ca2+ signaling can be confined to one cell only, but also include

other elements in its microdomain [129].

Furthermore, it is shown that astrocyte-released glutamate modulates short-term synap-

tic transmission. We describe that effect by enhancing the excitatory postsynaptic cur-

rent in terms of spontaneous local Ca2+ elevations of each process.

Figure 4.1: Neuron-astrocyte network: (a) 6 excitatory neurons connected all-to-all (exc-full) (b) 6
excitatory neurons connected by nearest-neighbor coupling (exc-nns) (c) 1 inhibitory neuron (blue cir-
cle) and 5 excitatory neurons connected by nearest-neighbor coupling (inh-nns). Figs. (a)-(c) Exci-
tatory connections are shown in black, and inhibitory ones in blue. The astrocytes are shown as red
circles overlapping the neural network. Each astrocyte is linked to one presynaptic neuron (excitatory).
Astrocytes-astrocyte network is coupled by nearest-neighbors with connections shown with red lines. All
the connections are bidirectional, otherwise the direction of the influence is shown with arrows.
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4.2.1 Neural network model

The membrane potential Vi (with subindex i = 1, . . . , N ) of each neuron i is described

by the equation

Cm
dVi
dt

= Ichannel,i + Iext,i +
∑
j

Iij + I0,i (4.1)

First, the ionic currents (sodium, potassium and leak channels) are modeled by the

Hodgkin-Huxley model

Ichannel = gNam
3h(V − ENa)− gKn4(V − Ek)− gl(V − El)

where ionic currents gNa, gK and gl (and respective reversal potential ENa, EK and El)

and activation functions m,n, h are described by Eqs. (4.2)– (4.4).

The synaptic current for each neuron i is defined Iij [Sec. 4.2.2]. The depolarization

current I0,i sets the dynamical regime (excitable, oscillatory or bistable) [146] for each

neuron. To define an excitable membrane we use I0,i = −5.0µA/cm2.

The external input and a state-independent current are considered in the model. This

is defined by an uncorrelated Poisson pulse train of N channels with λ rate measured

in Hz. The input train is simulated by setting a duration per pulse of 10 ms with an

amplitude independently sampled from a uniform distribution U[−1.8, 1.8].

4.2.2 Neuron dynamics

The Hodgkin-Huxley model [66] in its original conception aimed to describe the mem-

brane voltage dynamics of the giant squid axon through the contribution of different

ion channels in terms of their conductances. The model is formulated from experi-

mental means the three ion currents: sodium (Na+), potassium (K+) and a leak current

(consisting of Cl− ions):

Cm
dV

dt
=− gNam3h(V − ENa)− gKn4(V − Ek)− gl(V − El) (4.2)
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where the ionic currents are measured in µA/cm2, Cm denotes the capacitance, Cm =

1µF/cm2; the voltage dependent activation and inactivation dynamics of the ion chan-

nels are denoted by n,m, h. The maximum conductances of each channel are gNa =

120 mS/cm2, gK = 36 mS/cm2 and gl = 0.3 mS/cm2 . The reversal potentials are set to

ENa = 55 mV, EK = −77 mV and El = −54.4 mV.

The nonlinear gating functions, Eq. (4.3) for each channel are defined by

dn

dt
= αn(V )(1− n)− βn(V )n (4.3)

dm

dt
= αm(V )(1−m)− βm(V )m

dh

dt
= αh(V )(1− h)− βh(V )h

where we have shifted the membrane resting potential by 65 mV as suggested by [65].

αn(V ) =
(0.1− 0.01V )

exp(1.0− 0.1V )− 1.0
(4.4)

βn(V ) = 0.125 exp(
−V
80.0

)

αm(V ) =
(2.5− 0.1V )

exp(2.5− 0.1V )− 1.0

βm(V ) = 4.0 exp(
−V
80.0

)

αh(V ) = 0.07 exp(
−V
20.0

)

βh(V ) =
1.0

exp(3.0− 0.1V ) + 1.0

Note that the parameters used in (4.4) are fitted experimentally [66] following the orig-

inal model.

4.2.3 Synaptic dynamics

The synaptic current used in (4.1) is defined by

Iij =
gsyn,eff(Vj − Esyn,i)

1 + exp(− (Vi−θsyn)

ksyn
)

(4.5)
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where Iij described the synaptic transmission from i to j. Here we assume that the

synaptic weight gsyn,eff incorporates the neuron-to-neuron interactions and gliotransmit-

ter modulation mediated by Ca2+ signaling, Eq. (4.20). The release of neurotransmitter

is governed by a sigmoid activation function. Parameters θsyn = 0 mV and ksyn = 0.2

mV define the threshold to activation and midpoint of the sigmoid function, respec-

tively. When the presynaptic cell is not in firing state Vi < 0, and Iij is negligible,

otherwise it increases up to 1 releasing gsyn,eff. In addition, the current that passes

through the synaptic channel is described by the difference (Vj − Esyn,i). For excita-

tory synapses we set the synaptic reversal potential as Esyn = 0 mV and inhibitory

synapses by Esyn = −90 mV.

As glutamergic signaling is considered here, we model the dynamics of the glutamate

released by a excitatory neuron i using the dimensionless variable Gi defined as

dGi

dt
= −aGGi +

βG
1 + exp(−Vi/VG)

(4.6)

where VG = 0.5mV. At every spike time of the presynaptic neuron, the release of

neurotransmitter is proportional to βG = 295 with a clearance rate aG = 32. Selection

of parameters is on the basis of representing releasable resources occurring over a time

scale of milliseconds mediated by the presynaptic firing.

4.2.4 Astrocytic dynamics and bidirectional feedback

4.2.4.1 Astrocytic Ca2+ and IP3 dynamics

The astrocyte dynamics of each compartment (process) is described the following set

equations

dCam

dt
= Jm

ER − Jm
pump + Jm

l + Jm
in − Jm

out + Jm
Ca, diff (4.7)

dIPm
3

dt
=

IP∗3 − IPm
3

τIP3
+ Jm

Glu + Jm
PLCδ + Jm

IP3,diff (4.8)

dhm

dt
= a2

[
d2

IPm
3 + d1

IPm
3 + d3

(1− hm)− Camhm
]

(4.9)
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Each astrocytic process is connected to one presynaptic neuron, and m = (m,n) with

m = 1, 2, 3 and n = 1, 2, defines its position in a second lattice.

The balance equation for calcium fluxes, Eq. (4.7), is described by the action of differ-

ent channels, Eqs. (4.10) and (4.13). Flux JER accounts for the calcium concentration

defined by the Ca2+ exchange between ER and cytosolic volume through IP3Rs, Jpump

denotes the ATPase Ca2+ pump from the cytoplasm to the ER and Jl is the calcium

leak from the ER. Additional fluxes include Jin and Jout , which account to calcium ex-

change influx and Ca2+ extrusion flux across the membrane, respectively [147]. JCa, diff

accounts for the diffusion of Ca2+ between compartments connected via gap junctions

[139]. The reader will have noticed that it was removed the superscript m in the text de-

scription of variables associated to the astrocytic dynamics. This is in order to ease the

notation used in the discussion, as the same concepts apply to all the processes studied

in this chapter.

The currents JER, Jpump and Jl are expressed by the following equations [148].

Jm
ER = c1v1(CamhmIPm

3 )3 (c0/c1 − (1 + 1/c1)Cam)

[(IPm
3 + d1)(Cam + d5)]3

(4.10)

Jm
pump =

v3[Cam]2

k2
3 + [Cam]2

(4.11)

Jm
l = c1v2[c0/c1 − (1 + 1/c1)Cam)] (4.12)

where Cam describes the free cytosolic calcium concentration in process m. The stored

calcium concentration in ER, Cam
ER, is related with the cytosolic calcium by

c0 = c1Cam
ER + Cam

The parameters c0 and c1 denote the total Ca2+ concentration in terms of the volume

of the cytosol and c1 is the ratio between the ER and cytosolic volume. The additional

parameters were obtained experimentally, Table 4.1. The influx current Jin assumes

a basal leakage through the cell membrane and an agonist-dependent influx and Jout

assumes an outflux proportional to free cytosolic Ca2+, Eq. (4.13).
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Table 4.1: Model parameters

Parameter description Value [149]

τIP3 IP3 clearance rate 7.143 s
IP3∗ IP3 steady state 0.16 µM
c0 total free Ca2+ concentration (cytosolic vol) 2.0 µM
c1 ratio between ER vol and cytosolic vol 0.185
v1 max Ca2+ channel flux 6.0 s−1

v2 Ca2+ leakage rate 0.11 s−1

v3 maximum ATP-Ca2+ pump uptake rate 2.2 µMs−1

v5 Rate of calcium leakage through plasma membrane 0.025 µMs−1

v6 Maximal rate of activation dependent calcium influx 0.2 µMs−1

k1 Rate constant of calcium extrusion 0.5 s−1

k2 Half-saturation constant for agonist-dependent calcium entry 1.0 µM
k3 activation constant for ATP-Ca2+ pump 0.1 µM
a2 IP3R binding rate for Ca2+ inhibition 0.14 µMs−1

d1 dissociation constant for IP3 0.13 µM
d2 dissociation constant for Ca2+ inhibition 1.049 µM
d3 receptor dissociation constant for IP3 943.4 nM
d5 dissociation constant for Ca2+ activation constant 0.082 µM

The parameters were fitted experimentally based on the model [128].

The IP3 dynamics, Eq. (4.7), is defined by the joint action of cytosolic Ca2+. This

includes the IP3 synthesis due to the activation of Ca2+–dependent phospholipase C-δ

(PLCδ). PCLβ activation by G-protein is regulated by the binding of glutamate released

by neurons at mGluRs (the associated flux is denoted as JGlu).

Jm
in = v5 +

v6[IPm
3 ]2

k2
2 + [IPm

3 ]2
(4.13)

Jm
out = k1Cam (4.14)

Jm
PLCδ =

v4[Cam + (1− α)k4)]

Cam + k4

(4.15)

The expression for JPLCδ describes the Ca2+ feedback on IP3 production [128, 149].

This is mainly regulated by the parameter v4, which can be regulated through agonist

stimulation by a G-protein mechanism. It is shown that for nonzero α and in the absence

of neuronal feedback through PLCβ (i.e., by setting JGlu = 0 ) Ca2+ can undergo self-

sustained oscillations between two Hopf bifurcation points (HB1, supercritical and HB2,

subcritical) using v4 as a control parameter [149]. In particular, the frequency of stable
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oscillations increases with v4. Meanwhile, α defines the shape of the oscillation from

sinusoidal oscillations (small α) to spike-like oscillations (α near 1).

4.2.4.2 Neuron-to-astrocyte signaling

Once the presynaptic neuron (excitatory) fires, the glutamate is released and binds

mGluRs to activate the production of IP3 , Eq. (4.6).

Jm
Glu =

αGlu

1 + exp(−Gi−θG
tG

)
(4.16)

The current JGlu is represented by a sigmoid activation function where αGlu is the rate of

IP3 production by PLCβ. The threshold and midpoint parameters describe the glutamate

affinity of the receptor. Given the astrocytic timescales (1 s), the JGlu integrates the

synaptic activity over a larger timescale (in comparison with the neuronal dynamics)

into (4.7). Given the definition of JGlu, the rate of IP3 production can be increased

through a higher firing rate of its associated presynaptic neuron. For a fixed v4 the

IP3 production by PLCβ drives the dynamics of the IP3 concentration. More precisely,

using the current JGlu as a control parameter we can induce spontaneous oscillations. At

IP3 values close to the resting state the Ca2+ sets into a low fixed concentration. On the

other hand, for increasing IP3, the system goes through a supercritical Hopf bifurcation.

It is observed that at high IP3 levels the Ca2+ oscillations are dampened and settle in a

fixed point at high concentration (and this transition is faster as the stimulus acting on

IP3 is stronger) [150].

In the bidirectional version of the model we use αGlu = 9 s−1, θG = 0.4 and tG = 0.01.

As previously described, these parameters encode the sensitivity to released neurotrans-

mitters and the production rate of IP3 PLCβ- mediated. Observe that the current JGlu

can still be modulated by the following contributions: (1) the firing rate tuned by the

input stimuli (through frequency of the Poisson train pulse λ, i.e., strength of the stimu-

lation) and (2) astrocytic feedback using the coupling parameter gs, Eq. (4.20). Indeed,

by setting v4 <HB1 (where HB1 ≈ 0.35µMs−1 using the model parameters, Table 4.1)

we can obtain spontaneous oscillations by tuning JGlu through λ and gs. Such a behav-
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ior reflects the random opening of IP3Rs by stimulation of PLCβ in the abscence of

enough PLCδ levels to obtain self-sustained oscillations.

In line with our previous observations we investigate two ways of coupling (1) unidirec-

tional, by setting v4 = 0.5µMs−1 and αGlu = 0µMs−1 and (2) bidirectional, by setting

v4 = 0.3µMs−1 and αGlu = 9µMs−1.

Additionally, we rescale the time units to milliseconds to match the neuronal timescale

for numerical integration.

4.2.4.3 Astrocyte-to-astrocyte communication

Compartments of ER are coupled through the diffusion of Ca2+ and IP3 molecules with

nearest-neighbor processes [139].

J
(m,n)
Ca,diff = dCa(∆Ca)(m,n)

J
(m,n)
IP3,diff = dIP3(∆IP3)(m,n)

(4.17)

where dCa = 0.01 s−1 and dIP3 = 0.1 s−1 are the Ca2+ and IP3 diffusion rates, respectively.

The Laplace operator ∆Ca(m,n) and ∆IP(m,n)
3 is discretized in a lattice of dimensions

m× n with no-flux boundary conditions as follows

∆Ca(m,n) =Ca(m+1,n) + Ca(m−1,n)

+ Ca(m,n+1) + Ca(m,n−1) − 4Ca(m,n)
(4.18)

∆IP(m,n)
3 =IP(m+1,n)

3 + IP(m−1,n)
3

+ IP(m,n+1)
3 + IP(m,n−1)

3 − 4IP(m,n)
3

(4.19)

4.2.4.4 Astrocyte-to-neuron signaling (synaptic potentiation)

As mentioned previously in Sec. 4.2.4.2, the IP3 production at process m integrates over

a timescale of seconds the synaptic activity through JGlu, Eqs. (4.7) and (4.16). The

stochastic nature of the firing times induces spontaneous calcium events through the

CICR mechanism. In turn, transmitters from the astrocytes are released and feedback
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onto the synaptic cleft to modulate the synaptic weight. We model this by assuming that

the gliotransmitter (e.g., glutamate or ATP) induces short-term potentiation of synaptic

transmission mediated by the Ca2+level as follows

gsyn,eff = gsyn(1 +H(Ca(m.n) − θs)gsCa(m,n)) (4.20)

where gsyn = 0.04 mS/cm2 is the synaptic weight, θs = 0.2 µM is the threshold for

exocytosis of gliotransmitters and H is the Heaviside step function. gs is the coupling

strength neuron-astrocyte.

When a presynaptic neuron fires it releases gsyn,eff. Without astrocytic influence the

synapse has a constant coupling strength gsyn. As soon as the astrocyte releases glio-

transmitter, the synaptic weight is increased by gsyngsCa(m,n).

4.3 Determining firing states

We determine the state of the system by binarizing the action potential obtained from

Eq. (4.1) following the methods presented in Sec. 2.3.1.1. Here we use a threshold

Vθ = −40mV. Next, we bin the time series using a time window of ∆ = 1ms. The

system’s state (i.e., the state of the population of neurons) at any instant of time is

denoted by X = Xt. This can be further expressed as the joint activity of each neuron,

which corresponds to an array of N bits.

4.3.1 Determining integrated information

In the previous chapter, we characterized empirically three popular measures of in-

tegrated information using a system of coupled oscillators with phase attractive and

repulsive coupling. Namely, the decoder-based integrated information Φ∗, net synergy

ΦWMS and stochastic interaction Φ̃. Overall it was shown that the Φ∗ and ΦWMS can

provide a global picture of the system’s dynamics from an information-theoretic point

of view. Both perspectives depart from the Eq. (2.21) using empirical distributions

instead of the assumption of maximum entropy distribution for past states.

95



CHAPTER 4. BIDIRECTIONAL NEURON–ASTROCYTE COMMUNICATION
INDUCES INTEGRATED INFORMATION

The difference between both measures is in how the subsystems decode their previous

states. On one side, using the mutual information "I", assumes that the elements of the

system have full knowledge of the encoding process, and quantitatively indicates the

influence of past states into the present. This does not take into consideration that the

communication channel is rather noisy. Using "I" in the context of neural information-

processing assumes optimal decoding from the brain. This scenario is rather unlikely.

Instead, it makes more sense to consider a sub-optimal decoding, for example, by ne-

glecting neural correlations related to the previous states (independent decoder). This

leads us to the definition of I∗ previously introduced in (2.29). Using this sub-optimal

decoder implies that I∗ < I. Using Φ∗ in the context of neuroscience is particularly

useful because it incorporates the fundamental ideas about integrated information as a

correlate of consciousness (according to IIT 2.0) but has its own interpretation in brain

dynamics as a measure of synergy under the perspective of the mismatched decoding.

Moreover, as already shown in Chapter 2, the net synergy ΦWMS can determine the

balance between synergy and redundancy. A group of neurons decodes their past, from

an intrinsic perspective, given a stimulus, in either a synergistic way if ΦWMS > 0 or

redundant one ΦWMS < 0.

In this chapter, we compute integrated information using as a benchmark the mis-

matched decoding approach [31] following the description given in Sec. 2.1.4.1. We

quantify the excess amount of information that the system decodes from its previous

states compared to the individual decoding of its constituents. Due to computational

capabilities, we split the system into two pieces Π = AB to account for the level of

information exchange between the components of the network. The decoder-based in-

tegrated information Φ∗ is computed following Eq. (2.46). Additionally, we compare

this metric with the net synergy ΦWMS obtained from Eq. (2.48) and the spatial corre-

lation between halves IAB (2.51) of the system.

Following Sec. 4.3 we compute the present and past states by X = Xt and Y = Xt−τ ,

respectively. Then we assign probabilities of occurrence to observations xi, yi and xiyi,

where i ∈ {A,B} sets the bipartition scheme through Eq. (2.44). We estimate the

information-theoretic measures using Eq. (2.41) from where we get the decoder-based
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integrated information Φ∗, net synergy ΦWMS and spatial correlation IAB.

4.3.2 Measures of synchronization

The empirical determination of phase synchronization can be obtained from spike times

[61]. First assume we have a list of spike times tk, observed in a recording time of T

time steps with k = 1, . . . , K, such that tK < T Then the instantaneous phase can be

written as

θ(t) = 2πk + 2π
t− tk

tk+1 − tk
, (4.21)

The underlying assumption of θ(t) is that for at t ∈ [tk, tk+1] the phase has a linear

relationship with t and spike time carries an increase of 2π.

Next, considering we have a population of N neurons we define the instantaneous syn-

chronization r(t) by averaging over the N as follows

r(t) =
∣∣∣ 1

N

N∑
j=1

eiθj(t)
∣∣∣, (4.22)

where θj(t) is the instantaneous phase for each neuron (j = 1, . . . , N ). Finally we can

compute the order parameter r̄ as follows

r = 〈r(t)〉 (4.23)

where 〈r(t)〉 denotes the arithmetic mean over all observations r(t) computed at times

{t0 = 0, t1 = ∆, t2 = 2∆, ..., T}, where ∆ is the bin size associated with the spike tim-

ing resolution (discussed below), and T a pre-defined simulation time. The parameter

r describes the overall synchronization in the population. A complete coherent system

will show r = 1 (the neurons will fire approximately at same times), while a complete

asynchronous one is characterized by r = 0 (neurons will fire with lack of coordination

among each other).

How we compute the phase can be sensitive to the spike timing resolution. To ac-

count for this we first bin the spike times by sliding a window ∆ in constant intervals
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as described previously in 2.3.1. In this work, we report the order parameter using a

resolution of 10 ms. Nonetheless, similar results were obtained from even at 1 ms.

4.4 Results

We integrate numerically Eqs. (4.1)-(4.20) by the fourth-order Runge-Kutta method

using the networks described previously [Fig. 4.1]. The simulation time is set at 1500s,

with a time step of 0.09 ms. To avoid transient effects we remove the first 500 s. The

action potential Vi for each channel i = 1, . . . , 6 is converted into a spike train by

binarizing Vi using Vθ = −40 mV. Next, we bin the spike train by using a sliding

window of 1 ms over the spike train, for each neuron. The estimation of the information-

theoretic measures shows convergence at the length of data and timescale considered

here.

Here we compare the influence of the network topology (exc-full, exc-nns, and inh-nns)

by increasing gs with a fixed stimulus. Here we use an uncorrelated Poisson pulse train

with a frequency of λ = 20 Hz. To test the influence of neuron-astrocyte communi-

cation we test both unidirectional and bidirectional coupling, previously discussed in

Sec. 4.2.4.2. Next, for a second set of simulations we fix gs (gs = 2.5 for exc-full and

gs = 7.5 for exc-nns and inh-nns ) and we analyze the same networks using incremental

λ for both unidirectional and bidirectional coupling.

4.4.1 Intermittent synchronization in neuron-astrocyte ensembles

In line with our observations in Sec. 4.2.4.2 we study two cases: (1) unidirectional

coupling from astrocytes to neurons [Fig. 4.2(a)]. Self-sustained Ca2+ oscillations

release periodically gliotransmitters to transiently increase the synaptic weight gsyn,eff,

Eq. (4.20). In this instance the synaptic activity does not have any influence on the

astrocytic dynamics; (2) bidirectional coupling between astrocytes and neurons [Fig.

4.2(b)]. Here the spontaneous Ca2+ oscillations appear upon activation of PLCβ by

neurotransmitter release through a nonnegative flux JGlu, Eq. 4.7. This is followed by

potentiation of the synaptic transmission at the process m in question.
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A detailed bifurcation analysis shows that Ca2+ can exhibit amplitude-modulated and

frequency-modulated oscillations, and mixed modulation through a wide range of con-

trol parameters [151]. In particular, we perform a numerical search setting v4 = 0.3µMs−1

using gs as a control parameter and λ = 20 Hz. This to set a range to get astrocytic

spontaneous Ca2+ for all the proposed network topologies in this chapter.

Figure 4.2: Ca2+ events : (a) regular self-sustained oscillations obtained from unidirectional coupling
(JGlu = 0 and v4 = 0.3 µMs−1) ; (b) spontaneous oscillations due to bidirectional coupling (JGlu > 0
and v4 = 0.5 µMs−1). The oscillations correspond to the network exc-nns using gs = 3.42.

Next, it is found that for bidirectional coupling Ca2+ oscillations undergo amplitude-

frequency modulation (AFM), which is reflected by pulse-like events at irregular times

with varied amplitude. In particular, increasing synaptic activity leads to a higher fre-

quency of Ca2+ transients. These latter ones stimulate the firing of the neural network

mediated by gs. Overall, under this consideration there is a positive feedback loop

between the astrocytes and the neurons in agreement with experimental results [152].

Incremental gs leads to dampened oscillations reflecting an overexcited steady Ca2+

concentration. This state corresponds to a stable node at high concentration Ca∗ > θs.

In our model this would be reflected as a constant elevation of the synaptic weight

gsyn(1+gsCa∗). On the contrary, based on physiological considerations this state would

trigger the release of gliotransmitters just once. Therefore we do not consider this
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regime in our discussion.

We find that calcium events in our regime of analysis are associated with intermittent

phase synchronization between the neurons [Fig. 4.3]. This intermittency is generally

characterized in coupled oscillators as an intermediate regime between two limiting

behaviors, asynchronous oscillations, and full synchronization.

Figure 4.3: Raster plots representing the joint activity of neurons and astrocytes by bidirectional cou-
pling. We set gs = 3.4 and λ = 20 Hz for excitatory network with all-to-all coupling [exc-full, Fig. 4.1
(a)]. The coordination of the spike trains in the population of neurons is depicted by the instantaneous
synchronization r, Eq. (4.22).

The mechanism of intermittency discussed in this chapter is shown in Fig. 4.3. These

plots describe the joint activity between neurons and astrocytes (in this instance, we

show a network with excitatory neurons fully coupled, exc-full but a similar behavior

is observed in all the networks). Production of IP3 increases using the synaptic stimu-

lation in a one-to-one relationship between neurons and astrocytes. The channel PLCβ

encodes the state of the neuron over a larger timescale. Next, the activation of astrocytes

is manifested by Ca2+ bursts and pulses. The transient elevations of Ca2+ are correlated

with intermittent potentiation of firing activity and synchronization r(t) in the popula-

tion. The dynamics of r(t) shows that upon activation of astrocytes the network can
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switch from a baseline synchronization to full synchrony.

The resulting behavior of astrocyte-mediated intermittent synchronization is discussed

from results shown in Fig. 4.4. For unidirectional coupling [Fig. 4.4 (a)] the order

parameter r̄ reaches a plateau with incremental gs (around 1.8 ≤ gs ≤ 4.8). The tran-

sition regime appears to be independent of the network architecture. The parameter r̄

settles at r ≈ 0.51 for exc-full and r ≈ 0.45 for exc-nns and inh-nns. The increasing

synchronization reflects the periodic astrocytic influence (amplified by gs) which exerts

episodes of increased firing rate (at equal times for all neurons, given that in this case

astrocytes are not mediated by them) throughout the duration of each Ca2+ oscillation.

Meanwhile, when the astrocytes are modulated individually by their synapses, the order

parameter is sensitive to the network architecture and exhibits nearly full synchroniza-

tion. The networks with excitatory synapses (exc-full and exc-nns) transition around

around 1.8 ≤ gs ≤ 4.8, while adding inhibition (inh-nns) enlarges the transition regime

with a cut-off at gs ≈ 12.5.

Using these results for comparison between network topologies it is shown that under

unidirectional feedback all-to-all connectivity enables higher synchronization followed

by the nearest-neighbor coupling. By allowing neuronal feedback both architectures

can exhibit full synchronization, but all-to-all coupling transitions before the nearest-

neighbor network. This manifests that higher integration increases the frequency of

spontaneous Ca2+ oscillations.

The role of inhibition is observed during bidirectional communication [Fig. 4.4 (a)] by

shifting to higher gs the cut-off to full synchrony. This is a consequence of decreasing

the firing events of neighboring neurons (excitatory). In turn, lower firing activity re-

duces the concentration of released glutamate to the mGluRs from which astrocytes are

stimulated. Increasing gs counterbalances the inhibition in the network and increases

further the frequency of Ca2+ events. This manifests the role of inhibitory neurons in

tuning the coordination of neurons by joint effect with the astrocytes.
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Figure 4.4: Order parameter r̄ as the coupling gs is varied. Inset: dependence of the average firing
rate v upon r̄. Plots are shown for (a) unidirectional and (b) bidirectional communication. Each marker
represents a network architecture: black circle [exc-full, Fig. 4.1 (a)] , blue square [exc-nns, Fig. 4.1 (b)]
and red cross [inh-nns, Fig. 4.1 (c)].

4.5 Astrocytic modulation of information-processing for

neuronal ensembles

We calculate integrated information using a mismatched decoding Φ∗ following the

description of above for each network architecture for varying gs and timescales τ . In

the resulting heatplots, we show the integrated information for both unidirectional [Fig.

4.5 (a)] and bidirectional coupling [Fig. 4.5 (b)].

These results show the visible impact of the coupling configuration between neurons

and astrocytes. Particularly, the bidirectional feedback significantly enhances Φ∗ for all

the networks under analysis in comparison with the unidirectional case. Next, Φ∗ is

maximized at two synaptically relevant timescales τ1 ≈ 2ms and τ2 ≈ 20ms. These re-

sults possibly reflect the time correlations induced in the system due to spiking-bursting

dynamics and the input noise. The first peak corresponds to considerable correlation

at short-term that can be integrated as information in the system’s dynamics (seen as a

whole). The second peak is arguably related to correlations between the firing patterns.

An instance of such behavior is shown in Fig. 4.6. The curves correspond to Φ∗ obtained

for the excitatory network with all-to-all coupling (exc-full) for different gs. It appears

initially that both peaks reflect the neuron-neuron dynamics as Φ∗ is nonnegative at
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Figure 4.5: Integrated information Φ∗ for varying gs and τ . Each column indicates the network under
consideration (shown in Fig. 4.1). Top row (a) shows the results for the unidirectional feedback from
astrocytes and (b) the bidirectional neuron-astrocyte communication.

gs = 0. Nonetheless, the astrocytic interaction sharpens these peaks for incremental gs

resulting in dominant timescales in the system’s evolution. Furthermore, a comparison

between Fig. 4.6(a) and (b) shows that bidirectional astrocyte–neuron communication

strengthens Φ∗ substantially more.

We then choose a timescale τ that maximizes Φ∗ across all the networks for the system

in question (τ = 2ms). Comparing Figs. 4.7(a) and 4.7(d) we observe the difference

in Φ∗ dependencies upon gs in the case of unidirectional and bidirectional coupling,

respectively. Overall, it is noted for all the networks that the information generated by

the system due to the astrocytic influence mediated by neuronal signaling outweighs

the case of unidirectional feedback only (in fact, Φ∗ can be up to five times higher).

Similarly, Φ∗ is found to grow and peak around the transition regime to synchronization

previously discussed in Sec. 4.4.1. As shown in Fig. 4.7(a) (unidirectional feedback),

the transition of Φ∗ has sigmoid-like shape that resembles the behavior of r̄ [Fig. 4.22

(a)]. Here, the integrated information settles around Φ∗ ≈ 0.021 (exc-nns) and Φ∗ ≈
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Figure 4.6: Integrated information Φ∗ for different coupling values gs and varied timescales τ . The
network architecture corresponds to exc-full [Fig 4.1(a)] for (a) unidirectional and (b) bidirectional cou-
pling.

0.018 (exc-full and inh-nns). Likewise, in 4.7(d) (bidirectional feedback) the integrated

information peaks in the transition regime and smoothly decreases afterward. This drop

corresponds to the region of full synchronization in which the Ca2+ remains in a stable

high concentration.

Additionally, making a comparison between network architectures we find that the

network exc–full (all-to-all coupling) transitions prior exc-nns (nearest-neighbor cou-

pling). Nonetheless, for both unidirectional and bidirectional coupling, exc-nns exhibits

higher Φ∗ for incremental gs. This is because all-to-all coupling has higher integration

(in turn, the parts of the system are more correlated as shown in Figs. 4.7 (c) and (f)),

while nearest neighbors sustain a heterogeneous arrangement. Thus, the local inter-

actions of exc-nns enable higher Φ∗ since the system may exhibit a larger number of

patterns (i.e., possible binary states) but yet integrated enough.

We remark that the availability of patterns is intrinsically related to the intermittent

synchronization previously exposed. On one side, the unidirectional coupling from as-

trocytes can be understood as a periodic forcing (and identical for all neurons) in the

network. Therefore the associated firing states are shared among the population. Mean-

while, for bidirectional signaling, the intermittent synchronization is state-dependent.

Allowing local interactions through the nearest neighbors ensures that the system does
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Figure 4.7: Measures Φ∗ (decoder-based integrated information) , ΦWMS (net synergy) and IAB (mu-
tual information). Left column (a),(b) and (c) indicates values associated with unidirectional feedback
from astrocytes. Right column (d), (e) and (f) shows values for the bidirectional neuron-astrocyte com-
munication. Φ∗ and ΦWMS are reported at τ = 2 ms. Legends are defined as in Fig. 4.4.

not fully synchronize favoring high Φ∗.

Next, by adding an inhibitory neuron we follow similar arguments for Fig. 4.22 in Sec.

4.4.1. While for unidirectional astrocytic stimulation the integrated information is not

sensitive to gs, for the bidirectional case the inhibition widens the transition regime and

right shifts the point in which Φ∗ is maximal. These results support again the interplay

between the synchronization mechanism and Φ∗.

Finally, after Ca2+ settles at high concentration (during bidirectional feedback), Φ∗ de-

clines, which is associated with increased spatial correlation [Fig.4.7 (f)].
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To confirm our results we additionally consider the net synergy ΦWMS and mutual

information between halves of the system IAB (or spatial correlation) and we further

relate these results with our observations made in Sec. 4.4.1.

Overall, ΦWMS and IAB smoothly increase with gs in the same region as the order

parameter r̄ (and Φ∗ in view of our previous discussion). The net synergy peaks at the

transition point to full synchronization followed by a drop for both bidirectional and

unidirectional coupling. Meanwhile, the correlation continuously increases for all the

cases considered here. As a consequence, Φ∗ and ΦWMS are maximized at intermediate

values of correlation, which endows the system to have a balance between integrative

mechanisms to act as a single unit but differentiated enough to exhibit independent

dynamics among its constituents.

In the same line, two limiting behaviors are possible: (a) gs = 0, there is null astrocytic

feedback, and r̄ is minimal. In turn, ΦWMS is nearly zero for all the networks and (b) gs

post-transition, the system is increasingly correlated and redundancy grows as ΦWMS

decreases.

Further analysis of the network’s architecture reveals that all-to-all coupling (exc-full)

has the highest IAB with respect the other ensembles. Nevertheless, it also has the lowest

Φ∗. In contrast, inh-nns is the least spatially correlated according to IAB, but still, its

synergistic contributions surpass exc-full. The network with nearest-neighbor coupling

(exc-nns) has intermediate values of correlation in comparison with the other systems,

but Φ∗ and ΦWMS are dominant.

Consistent with observations made for the order parameter r̄ and Φ∗, the metrics IAB

and ΦWMS for unidirectional feedback are small as opposed to the values obtained for

joint signaling between neurons and astrocytes.

In summary, joint communication between neurons and astrocytes increases spatial in-

teractions. Yet, the signaling of astrocytes mediated by the neuronal activity enables

intermittent synchronization in a state-dependent manner. This exerts synergistic ef-

fects on the system’s dynamics. That is, the generated information by the system from

decoding its past is higher than the total contribution of its components. Therefore the
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joint dynamics of the neurons in the network are irreducible to its elements, despite

receiving an uncorrelated input per neuron. Thus, these observations hint at the role of

astrocytes in obtaining efficient neural representations.

Figure 4.8: (a)-(c) Integrated information Φ∗ for different stimulation frequencies λ and timescales τ :
(a) exc-full network [Fig. 4.1 (a)] with fixed coupling gs = 2.5 and (b)-(c) inh-nns network [Fig. 4.1 (c)]
with gs = 7.5. Unidirectional feedback is denoted by (ud) and directional (bd). (d) Φ∗ for fixed τ = 2
ms and varied λ. Markers : exc-full (circle), inh-nns (ud) (square) and inh-nns (bd) (cross).

Lastly, we report the dependency of the neural network upon the strength of the input

stimuli. In Fig. 4.8 we plot the dependency of Φ∗ for λ and τ . For both unidirectional

astrocytic stimulation and bidirectional signaling there appears two peaks at the same

timescales τ1 and τ2 reported previously. For unidirectional coupling (exc-full and inh-

nns) the integrated information is positively correlated with λ. However, the rate of

change is negligible [Fig. 4.8(d)]. Meanwhile, for bidirectional coupling (inh-nns) we

can observe that increasing synaptic activity leads Φ∗ to transition around λc ≈ 24Hz
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from Φ∗ ≈ 0.01 at 20Hz to Φ∗ ≈ 0.08 for λ > λc. In fact, after such a transition Φ∗

grows linearly with λ with a comparable rate to the one observed for exc-full and inh-

nns. This results from increasing the frequency of Ca2+ events up to over-excitation, in

which case Ca2+ concentrations settle at the high state.

4.6 Summary and further outlook

We investigated the characteristics of synaptic information transmission due to astro-

cytic modulation using a biophysically realistic computational model. We discuss the

collective behavior in terms of synchronization and collective integration of informa-

tion.

Our analysis indicates that due to joint neuron–glia interaction astrocytes can modulate

the dynamical complexity measured through the generation of information by the neu-

ronal system as a whole (using Φ∗ as a reference metric). This is further linked with

episodes of spike synchronization in neurons mediated by short-term potentiation of the

synaptic current.

This suggests that the synaptic information transfer is modulated by the spiking coordi-

nation imposed by the bidirectional feedback between neurons and astrocytes. In turn,

the information generated by the joint dynamics of the system of neurons is significantly

increased in comparison as if we looked at the independent contribution of subsets of

the neural network.

These observations were further supported through the estimation of net synergy and

mutual information indicating that the mechanism of synchronization exerted by the

astrocytes modulates the balance between highly correlated and randomly generated

firing activity. Within the same regime, it is also found that there is an optimal degree

of synchronization in which the information generated by the system as a whole is

maximized.

These results were consistent with different excitatory and inhibitory synaptic connec-

tivities and input stimuli. In particular, it is shown that the neural representation of stim-
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uli in heterogeneous networks has a greater synergistic contribution. This is because it

allows highly distributed states through local interactions, while the astrocytic feedback

enables global integration. Also, inhibitory synapses seem to modulate the positive

feedback neuron-astrocyte by down-regulating the glutamate release onto PLCβ.

Overall, our model suggests that intermittent states of synchronization led by cross-

signaling between neurons and astrocytes favor the emergence of Φ∗. This indicates

that the joint interaction of neurons appears to represent random stimuli integrated over

short-term timescales greater than the total contribution of its components.

According to previous reports Φ∗ is favored at the boundary areas between random and

ordered phases [25, 27, 153]. For example, this situation takes place during metastable

conditions and phase transitions in self-organized criticality. Intermittent dynamics in

complex systems have been associated as an emergent property of generic coupled os-

cillators near criticality [154]. On the other hand, as evidence suggests, the brain relies

on the switch between semi-synchronized states as a working condition [155] which is

characterized by balanced activity patterns. Further studies relate this coordination with

the degree of criticality observed in neuronal avalanches [156, 157, 158]. These scenar-

ios provide the brain the functional specialization and functional integration, arguably

related to the conscious experience and higher-order processes.

In addition, astrocytes endow a balanced activity between excitatory and inhibitory con-

tributions through dynamic coordination. In that way, impairment of astrocytic behavior

would suggest that the equilibrium is a shift from the critical regime. Improperly orga-

nized coordination such as high intermittency or glutamatergic over-excitation is related

to multiple neurological disorders [159, 160, 161]. In our modeling approach, we relate

the emergence of a large Φ∗ with the switch to synchronized states. In such a case, the

neural network has a balanced spread of input excitability, but the whole network acts

as a single processing unit. In other words, the information generated by the system’s

cause-effect interactions is greater than the sum of its components.

Before finalizing, we want to stress two further remarks. First, note that the calcium

wave patterns in astrocytes are sensitive to the glutamate signaling through joint cou-
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pling between IP3 and Ca2+ dynamics. In this way, the characteristics of intermittent

synchronization, such as frequency and duration of synchronization windows depend

on the neuronal activity through coupling via PLCβ. Due to computational limitations,

our estimations of information-theoretical measures are reduced to a subset out of the

full repertoire of calcium patterns. Further research is needed if we aim to quantify

integrated information at the astrocytic timescale. Nonetheless, due to the mechanism

of synchronization at synaptic timescales, there is a clear enhancement of integrated

information due to bidirectional neuron-astrocyte communication.

Lastly, it is plausible that in larger systems, astrocytes mediate synchronization between

groups of neurons to propagate spatiotemporal patterns across different areas through

intermittent synchronization. Previous works suggest that conscious processing may

relate with the integration of neural signals coming to astrocytes inducing Ca2+ release

when the unstable state of IP3 activity reaches a fixed point [143]. It is also shown that

astrocytes can switch synaptic plasticity between depression and potentiation in groups

of synapses for learning tasks [162].
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Chapter 5

Multi-scale modeling of

astrocyte-mediated synaptic

information transmission

5.1 Introduction

In Chapter 4 we studied the effects of intermittent synchronization exerted by astrocytes

in a minimal neural network. It was found that the representation of independent stimuli

by the network’s dynamics is irreducible to its components mostly due cross-signaling

between neurons and astrocytes. It was found that by tuning the potentiation of synaptic

transmission via gliotransmission, the synergy of the population code can be modulated.

In this way, we observe that neuron-astrocyte bidirectional communication may play a

fundamental role in the integration of input stimuli for neuronal communication.

In this final chapter, we extend these observations to a large-scale system using a

multi-scale approach. This is motivated by accumulated evidence that characterizes

the spatio-temporal properties of Ca2+ astrocytic signaling elicited by different levels

of neuronal activity [4, 123, 152, 163, 164].

At one level, astrocytic processes are sensitive to local active synapses evoking calcium
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microdomains signals. These are characterized as being localized and fast. The calcium

concentration can trigger the release of multiple gliotransmitters that, as mentioned in

the previous chapter, can have multiple pathways to modulate the synaptic transmis-

sion. Of particular interest is the astrocytic glutamate since it is well characterized in

the hippocampal region [4, 125]. It is found that this can potentiate the excitatory trans-

mission by binding in N-methyl-D-aspartate receptors (NMDARs) in the dentate gyrus

or metabotropic glutamate receptors (mGluRs) in the CA3-CA1 [120, 135, 165, 166].

Likewise, it can transiently inhibit the synaptic current by binding in presynaptic kainate

receptors [167]. These local interactions can be elicited even with a low level of synap-

tic activity resulting in fine changes in the efficacy of release [121, 122, 126, 163, 168].

This mechanism can be long-lasting when the release of astrocytic glutamate coincides

with postsynaptic neuronal depolarization [169]. In the same manner, it is also shown

that astrocytes can coordinate at a larger spatial scale. For example, glutamate can bind

NMDARs in pyramidal neurons inducing synchronization with high precision in clus-

ters of closely spaced neurons through long-lasting tonic currents. This latter one can

induce single to multiple action potentials [132, 133, 169].

The mechanisms that define local or global feedback remain unclear. However, a po-

tential hypothesis is linked to the extended morphology of the astrocyte cells [129, 170,

171]. It is found they occupy non-overlapped territories covering multiple synapses

through their processes. Thus, low-frequency synaptic activity is mediated by focalized

calcium microdomains. As the synaptic frequency increases, the calcium can propagate

enabling the astrocyte to regulate a higher number of neurons, including even synapses

in distinct locations [129, 139].

This multi-level interaction results in metabolic regulation, modulation of informa-

tion transfer, and memory encoding in the brain. There is evidence that supports the

role of astrocytes in different ways of Hebbian and non-Hebbian forms of plasticity

[4, 172, 173, 174]. For example, long-term potentiation (LTP) can be induced through

activation of postsynaptic NMDARs followed by slow inward currents (SICs) [175].

These later ones can also be induced extrasynaptically, which contribute to learning and

synaptic plasticity [176]. Other forms of LTP can be triggered by the coincidence of
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astrocytic glutamate released and postsynaptic activity. This can be a consequence of

the facilitation of synaptic release in presynaptic terminals which enables higher cor-

relations between pre and postsynaptic terminals [166, 177, 178]. In the same way,

gliotransmission can mediate through binding in presynaptic NMDARs long-term de-

pression (LTD) of excitatory transmission in the neocortex [179]. Nonetheless, the role

of astrocytes in synaptic plasticity is unclear. This is because some forms of synap-

tic plasticity rely on neuronal interaction only, while in some others the astrocytes are

involved. Overall, these observations suggest that astrocytes mediate synaptic transmis-

sion through neural excitability, synchronization, and plastic modifications.

The interplay between synchronization and spike-timing-dependent plasticity (STDP)

via bidirectional coupling with astrocytes was studied theoretically using a computa-

tional model that incorporates SICs [180]. The authors propose that global calcium

signals can support dynamical coordination and induction of LTP through a supervised

learning-like mechanism induced by gliotransmission in nearby synapses. Another

study, including experimental features of gliotransmission and short-term plasticity in

glutamatergic signaling, provides theoretical arguments about the influence of astro-

cytic glutamate in the modification of STDP. Their findings suggest that both presy-

naptic modulation and SICs may evoke different mechanisms of plasticity induction

such as LTP and LTD provided that different biophysical constraints are satisfied [181].

This learning potential has been used as well in deep learning research for building in-

spired neuron-glial networks with multi-layer feed-forward architectures [182]. More

recently, in our group, the role of NMDAR-mediated inward currents in working mem-

ory for pattern recognition is being investigated. More precisely, by induction of local

spatial synchronization of neurons through astrocytes, the short-term synaptic plasticity

is modified to store and retrieve patterns [183].

As seen, the involvement of astrocytes in neural information-processing is well sup-

ported. It is particularly intriguing its role in encoding information in the brain. Being

aware that they can integrate spatio-temporal synaptic activity, it is natural to ask to

which extent these cells contribute to the synergy of the population. This may account

for information-processing within a brain region or the binding of information of dis-

113



CHAPTER 5. MULTI-SCALE MODELING OF ASTROCYTE-MEDIATED
SYNAPTIC INFORMATION TRANSMISSION

tributed processing in different brain areas. Consequently, this sort of processing may

have a constructive influence on developing conscious states or higher-order processes.

This perspective remains largely unknown although it has been suggested previously

[184]. In particular, it would be relevant to explore the role of the astroglial domain

configuration in the integration of information [137, 185].

According to the results presented in the previous chapter, we showed through information-

theoretic tools that short-term potentiation, due to the effect of gliotransmission, may

contribute to regulate the causal interactions of the population code through the emer-

gence of integrated information. In this chapter, following the observations presented

above, we propose a model that accounts for the spatially extended configuration of

astrocytes. Our model is representative of the neuron-astrocyte interactions at synap-

tic sites by including short-term potentiation of synaptic transmission (through mi-

crodomain signaling), and it accounts for the emergence of a global Ca2+ in astrocytic

territories (due to the integration of total synaptic activity) leading to intermittent syn-

chronization. To highlight the spatial aspects of the astrocyte we use a modular network

of neurons with connector hubs, in which each cluster is under the influence of an as-

trocyte cell, while intra-cluster neurons are regulated by microdomain signaling due to

astrocytic processes.

Thus we study the functional role of astrocytic calcium signaling in integrating stimuli

in the whole network and in the efficiency of the population to represent input stimuli

(in terms of the mutual information), and the emergence of integration of information.

Additionally, we provide evidence of the role of astrocytes in the induction of STDP and

its functional role for neural processing using a quantitative analysis via information-

theoretic measures.
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5.2 Model description

5.2.1 Neuron-astrocyte network model

In this model, we try to implement a biologically plausible organization of bidirec-

tional neuron-astrocytic interaction. The neural network is organized as a community-

structured network following [186].

This latter is to characterize the cell-level response observed in protoplasmic and hip-

pocampal astrocytes by considering them as anatomically extended elements that cover

clusters of neuronal elements forming non-overlapping domains of neurons [4]. Within

each of these regions, the astrocyte holds a ramified structure in which its processes

connect to neighboring synapses. In turn, this network structure supports the role of

localized fast Ca2+ responses (due to primary processes interacting with active lo-

cal synapses) and long-lasting Ca2+ elevations as a global response (after integration

of the synaptic activity derived by the whole cell’s processes at a slower timescale)

[120, 122, 124, 185, 187].

In turn, the neurons under the influence of a single astrocyte can be depicted as a distinct

highly intra-connected region. This implicitly assumes that neurons establish connec-

tions with nearby elements within a short range. Meanwhile, it is assumed that neurons

can interact with longer-range projections to sites covered by other alien astrocytic do-

mains. This kind of neuronal topology proposes that astrocytic domains can be seen

as connector hubs in the brain. Indeed, this type of network is found predominantly in

regions associated with neurocognitive functions [186, 188, 189, 190].

From a modeling perspective, we consider glutamate-mediated neuron-astrocyte signal-

ing, which is well characterized experimentally in the hippocampal region. Our model

considers distinct pathways to enable bidirectional communication between neurons

and astrocytes: (1) every astrocyte process integrates the local input of neighboring

synapses; (2) this mechanism induces glutamatergic gliotransmission mediated by cal-

cium elevations. The release of astrocytic glutamate binds metabotropic presynaptic

receptors inducing short-term facilitation; (3) these local calcium events are spatially
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and temporally integrated by each astrocyte cell. This latter triggers SICs in the nearby

neurons under their influence enabling dynamical coordination.

The model is built phenomenologically from previous formulations. The neuronal dy-

namics include the effect of short-term plasticity using the Tsodyks and Markram model

[191]; the glutamate signaling follows the description provided by [192]; the local astro-

cytic dynamics is described by the calcium induced-calcium-release mechanism using

the model equations proposed by Li and Rinzel [148]; the synaptic transmission me-

diated by astrocytes is motivated by the functional form of the synaptic conductance

discussed in the previous chapter and introduced in [26]. Finally, the extension to astro-

cytic domains was motivated by the multiple modeling framework introduced in [180].

D2
D1

(m,n)

(m,n)

Astrocyte cell 

k=2

k=1

Gap junction

Figure 5.1: neuron-astrocyte network. Each astrocyte k has a extended morphology that covers mul-
tiple synapses forming non-overlapping domains Dk. Each astrocytic process (m,n) interacts with one
neuron only inducing fast calcium signals upon activation from synaptic activity [Fig. 5.2]. The astro-
cyte k integrates the signal from all the processes in a slower timescale and feeds back to the full domain
by a synchronous current to enable dynamical coordination. Neurons are connected by a community-
structure network [Sec. 5.2.2]; astrocytes are connected by gap junctions. Here we show k = 2 domains
for schematic representation.
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5.2.2 Network architecture

In this work we consider the induction of astrocytic modulation of excitatory synaptic

transmission. Calcium imaging shows that hippocampal pyramidal neurons can cover

on average 2-4 neurons but up to 12 neuronal somatas, and 300-600 neuronal dendrites.

Similarly, cortical astrocytes are shown to cover on average 4-8 neurons and hundreds of

dendrites [171]. In addition, glutamate released from astrocytes can coordinate neigh-

boring neurons through the generation of SICs. However, the number of neurons that

one astrocyte can cover remains unclear.

Overall, astrocytes are able to coordinate small clusters under its influence. As a con-

sequence, experimental reports have proposed the organization of cluster of synapses

under the influence of non-overlapping astrocytic domains. Thus, the astrocyte cells

can coordinate small clusters of neuronal somatas, while their processes can mediate

synaptic transmission at dentrites and synapses [4, 132, 171].

Following the experimental observations described above we propose a neural net-

work’s structure with the arrangement of modular networks of N neurons composed

of D independent modules [186], each one containing Nd neurons. Using this approach

every module is unwrapped by an astrocyte cell. The neurons are connected randomly

with a connection probability pi within each module (i.e., the selection of pi defines

the clustering degree of the neural network. Thus, the parameter pi is proportional to

the spatial integration). This defines closely spaced neuronal connections, which are

separate but highly intraconnected clusters of neurons. Then we define intramodular

connectivity following the method introduced in [186]. That is, a subset of the intra-

cluster synapses is rewired to set connections with inter-domain neurons. To do so, for

each neuron in the network an incoming synaptic input is chosen at random (with prob-

ability p0). Then the original intracluster connection is replaced with a new incoming

connection with a neuron from a different cluster (i.e., p0 sets the degree of segregation

in the network due to sparse connectivity). This procedure ensures that the number of

nodes, connections and in-degree number kin are preserved. This is particularly impor-

tant for our analysis as we avoid biases in the amount of neurotransmitter that reaches
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each neuron (per domain) [Sec. 5.2.5].

Finally, the selection of parameters pi and p0 considers the balance of weakly coupled

neuronal domains of largely independent activity [186].

5.2.3 Neural Model

We designed a neuron-astrocyte network composed of N = 120 excitatory neurons

[Fig. 5.1]. The dynamics of the membrane potential is described by the Izhikevich

model [68]

dvj
dt

= 0.04v2
j + 5vj + 140− uj +

∑
i

Im
ij + asic

∑
k

δjkI
k
s + I0,j (5.1)

duj
dt

= a(bvj − uj) (5.2)

if vj ≥ 30 mV then,  v → c

u → u+ d
(5.3)

where the subscripts (j = 1, . . . , N) correspond to a neuronal index; vj denotes the

membrane potential in mV at time t ms, and ui is a membrane recovery variable. The

parameters a, b, c, d are dimensionless and define the different firing patterns (for further

reference, see Table 5.1) In this work we set these ones to display spike frequency

adaptation (regular spiking, typically found in the cortex and hippocampus [193] ).

Each neuron j receives an externally applied signal I0,j [Sec. 5.2.7] and Im
ij stands for

the synaptic current from the presynaptic neuron i [Sec. 5.2.4]. Each postsynaptic neu-

ron integrates the incoming synaptic signal and is further modulated by its astrocyte pro-

cess m = (m,n). We also assume that each process m interacts with one postsynaptic

neuron j only. This signaling pathway is consistent with experimental observations of

perisynaptic astrocyte processes found in the hippocampal region [168, 170, 181, 194].

Finally, Ik
s represents the slow-inward current in domain k = 1, 2, 3, 4 [Sec. 5.2.6.4]
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Table 5.1: Neural network parameters

Parameter description Value [68, 192]

N number of neurons in the grid 120
pi connection probability (intracluster) 0.3
p0 rewiring probability 0.1
kin in-degree connections per each neuron 10
a time scale of the recovery variable 0.02
b sensitivity of the recovery variable 0.2
c after-spike reset value of the membrane potential – 65 mV
d after-spike reset of the recovery variable 8.0
E0 Synaptic reversal potential for excitatory synapses 0 mV
τg neurotransmitter clearance rate 50 s−1

ag max neurotransmitter release rate 2500 µM

The parameters for the Izhikevich model were fitted for excitatory neurons to display regular spiking.

Table 5.2: Short term plasticity model

Parameter description Value

Uo baseline release probability (mean) 0.5
τd depression time constant (mean) 200 ms
τf facilitation time constant (mean) 800 ms
τe resources clearance time constant 20 ms

and δmk is the Kronecker delta

δjk =

 1 if neuron j is covered by domain k

0 otherwise
(5.4)

5.2.4 Synaptic plasticity dynamics

Each neuron receives a conductance-based synaptic input (for excitatory neurons, exci-

tatory postsynaptic current, EPSC)

Im
ij = rig

m
ij(vj − E0,i) (5.5)

where the synaptic conductance rigm
ij in Eq. (5.5) incorporates neuron-to-neuron inter-

actions mediated by short-term plasticity [Sec. 5.2.4.1]. Note that the EPSC is mod-

ulated via gliotransmission from process m [Sec. 5.2.4.2]. This synaptic current is
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inspired by our previous model introduced in Chapter 4 with further modifications as

will be detailed below.

5.2.4.1 Short-term plasticity (general considerations)

The model assumes that at the synaptic cleft each presynaptic i neuron has a limited

amount of neurotransmitter resources (e.g. glutamate) that can be used for synaptic

transmission. At each firing time ts the fraction of released resources is dependent

upon previous states due to vesicle depletion. Here we use the formalism introduced by

Tsodyks and Markram to describe phenomenology the dynamical synapse [191, 195,

196].
dri
dt

= − ri
τe

+
∑
s

x−i u
+
i δ(t− ts) (5.6)

where ri denotes the released resources, ts the firing time and τe is the clearance rate.

The variable xi describes the fraction of available resources to be released at any time.

At each ts a fraction ui of these latter ones is used, where ui can be interpreted as

the probability of release from synaptic vesicles initially docked [195]. In biological

terms, each spike increases the calcium influx to the presynaptic terminal by a fraction

Uo of (1 − ui). Later, after release, each vesicle recovers its original neurotransmitter

concentration at a rate τd, while the available synaptic vesicles become docked at a

constant rate τf.

Here we denote x−i and u−i (x+
i and u+

i ) the corresponding variables just before (after)

each firing time ts.

dxi
dt

=
1− xi
τd
−
∑
s

u+
i x
−
i δ(t− ts) (5.7)

dui
dt

= −ui
τf

+
∑
s

Uo(1− u−i )δ(t− ts) (5.8)

The interplay between parameters Uo , τd and τf allows the model to display multiple

firing patterns based on the synaptic weight of individual synapses. The synaptic trans-

mission can be decreased (depression) or enhanced (facilitation) in a state-dependent

way in terms of the available resources of the presynaptic terminal. This is mediated
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by frequency and timing of preceding presynaptic activity [192]. In our case, accord-

ing to the parameter set in Table 5.2 , on average it is satisfied that Uo < τf/(τf + τd).

This follows by setting a heterogeneous synaptic connectivity by choosing normally

distributed parameters Uo, τd and τf with a standard deviation of 10 percent of its mean

value. This implies that on average the released resources initially increase to a max-

imum frequency (facilitation regime) followed by a decrease of resources (depression

regime). Otherwise the synapse is depressing, which has compensatory effects to pre-

vent overexcitation in the network due to high firing rates.

5.2.4.2 Extending short-term plasticity with astrocytes

The synaptic conductance associated with each spike time can be expressed as

∆Im
ij = rig

m
ij (5.9)

where gm
ij describes the synaptic input, and is defined as

gm
ij = wij(1 + gsY

m
A ) (5.10)

where wij denotes the neuron-neuron synaptic weight. In this work we follow two main

descriptions: (1) wij is fixed by choosing it from an uniform distribution U[0, gmax]

(random) and (2) wij can be updated by using STDP [Sec. 5.2.4.3].

This model incorporates temporary changes in the synaptic weight due to astrocytic

signaling using the available concentration of gliotransmitter Y m
A [Sec. 5.2.6.2]. This

latter is released at nearby synapses due to astrocytic exocytosis (per each m). The

neuron-astrocyte coupling strength is described by gs.

Therefore, gm
ij is modulated by the state of wij and scaled by ri. Once a presynaptic

neuron fires the synaptic modification induced by the astrocyte process m is given by

wijgsY
m
A . If gs > 0 the synaptic transmission is potentiated, while for gs < 0 this

one is said to be depressed (such that gm
ij ≥ 0). This formulation is consistent with

observations about induced potentiation (and inhibition) at the CA3-CA1 region and
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dentate gyrus via release of astrocytic glutamate [4, 119, 121, 124, 135]. Furthermore,

the variable Y m
A can incorporate short and long-term effects based on the clearance rate

imposed and peak amplitude of the gliotransmitter.

5.2.4.3 Plasticity model (long-term potentiation)

The synaptic weight wij can be modulated by a dynamic rule that takes into account the

correlated activity of the neuronal activity enabling lasting effects in the connectivity

among the neurons.

This form of plasticity has been proposed by the Hebb’s rule, which describes that post-

synaptic activity following a presynaptic spike must strengthen the connection between

them over time [197]. Hebbian forms of plasticity have been observed in multiple brain

areas supporting the learning of temporal structures [198, 199], development of neural

circuits such as in the receptive field, and competition between synapses [200, 201].

Due to its long-lasting effects, it is thought to be the neural basis of associative long-

term memory [202].

In the canonical form of STDP, it is indicated that in a pairwise system a presynap-

tic neuron spike that precedes the spike of a postsynaptic neuron produces a long-term

strengthening (LTP) of synapses. Conversely, if a postsynaptic neuron fires before its

presynaptic neuron then the synaptic weight is weakened in the long term (LTD). Larger

changes are associated with small time differences between the spiking times. In this

way, the synaptic weight will be sensitive to the timing patterns of neurons in the net-

work. The functional form of STDP can be written as

∆w =

A+ exp (−∆t/τp) , if ∆t > 0

A− exp (∆t/τm) , if ∆t < 0

(5.11)

where ∆t = tpost − tpre, ∆w provides to which extent the synaptic weight can be

modified from pre- and postsynaptic spikes at tpre and tpost, respectively. Parameters

τp and τm denote the potentiation (depression) decay time constants, while A+ and

A− describe the maximal potentiation (depression) updates [203] (see Table 5.3 for
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further reference). In addition, for biological reasons, it is desirable to keep the synaptic

weights in a range to avoid unbounded firing rates. Thus, for our simulations wij will

be updated by wij∆wij , such that wij,min = 0 and wij,max = gmax (STDP); otherwise

wij will taken from distribution U[0, gmax] (random).

It is reported that increasing neuronal synchronization gates LTP in the hippocampus

and the neocortex for memory consolidation [179]. These long-term forms of plasticity

further induce correlations among neurons to form a new memory since the properties

of the stimulus that activated them are associated among them [204].

Table 5.3: Plasticity parameters

Parameter description Value [203]

A+ LTP rate 0.05
A− LTD rate 1.05A+

τp LTP decay time constant 20 ms
τm LTD decay time constant 20 ms
gmin minimum weight value 0.0
gmax maximum weight value 0.08

5.2.5 Signal integration

Excitatory activity is represented by the total amount of glutamate released at neuron i

by the following equation [192]

dGi

dt
= −Gi

τg
+
∑
s

agriδ(t− ts) (5.12)

upon spike at ts there is a release of neurotransmitter concentration agri in the extra-

cellular space. Here ag represents the released amount of neurotransmitter (determined

by the synaptic vesicle-to-extracellular space volume ratio and total neurotransmitter

concentration in the vesicles,Table 5.1).

Each astrocyte process m (associated to a postsynaptic neuron j) is stimulated by the to-

tal glutamate averaged over all the synapses that interact with it by the effect of mGluRs

binding [170].
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We define the total neurotransmitter concentration integrated for each process m

Gm
T =

∑
i

δij
Gi

kin
(5.13)

where kin is the in-degree number per neuron j and δij is the Kronecker delta defined

by the connectivity network [Sec. 5.2.2].

δij =

 1 if neuron i is connected to j

0 otherwise
(5.14)

Finally, recall that for each neuron j is linked to an astrocytic process m.

wij
i

j

m

Figure 5.2: Schematic representation of astrocytic process m = (m,n) integrating the glutamate
signals, Eq. (5.13) from presynaptic neurons i. Each postsynaptic neuron j has an associated process
that modifies (short-term) the synaptic current. Here wij denotes the synaptic weight.

5.2.6 Astrocytic dynamics and bidirectional feedback

5.2.6.1 Reduced model for astrocytic Ca2+ and IP3 dynamics

We use a reduced version of the modeling approach introduced in the previous chapter

[Sec. 4.2.4] to model the calcium-induced-calcium-released mechanism. In particular,

astrocyte Ca2+ and IP3 dynamics [148] shown below can be seen as a particular case of
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Table 5.4: Astrocytic network parameters

Parameter description Value [130, 192, 205]

τIP3 IP3 clearance rate 7.143 s
IP3∗ IP3 steady state 0.6 µM
c0 total free Ca2+ concentration (cytosolic vol) 2.0 µM
c1 ratio between ER vol and cytosolic vol 0.185
v1 max Ca2+ channel flux 6.0 s−1

v2 Ca2+ leakage rate 0.11 s−1

v3 maximum ATP-Ca2+ pump uptake rate 2.2 µMs−1

k3 activation constant for ATP-Ca2+ pump 0.1 µM
a2 IP3R binding rate for Ca2+ inhibition 0.2 µMs−1

d1 dissociation constant for IP3 0.13 µM
d2 dissociation constant for Ca2+ inhibition 1.049 µM
d3 receptor dissociation constant for IP3 943.4 nM
d5 dissociation constant for Ca2+ activation constant 0.2 µM
τa rate of recovery of released astrocytic vesicles 1.66 s
Uoa gliotransmitter release probability 0.6
τy gliotransmitter clearance rate 142.86 ms
ay rate of gliotransmitter production 97.69 µM
F max extracellular IP3 flow 0.09 µMs−1

Iθ gliotransmitter clearance rate 0.3 µM
ωI scaling factor of diffusion 0.05 µM

Eqs. (4.7) and (4.10).

dCam

dt
= Jm

ER − Jm
pump + Jm

l (5.15)

dIPm
3

dt
=

IP∗3 − IPm
3

τIP3
+ Jm

Glu + Jm
IP3,diff (5.16)

dhm

dt
= a2

[
d2

IPm
3 + d1

IPm
3 + d3

(1− hm)− Camhm
]

(5.17)

In this way, the balance equation describes three channels, Eq. (5.18). The channel

Jpump models the amount of Ca2+ that is stored in the endoplasmic reticulum (ER) due

to ATP-dependent pump from the cytoplasm, JER describes the flux from ER to the

cytoplasm by the opening of Ca2+ channels due to joint gating of Ca2+ and inositol

1,4,5-trisphosphate (IP3) concentrations, through the binding of IP3 in available recep-

tors IP3Rs, 1− h. The flux Jl characterizes the leakage through the ER membrane.

Observe that we removed the superscript m in the description of the variables associ-
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Table 5.5: Neuron-astrocytic interaction parameters

Parameter description Value [180, 206]

Na number of astrocytic processes 120
Nd number of neurons covered by an astrocyte cell 30
|D| number of astrocytic domains 4
αGlu max rate of glutamate uptake by PLCβ 7.0
kg midpoint of the PLCβ activation function 0.2-0.23
θg slope of the PLCβ activation function 0.01
τsic decay rate of slow inward current 93.77 ms
τs decay rate of stimulus current 100.0 ms
ms magnitude of the stimulus current 20
ma magnitude of slow inward current 0.533
t∗Ca Ca2+ threshold for activation of gliotransmission 0.3 µM
τdCa delay of onset of slow inward currents 2 s

ated to the astrocytic processes. This is in order to simplify the notation used in the

discussion. For further reference with regards to the description of calcium currents the

reader is suggested to consult Sec. 4.2.4.

Jm
ER = c1v1(CamhmIPm

3 )3 (c0/c1 − (1 + 1/c1)Cam)

[(IPm
3 + d1)(Cam + d5)]3

(5.18)

Jm
pump =

v3[Cam]2

k2
3 + [Cam]2

(5.19)

Jm
l = c1v2[c0/c1 − (1 + 1/c1)Cam)] (5.20)

The IP3 is modelled by assuming a basal concentration IP∗3 and constant clearance rate

τIP3. The IP3 production is stimulated via phosphoinositide-specific phospholipase C–β

(PLCβ). This is described by the glutamate current JGlu.

Jm
Glu =

αGlu

1 + exp(−Gm
T−kg
θg

)
(5.21)

whereGm
T is the total neurotransmitter concentration integrated at process m, Eq. (5.13),

kg and θg are the midpoint and the slope of the astrocytic activation, respectively. This

reflects the fact one astrocytic process can envelop multiple synapses [170] (further in-

formation about the astrocytic parameters and physiological discussion can be found in

Tables 5.4 and 5.5).
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Thus, one process requires the activation of its calcium channels through the summation

of local synaptic inputs. High activity will be accounted towards stimulation of IP3. In

this way, the levels of IP3 are maintained while there is stimulus from the synaptic

inputs. The term Jm
IP3 describes the mean-field diffusive flux due to interaction with

other astrocyte cells.

Furthermore, in comparison with our previous model introduced in Sec. 4.2.4 we have

discarded the effect of PLCδ and Ca2+ exchange due to influx and extrusion across the

membrane (i.e., JPLC, Jin and Jout from Eq. (4.10)). The system has been simplified to

allow tractability in the computations of this chapter. According to observations made

in [205], the model allows the coexistence of multimodal Ca2+ oscillations that can be

amplitude modulated (AM) , frequency modulated (FM) or mixed (AFM).

Evoked Ca2+ oscillations are regulated through the IP3 stimulus and biophysical param-

eters including Ca2+ leakage rate, IP3R dissociation constant, and ATP pump activation

constant. For this work, we set these parameters to give rise to FM oscillations. In this

way, the frequency of oscillation is determined by the IP3 concentration. A detailed

bifurcation description can be found in [205].

5.2.6.2 Gliotransmitter release

Astrocytic calcium oscillations beyond a threshold trigger the release of gliotransmit-

ters in the extrasynaptic space [122, 181, 187, 192, 207]. These latter ones enable

modifications in the synaptic transmission through varied astrocyte-synapse signaling

mechanisms. We model the local gliotransmitter dynamics in astrocytic processes as

follows
dY m

a

dt
= −Y

m
a

τy
+
∑
s

ayx
m
a δ(t− t−Ca,s) (5.22)

where Y m
a is the concentration of gliotransmitter released by process m. Time t∗ = t−Ca,s

satisfies that Cam(t∗) = t∗Ca and dCam

dt
(t∗) > 0 where t∗Ca is the threshold for astrocytic

calcium signaling at process m. Parameter ay is the rate of gliotransmission production

and relates to the dimensions and average concentration of astrocytic vesicles. Finally,

τy is the clearance rate of gliotransmitter in the extra-synaptic space.
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The gating variable xm
a represents the fraction of available astrocytic vesicles during

gliotransmitter exocytosis.

dxm
a

dt
=

(1− xm
A)

τa
−
∑
s

Uoax
m
a δ(t− t−Ca,s) (5.23)

where Uoa denotes the gliotransmitter release probability and τa is the gliotransmitter

clearance rate in the extracellular space. In this sense xm
a can modulate the amount

of gliotransmitter Y m
a . For further details about the biophysical description of these

parameters see Table 5.4.

5.2.6.3 Modelling multiple synapses

Experimental reports show that calcium signaling in astrocytes can be initiated from iso-

lated microdomains formed from highly branched processes [129]. These focal events

can propagate intracellularly leading to larger and more global responses, acting over

groups of neurons on a slower timescale. In the hippocampal region, an increase of

intracellular Ca2+ induces the release of astrocytic glutamate which binds to extra-

synaptic NMDARs characterized by inducing neuronal synchrony [132].

The underlying mechanisms that derive in focal or global calcium responses, and the

extent of the astrocytic influence are unclear. However, the role of SICs in eliciting

coordination in groups of neurons, which may have a role in information-processing in

the brain, is widely supported.

From a modeling perspective, we assume that each astrocyte k is composed of multiple

processes, Nd. Each process is composed of a single microdomain that interacts with

multiple synapses (kin synapses per neuron under the influence of the astrocyte cell).

Each process integrates the activity of the associated presynaptic neurons and produces

a unique Ca2+ oscillation upon activation of PLCβ. Microdomain calcium signaling

allows short term modification in the excitatory synaptic transmission for independent

synapses [Sec. 5.2.4.2].

Due to the extended morphology of the astrocyte, the calcium is integrated over its

corresponding cluster of neurons. We ignore the propagation delay within the cell, and
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we assume that the total Ca2+ level is uniform throughout the astrocyte. In this case,

we consider the mean calcium of one domain [180].

Cak = Σm∈Dk
Cam/Nd (5.24)

therefore we average over all the processes m located at domain k. Then, long-range

coordination through SICs takes place if Cak(t∗) = t∗Ca, where t∗ = tCa,d is the time in

which average calcium in domain k crosses the activation threshold t∗Ca from below.

5.2.6.4 Neuronal synchrony mediated by astrocytes

Experimental results show that glutamate released by astrocytes can act on NMDARs

to mediate synchronization in domains of pyramidal neurons [169].

The physiological role of these inward currents is widely associated with the coordi-

nation of neurons. These differ from the EPSCs since the inward currents are char-

acterized by their slower, rise and decay times, which is potentially linked to a slow

release of astrocytic glutamate. Experimental observations support inward currents are

enabled due to astrocytic stimulation mediated by high neuronal activity. In turn, as-

trocytes can signal back within neuronal domains (lasting around 0.6s). Our modeling

approach enables the view of astrocytes inducing slow inward currents in clusters of

neurons through proper levels of synaptic activity. In turn, we introduce SICs in our

description following the model equations introduced in [180].

dIk
s

dt
= − I

k
s

τsic
+mas

k (5.25)

where Ik
s denotes the NMDA-SIC; ma is the intensity of the inward current, τsic sets

the decay time and sk describes the stimulus associated with glutamate exocytosis from

astrocytes
dsk

dt
= −s

k

τs
+
∑
s

msδ(t− (t−Ca,d + tdCa)) (5.26)

where ms represents the stimulus to induce the current; t−Ca,d is the time in which the

average calcium concentration in the cell is above certain fixed threshold. Parameter
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tdCa is a propagation delay for the onset of the calcium elevation in astrocytes due

to individual integration of calcium events from the neuronal group [206], and τs is

the stimulus lifetime. Moreover, following biophysical considerations, we correlate

one calcium event at the cell level with a single release of glutamate to mediate SIC.

The chosen parameters were adjusted following experimental observations in the CA1

region.

5.2.6.5 Astrocyte-astrocyte communication

The astrocytes can exhibit multiple anatomical coupling organizations which have not

been fully understood yet. Some findings support astrocytic coupling by gap junctions

in a proximity-based manner through nearest neighbors in agreement with the idea that

astrocytes form non-overlapping domains.

To account for potential nonlinear dependencies between IP3 signaling and cell perme-

ability the linear diffusion is replaced by an alternative expression proposed in [208]

that takes into account a nonlinear activation function based on a threshold gradient for

effective IP3 diffusion between gap junctions.

Jkl = −F
2

[
1 + tanh

(
∆klI − Iθ

ωI

)]
sgn(∆klI) (5.27)

where Iθ represents a gradient threshold for effective IP3 transfer, F is the maximal

diffusion flux between astrocytes k and l (k, l = 1, 2, 3, 4) and ωI is a scaling factor to

set the slope of increase with the IP3 gradient. Also, ∆klI =IPk3 - IPl3 represents the

gradient of mean IP3 concentration between astrocytes k and l. The mean cytosolic

IP3 is obtained from averaging over all the processes m per astrocyte. This is IPk3 =

Σm∈Dk
IPm

3 /Nd where Dk denotes the domain formed by astrocyte k and Nd = 30 is the

number of processes per astrocyte. Finally, we write

JkIP3,diff =
∑
l

Jkl (5.28)

The diffusion Jkl is bounded by |Jkl| ≤ F , thus |JkIP3,diff| ≤ NnkF , where Nnk is the

130



CHAPTER 5. MULTI-SCALE MODELING OF ASTROCYTE-MEDIATED
SYNAPTIC INFORMATION TRANSMISSION

number of nearest-neighbors for astrocyte k (Nnk = 2 in this work). The diffusion flux

drives the IP3 concentration of the whole cell due to astrocyte-astrocyte interaction.

Then we write

Jm
IP3,diff = δmkJ

k
IP3,diff (5.29)

where

δmk =

 1 if process m is covered by domain k

0 otherwise
(5.30)

i.e., JkIP3,diff represents the flux that each process in k experiences on average due to

mean IP3 concentration variability among domains. Note that we have not included

propagation delays in this case.

5.2.7 Stimulation protocol

The input layer consists of four independent streams. Each stream is associated with

one domainDk, where k = 1, 2, 3, 4. Each stream is composed of five spikes trains gen-

erated from a Poisson process following randomly varying rates rk(t), for k = 1, 2, 3, 4

[Fig. 5.3]. The time-varying behavior of the rates was chosen as follows. For stream

1, the rate is generated from choosing firing rates between 10Hz and 80Hz each 50ms;

stream 2 and 3 were independently updated by choosing either 30Hz or 90Hz every

50ms; stream 4 was generated each 50 ms to have a firing rate of 20Hz with a probabil-

ity of 0.7 with distributed bursts of 120Hz.

The connections from the input to the neuron-astrocyte system are set such that each

spike train connects to 25 percent of the population for its respective domain. Fur-

thermore, the amplitude of each spike train was chosen from a uniform distribution

U[0, 15]. This ensures a homogeneous excitation of the neural network by the external

input spikes.

Thus in general we can write

Si,k(t) =
∑
s(i,k)

δ(t− ts(i,k)) (5.31)

131



CHAPTER 5. MULTI-SCALE MODELING OF ASTROCYTE-MEDIATED
SYNAPTIC INFORMATION TRANSMISSION

where t(i,k) is the firing time of spike train i with 1 ≤ i ≤ 5 in domain k, 1 ≤ k ≤ 4. In

this way the input can be represented as S = (S1,1, S2,1, . . . , S1,4, . . . , S5,4). The input

current can be written for each neuron in the network lying in domain k as

I0,j = aj
∑
k

δjk
∑
i

cijSi,k(t) (5.32)

where cij defines the connection between input spike i to neuron j for each k. In this

case Prob(cij = 1) = 0.25, δjk is the Kronecker delta (5.4) and aj taken from U[0, 15].

Figure 5.3: Four independent varying rates ri(t), i = 1, 2, 3, 4 to generate spike trains by using a
Poisson process. Each domain of neurons is stimulated by one stream composed of 5 uncorrelated inputs
generated by ri(t). (a) firing rate updated each 50 ms ranging from 10Hz to 80Hz; (b)-(c) independent
selection between 30Hz to 90Hz each 50ms; (d) basal spike train of 20Hz with distributed bursts of
120Hz (with probability 0.3), updated each 50ms.

5.3 Methods

5.3.1 Information-theoretic analysis

The state of the system is characterized by the spiking times for each neuron. Those

are defined by the firing threshold at which the voltage is updated according to the

Izhikevich model Eqs. (5.2) and (5.3). That is, at the times ts,j when the condition

vj ≥ 30mV is satisfied (for neuron j = 1, 2, . . . , N ) the state is represented by xj = 1,
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otherwise by 0.

The resulting dynamics is characterized by the binary time series Xt. An observation

x = x1x2 . . . xN of X = Xt represents a bit array of length N. Additionally, the τ -

lagged signal Yt is defined by Yt = Xt−τ . In the same manner, an observation y of

Y = Yt denotes a bit array which is x delayed by τ . Next, the resulting binary time

series Xt are binned at a resolution of 1 ms according to the methodology described in

Sec. 2.3.1.1. At any given time the system’s state is represented by a bit array ofN bits,

where N is the number of neurons.

We quantify integrated information using the approach provided by the net synergy

ΦWMS . To do so we take into account the following considerations. Numerical studies

generally fail to extend their analysis to larger scales by using the minimum informa-

tion partition given the computational constraints. In the first chapter, for example, we

compared the causal interaction of the whole system against the total contribution of the

individual components using a complete split (atomic partition) to analyze the scaling

behaviour. Even the standard approach, i.e., the bipartition scheme, is a simplification

since it is unfeasible to compute integrated information at a higher number of partitions.

Nonetheless, valuable observations have been obtained at this stage. The construction

of the current model has the advantage of having a community structure. Moreover,

each community receives an uncorrelated input generated from the same distribution,

as described previously. Meanwhile, connections inter-community are sparsed across

the network. Owing to that fact, a good candidate to obtain the weakest links to cut

the system, Eq. (2.11), and compute the information-theoretic measures is through the

clusters formed by the system.

In line with the observations from above we set Π = [D1, D2, D3, D4], such that X =

XD1XD2XD3XD4 . Note that an observation xDk
defines a bit array of length Nd, for

k = 1, 2, 3, 4.

Then, according to Eq. (2.22) the net synergy can be written as

ΦWMS = I(XY )−
∑
k

I(XDk
YDk

) (5.33)
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In particular, we choose τ = 1ms, i.e., Yt = Xt−1 In this way ΦWMS determines the

integration in of the information of the dynamics in one-step. Note that 1ms coincides

with the typical synaptic timescale. Thus, any synergistic representation by the popula-

tion must show a positive contribution of net synergy.

We further analyze the spatial interactions by computing the total correlation

Ic = H(X)−
∑
k

H(XDk
) (5.34)

We characterize the encoding of signal S by the temporal pattern X in the neural en-

semble using the signal-response measure

ISR = H(X) + H(S)− H(XS) (5.35)

where S = St is a binary time series that describes the firing state of input signal I0,

Eq. (5.32). i.e., for each time ts where I0,j > 0 then sj = 1, otherwise 0 (for each

j = 1, 2, . . . , N ). Then s = s1s2 . . . sN is a bit array that describes the input stimuli.

Note that for computing I(XS) we have binned X and S by a sliding window of 5 ms.

To empirically compute the information-theoretic measures we assign probability of

occurrence to the states xDk
, yDk

, and xDk
yDk

for k = 1, 2, 3, 4 following Eq. (2.45).

X and Y have assigned a probability defined by Eq. (2.44). In turn, using Eq. (2.41)

we can estimate Eqs. (5.33)- (5.35).

5.3.2 Determining coalition configuration

Here we propose a way to quantify the synchronization of neuronal domains through a

coalition configuration [25]. We start by computing the binarized firing states Xt at a

resolution of 1 ms following the description made in Sec. 5.3.1.

Then we compute the cluster synchronization

Zk(t) =
1

|Dk|
∑
i∈Dk

Xi(t) (5.36)
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where Dk is the domain k = 1, 2, 3, 4. The coalition configuration is defined by

Xk(t) =

 1 Zk(t) > θ

0 otherwise
(5.37)

where θ is a set threshold 0.3. From simulations it is shown that at this value we can

correlate the synchronized state induced by SICs in any domain (see for example Fig.

5.10). Finally, we get the sum of all time intervals where the coalitions are synchro-

nized, Ts [150].

5.4 Results

The model equations described in the Sec. 5.2 are integrated numerically using a

Runge-Kutta fourth-order method with a fixed time step ∆t = 0.5ms. The simula-

tion time was set to T = 1200s and we later removed 200s to avoid transient effects.

A detailed list of parameters is given for the neural and astrocytic network [Tables 5.1,

5.4, and 5.5], short-term plasticity [Table 5.2], long-term plasticity (STDP) [Table 5.3].

The parameters were chosen considering available experimental data. Otherwise, the

resulting behavior is within observed timescales and concentrations. Here we consider

the case of synaptic dynamics mediated by short-term plasticity. The incoming synap-

tic current to each neuron is regulated by one astrocytic process upon triggering of

gliotransmitter Ya(t). In this work, each process integrates the activity of 10 synapses

per postsynaptic neuron and 1 astrocyte cell is composed of 30 processes. Then, the

network has in total 1200 synapses.

The IP3 is stimulated by the glutamate released in each presynaptic terminal over a

larger timescale (∼ 1s for astrocytes) until calcium concentrations trigger the release

of Ya(t) to mediate the amplitude of each synaptic current. Observe both gliotransmis-

sion and neurotransmitter release have to happen simultaneously so the potentiation is

effective. The astrocytic sensitivity to glutamate is defined by kg and is chosen in a

way we can get a regime of FM calcium oscillations. In this manner, the frequency of

oscillations is IP3-dependent, so it is mediated jointly by the presynaptic firing rate and
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released resources. In turn, potentiation of synaptic transmission may happen if the total

synaptic current is high enough and moderately prolonged to reinforce the connections

by astrocytic influence. The model as well considers the cessation of Ca2+ oscillations

upon very prolonged glutamate stimulation. We consider that the induction of inward

currents is simultaneous in a cluster of neurons if the mean calcium concentration in

this one is beyond a certain threshold t∗Ca (believed to be within the range 0.2–0.4 µM

[209]). Overall, in this perspective, astrocytes gate synaptic transmission following a

complex cross-talk interaction with neurons. Meanwhile, overexcitation in the network

is modulated by the consideration of finite released resources and a bounded regime for

astrocytic influence.

Finally, as stated previously we consider two learning rules: synaptic weights (a) uni-

formly distributed (random network) and (b) by STDP [Sec. 5.2.4.3]. Computational

simulations will consider for each learning type the influence of:

1. Potentiation of synaptic transmission [Sec. 5.4.1]. Here we set the following

parameters asic = 0 and kg = 0.23

2. Slow inward currents [Sec. 5.4.2]. Here we set gs = 0 and kg = 0.20.

We will initially discuss the relevant features of the model for each case and we inves-

tigate the functional role in information-processing in Sec. 5.4.3.

5.4.1 Synaptic potentiation

We consider the interaction of gliotransmitter release locally and its influence on the

synaptic transmission of the network. i.e., astrocytic glutamate enhances excitatory

currents by acting on presynaptic NMDARs, gs > 0 [120].

First, we set wij = 0.04 and the synaptic weight obeys the STDP rule. Each neuron

receives a different input stimuli according to Eq. (5.32). As seen, each input has been

initially scaled by aj to obtain a heterogeneous neuronal activity ranging from low to

high frequencies in each cluster. In the absence of astrocytes the mean synaptic weight

per neuron (i.e., g̃j = 〈wij〉i per each j = 1, 2, . . . , N ) will be updated if the pre- and

postsynaptic neurons fire within the plasticity window.
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For example, in Fig. 5.4, we consider the case of a neuron with initial low activity and

without the influence of gliotransmission. Given the presynaptic activity, the incoming

firing rate is large enough to elicit calcium oscillations, however, the weights are not

sufficient to cause the postsynaptic neuron to fire. As we enable astrocytic feedback

we observe that each time that the Ca2+ levels exceed the set threshold, there is a rise

in synaptic transmission, which is associated with the transient potentiation of the ex-

citatory currents by Ya. As we incorporate pairwise STDP there must exist a positive

correlation in the synaptic activity to strengthen the connections. Therefore, according

to the model, calcium signaling can gate LTP for connections with low synaptic activity.

Figure 5.4: Example of induction of LTP. For Figs. (a) and (b) we show the dynamics of the mean
synaptic weight ḡij as continuous lines with scale in the right-axis to compare the influence of astrocytic
regulation in the synaptic activity. In (a) we show the firing activity of postsynaptic neuron is low as
long as ḡij at the presynaptic terminals remains weak. In Fig. (b), for the same time range, the release
of gliotransmitter (glutamate) increases the frequency of EPSCs associated with the postsynaptic neuron.
The coincident spikes between pre- and postsynaptic neurons induces LTP. This correlation increases
ḡij substantially more than in the absence of astrocytic regulation. Observe from (c) that each calcium
pulse is correlated with the release of gliotransmitter. Note that the calcium oscillations observed over
the different microdomains do not have to have a fixed frequency. Instead, these signals are induced by
the integration of presynaptic activity (mediated by the stimulation of PLCβ channels) that stimulates
the production of IP3. In this way, higher neuronal activity will lead to higher concentrations of IP3.
In turn, the concentration of this molecule will set the frequency of oscillations observed at a specific
microdomain.
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Fig. 5.5 further illustrates the influence of gliotransmission on the dynamics of released

resources. Contrary to the previous case, here the synaptic weight enables the neuron to

be receptive to the presynaptic activity without previous astrocytic stimulation. As seen,

each calcium event sets a window in which there is potentiation of synaptic current.

This is associated with transient activation of neighboring presynaptic terminals by the

release of gliotransmitter.

Figure 5.5: Released resources (RRs) Eq. (5.6) of a neuron being stimulated by an external current and
presynaptic firing activity. Fig. (a) without astrocytic influence; (b) with transient potentiation of EPSCs
by released gliotransmitter (elicited by each calcium event indicated by the red oscillations in FM mode).

We have two different scenarios of calcium signaling at the microdomain level in one

cluster. First, from Fig 5.6, the presence of calcium events occurs asynchronously

across different parts of the astrocyte cell. This is because the frequency of oscil-

lation of each process is determined by the total presynaptic input integrated locally

[119, 205, 210]. Note as well that the calcium oscillations are paired with the release

of Ya which furthers increases the synaptic transmission as discussed. Next, beyond

the threshold level, the concentration settles into a steady state and there is no further

release of gliotransmitter. The latter is a consequence of overexcitation of PLCβ in

Eq. (5.21). Thus, the model incorporates the cessation of calcium oscillations if the

presynaptic firing frequency is larger beyond a certain tolerance and prolonged. From

a physiological point of view, this condition plays a role in maintaining homeostasis in
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the synaptic transmission by avoiding neuronal excitotoxicity due to prolonged presy-

naptic stimulation [211, 212]. Note that once the neuron is over-stimulated by increased

synaptic transmission due to gliotransmission there is a depletion of released resources

at a faster rate. In turn, the activity of the postsynaptic neuron will be depressed as it

is releasing less glutamate by the effect of Eq. (5.12). This mechanism avoids that the

system is overstimulated.

Figure 5.6: Left: Individual calcium oscillations and IP3 levels in FM mode. These curves correspond
to the dynamics in one domain and account for the mean calcium concentration. Note that the oscillations
are asynchronous reflecting the local synaptic activity for each astrocytic process; some of them can be
overexcited and do no longer contribute locally to the potentiation of synaptic transmission. Earlier in-
crease to high levels of IP3 reaches a point in which Ca2+ oscillations are lost at the associated synapses.
Right: Each calcium event triggers the release of gliotransmitter Ya. In particular, as the calcium reaches
a high stable concentration there is a cessation of Ya. The inset plot shows the timescale of activation and
decay of Ya.

In the long run, our model shows that the synaptic weights converge to a distribution

with active-neuron-dominant topology [213, 214]. That is, most of the synapses are
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rewired to be either 0 or gmax = 0.08 [Fig. 5.7(c)].

Figure 5.7: (a)-(b) Connectivity matrix that defines the permitted neuron-to-neuron connections (i, j)
in which each data point represents wij . The architecture follows the method described in Sec. 5.2.2.
That is, each block represents a group of neurons that are densely connected in each cluster with sparse
connections inter-cluster. Each neuron has a fixed in-degree number (10 neurons). Each block is modu-
lated by an astrocyte cell. The astrocyte interacts with each postsynaptic neuron through its processes to
integrate presynaptic activity at each neuron [Fig. 5.2]. In these conditions, the synaptic weight can be set
fixed (a) by drawing wij from a uniform distribution U[0, 0.08] or (b) STDP rule. The local calcium sig-
naling triggers the release of gliotransmitters, which in turn potentiates the EPSCs. If the synaptic weight
is low the astrocytic process can gate LTP promoting competition between synapses leading to an (c)
active-neuron-dominant topology, where most of the synapses are rewired to be either 0 or gmax = 0.08.
(d) Arrangement of the synaptic weights by increasing firing rate (counting the total spikes in a set obser-
vation time of 200 s), evidencing the active-neuron-dominant. Observe that without astrocytic influence
similar distributions are observed but just at the expense of greater stimulation and simulation time, i.e.,
the astrocytes reduce the threshold to LTP according to these results. Set control parameters gs = 0.05
and asic = 0.

As seen from Figs. 5.7(b) and (c) the connectivity matrix wij shows 4 clusters of neu-

rons highly connected intra-community with sparse connections among the clusters.

Each astrocyte cell regulates its corresponding group of neurons through local inter-

actions as described above. In this sense, there is no overlap between astrocytic terri-
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tories. Next, STDP learning modifies this structure favoring stronger connections with

synapses with higher firing rates while the less active ones have weaker synaptic weight.

This is associated with the joint contribution of two factors: (1) the heterogeneous

connectivity in the network (although the in-degree number is fixed the neurons are

not connected equally), and (2) the imbalance impinged by the input stimuli as it allows

competition in the network due to varying frequencies of stimulation. In turn the system

transitions to a configuration that supports higher out-degree on active neurons while

less active ones have higher in-degree synapses. For low stimulation, it is observed in

our set timescale the network is unable to converge to any distribution for wij’s values.

This is because the connections between neurons remain weak and the synaptic trans-

mission is compromised. Meanwhile, the local release of gliotransmitter gates this

mechanism. This follows from the same observations made for Fig. 5.4. Nonetheless,

once it has been induced, according to our simulations, the contribution of astrocytic

signaling is marginal in STDP given the timescale between calcium events against the

timescale of synaptic updating. Likewise, for high stimulation, the network without

astrocytic influence eventually settles in this configuration in agreement with previous

studies [180, 213]. In this perspective, consistent with experimental and theoretical re-

ports, it appears that the induced potentiation by astrocytic glutamate favors LTP with a

lower presynaptic firing rate threshold than the one observed without astrocytic signal-

ing, provided that it is paired with a postsynaptic depolarization [123, 166, 180, 215].

Moreover, as we will show in Sec. 5.4.3, pairing STDP with astrocytic influences has

superior information transmission capabilities in the long run.

From a global point of view, the aforementioned transition is reflected in the modifica-

tion of the synaptic weight enabling increased neuronal activity [Fig. 5.8(a) and (d)].

Observe for the same time range, the astrocytic activity induces long-term potentiation

more effectively than without gliotransmission and can even propagate to neighboring

neurons increasing the activity within the astrocytic territory. According to our simu-

lations, the rate of this transition appears to be proportional to the coupling parameter

gs (data not shown). From Fig. 5.7 (c) and (d) we are reassured that gliotransmission
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is not artificially imposing new connections, but rather enabling competition. At the

same time, the astrocytic signaling of each process is reflecting the state of the local

interactions.

Figure 5.8: Raster plots of the neuronal activities. The figures show 120 neurons grouped in 4 non-
overlapping domains, each one under the influence of one astrocyte cell. For example, in (a) we highlight
with a red line one of these domains for neurons indexed from 30 to 60. Thus, the astrocyte integrates
the activity of each one of these Nd = 30 neurons. On one hand, the astrocyte can increase the excitatory
transmission locally (gluatamte-mediated), provided that the total presynaptic stimulation at a specific
neuron activates the corresponding calcium microdomain. Persistent high synaptic activity in the group
of neurons activates several microdomains. In turn, there is induction of SICs that coordinates the whole
domain. Note as well that each domain receives an input signal generated from a template of varying rates
[Sec. 5.2.7]. Figure (a) STDP learning without astrocytic influence, (b)mediated by gliotransmission,
using gs = 0.8 and asic = 0, (c) mediated by SICs and potentiation of EPSCs due to gliotransmision
using gs = 0.8 and asic = 0.05. (d) Raster plot of neural network without learning, connected by random
connections gs = 0.8 [Fig. 5.7(a)]. Red dots correspond to the calcium activity in astrocytic processes.
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However, further research is needed to assess how STDP is altered due to gliotrans-

mission in the presynaptic pathway. Several plasticity mechanisms could overlap due

to the diversity of gliotransmitters. The functional role of the latter depends on multi-

ple factors that include the induction protocol, brain region, and developmental stages.

Our model, in principle, suggests that stimulation of presynaptic terminals by the as-

trocytic release can strengthen the basal synaptic transmission, which endows a gating

mechanism to regulate the STDP outcome.

5.4.2 Dynamic coordination

The coherent integration of calcium signals evoked by astrocytic processes (for exam-

ple Fig. 5.10 (d)) in each territory leads to a large global calcium concentration (the

results corresponding to the contribution of Ca2+ per domain are shown in terms of the

mean concentration, Eq. (5.24)) [Fig. 5.10 (b)] as a consequence of prolonged and

intense stimulation in the neural network. In such conditions, the release of astrocytic

glutamate can induce large SICs by activation of extra-synaptically NMDARs. This

mechanism supports heterosynaptic modulation in each cluster of neurons [Fig. 5.8]

by inducing windows of mutual synchrony reflected by high neural activity in the re-

spective cluster [124, 216]. Every time the mean Ca2+ levels in the respective domain

exceed the set threshold from below the group of neurons regulated by that astrocyte

cell exhibits a bursting behavior independently of the presynaptic stimulation and input

stimuli. As a consequence, SICs induce dynamical coordination, in line with theoretical

and experimental studies [93, 132, 169].

In particular, we note from Fig. 5.9 that in contrast to the local calcium signaling the

global activity is irregular and the SICs are less frequent. In our model SICs are being

correlated with high calcium concentrations. In line with experimental studies, the rise

of SICs has been induced with incremental astrocytic Ca2+, thus suggesting the role

of gliotransmission in eliciting the depolarizing current [169]. Additionally, the mean

calcium elevation in our simulations would be rather linked to sub-cellular domains at

astrocytic processes given the weak correlations between somatic elevations and SICs.
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Figure 5.9: Example of mean calcium concentration, Eq. (5.24). Each time the concentration exceeds
0.3 µM, from below SICs are triggered (red curves) by mediation of astrocytic glutamate, thus enabling
coordination in a cluster of neurons controlled by the respective astrocyte cell.

Figure 5.10: (a) Example of dynamical coordination exerted by SICs in one domain. Spike trains
averaged over the group of neurons controlled by one astrocyte cell per time step; (b) Mean Ca2+ con-
centration elicited by astrocytic processes in the same domain. The red line shows the threshold 0.3µM in
which there is an induction of SICs by the release of astrocytic glutamate; (c) neuron-astrocyte interaction
at the synaptic level. The astrocyte processes can induce LTP via glutamate release to potentiate synaptic
transmission from presynaptic terminals (d) local Ca2+ oscillation in FM mode triggers the release of
glutamate from the astrocyte.

To get an insight into the mechanism of induced synchronization we choose any domain
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from the network to describe the coordination over time. For instance, from Fig. 5.10(a)

we average the spike events within a cluster of neurons controlled by an astrocyte cell at

each time-step [Sec. 5.3.2]. The resulting behavior exhibits synchronous events (occur-

ring at a rate of around 0.1 Hz for the observed time) with increased firing activity each

time that the mean calcium concentration crosses the threshold [Fig. 5.10(b)]. Mean-

while, in the same group of neurons, evoked local calcium oscillations can favor LTP

following the reasoning exposed in the previous section. Therefore our observations

indicate that there is an interplay between local synaptic modulation while the SICs

bring a bridge for synapses that are not directly connected. A more general view of the

dynamic coordination per cluster is shown in Fig. 5.13, in which the synchronized state

has been binarized (further discussion in the last section).

Figure 5.11: (a)-(c) Distribution of synaptic weights for increasing inward current amplitude asic.
Note the transition towards LTD as asic; grows; (d) Example of induction of SIC by release of glutamate
from the astrocyte; (e) Released resources of postsynaptic neuron modulated by SIC, asic = 0.05. Note
an initial depletion of vesicles due to the high-frequency depolarizing current followed by a facilitation
regime.

According to our model, the influence of SICs alone proves to induce STDP. Our re-

sults show that small SIC amplitude contributes to LTP for lower firing rates of presy-
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naptic activity, thus enabling competition between synapses as observed for the case of

astrocytic-mediated presynaptic stimulation [Fig. 5.11(a)]. Conversely, as we increase

the amplitude of the inward current the STDP shifts to a negative contribution resulting

in LTD [Fig. 5.11(b) and (c)]. This might be a consequence of the depletion of synaptic

vesicles due to the sharp firing rate during the SIC events. This is because by increasing

the peak amplitude of SIC events the firing rate increases in comparison with the case

without the stimulation of NMDARs. In turn, the synaptic transmission is depressed by

consecutive firing events. After depletion of neurotransmitter the neuron switches back

to synaptic facilitation, however, accumulated events may lead to an overall decreased

STDP.

In turn, these results hint at the role of SICs amplitude to regulate synaptic weight. At

low amplitude (below 15µA/ cm2 using asic < 0.05 ) the coordinated regulation within

the cluster strengthens the synaptic connections in agreement with experimental and

theoretical results [93, 169]. At this stage, this mechanism ensures joint coordination

and potentiation of causal interactions which is reflected in the formation of synapses.

However, our model predicts that as asic increases, the synaptic weights undergo a

transition to LTD to the point in which the distribution shift to small synaptic weights.

Equally important, note that the frequency of SICs in our model is controlled by the joint

effect of the integration of calcium signals (reflecting the activated G-protein-coupled

receptors (GPCRs) in astrocytic processes [128, 205]) and the set threshold t∗Ca. For

the former case, the mean calcium concentration takes into account the summation of

FM Ca2+ oscillations induced by the neural activity (also stimulated by an external

current). Therefore, there is a limiting firing frequency (not determined) that over-

stimulates the Ca2+ concentration leading the dynamical regime to a stable node. This

can be regulated directly through kg, Eq. (5.21). Also, by increasing t∗Ca we delay

the onset of calcium events and reduce the frequency of inward currents. In the same

manner, if the Ca2+ concentration remains high for a prolonged time we can set a low

enough t∗Ca to decrease the frequency of calcium events.

Our results show that rates of SIC events are not greater than 0.15Hz, while the max-
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imum SIC rate observed in experiments corresponds to around 0.1 Hz (and a more

reduced rate ∼ 0.08Hz is reported) [124]. This has to be considered in the effect on

STDP modification, as it is expected that the SIC would have a lessened contribution in

the extent to which STDP is updated in the current observation time.

We note as well that for low SIC amplitude, the contribution in STDP is in the induction

to LTP by enabling the causal interaction in the whole domain by intermittent synchro-

nization. As in the previous section, once the weight of the synapse is large enough to

cause postsynaptic activity, the network can evolve to comparable weight distributions

without the SIC influence. Instead, the contribution of SIC in STDP, in this case, is only

marginal. Once the system is settled in an active-neuron-dominant topology, the role

of SICs appears to be through enhancement of information-processing via intermittent

coordination, as shown in the next section.

5.4.3 Information processing mediated by astrocytes

5.4.3.1 Synaptic potentiation

Fig. 5.12 shows the dependencies of the different information-theoretic measures con-

sidered in this chapter for increasing coupling parameter gs. i.e., the presynaptic path-

way is characterized by transient potentiation of EPSCs. The results shown in (a) cor-

respond to the case of STDP learning and in (b) to the random network.

First, we compare the net synergy ΦWMS from Figs. 5.12(a) and 5.12(b). As observed,

there is a concave growth for increasing gs in both cases. In addition, it appears that

these two curves tend to a limit value for larger gs. This effect is more noticeable

in the STDP case (ΦWMS ≈ 0.37). In particular, the effect of STDP has a positive

contribution that outweighs the value of the network with random synaptic weights by

around 3 times.

Under this partition scheme, this implies that the amount of information generated by

the system seen as a whole is greater than the sum of the contribution of each domain

per time step. This follows from strengthening the coupling parameter that regulates

the effect of the astrocytic glutamate in synaptic transmission.
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It is interesting to note that for gs = 0, ΦWMS is around 0.21 when STDP learning

is considered, and 0.08 for the case of random weights. This indicates that there is a

degree of synergy in the system’s evolution related just to the plasticity rule. That is, the

active-neuron-dominant topology. As discussed previously, according to our model, the

modulation of local synaptic activity by the astrocytic processes gates the potentiation

of the synaptic weights. This seems to have a marginal effect once the distribution of

wij is settled. However, there is a major contribution in the temporal code of the neural

ensemble.

Figure 5.12: Measures ΦWMS (net synergy), Ic (total correlation) and ISR (signal-response) for in-
creasing neuron-astrocyte coupling gs. Fig. (a) corresponds to results using STDP rule and (b) random
network. ΦWMS is reported at τ = 1ms.

In the same regime, the total correlation Ic increases monotonously for both STDP

learning and the random network. Initially, gs = 0 (neuron-neuron interaction with-

out astrocytic influence) shows some degree of correlation due to spatial interactions.

This follows from defining inter-cluster connections following the rewiring rule with

probability po = 0.1. As we allow pairwise plastic modifications, the correlation is en-

hanced substantially in contrast with the random network. As gs is increased the system

becomes more spatially integrated with both cases. However, for the same coupling

range, the increase of Ic in the random network is barely noticeable, while for the STDP
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is two-fold.

The integration associated with astrocytic influences may be related to an enhancement

of the propagation of synaptic transmission across the ensemble as a global effect de-

rived from local calcium signaling and inter-cluster connections. Observe that accord-

ing to our model, the local astrocytic signaling is induced by the integration of synaptic

activity in nearby synapses. This reinforces the spatial correlation of the population

code. At the same time, each domain is evolving according to the internal dynamics

exerted by its input stream. This introduces differentiation in the system’s dynamics.

Thus, it follows that there is a balance of integration and segregation in the activity

of each domain, but the information generated from the interactions at the system’s

level cannot be decomposed in independent contributions of each cluster leading to the

enhancement of ΦWMS as a function of the coupling strength neuron-astrocyte gs.

Next, the signal-response ISR increases substantially due to the effect of astrocytes by

increasing gs. This implies that the encoding of input stimuli is optimized due to synap-

tic potentiation through gliotransmitter release. By allowing plastic modifications this

effect is enhanced around 1.3 times higher than the random network. Additionally, it

is observed that the curve ISR becomes increasingly concave tending to a limit value

close to 5.2 for the STDP case. Further investigation using a larger parameter range

is needed in this regard. However, these results indicate that the firing activity in the

neural ensemble is more responsive to the input stimuli as gs grows. That is, the firing

patterns are transmitted more effectively in each synapse due to increased depolariza-

tion modulated by the astrocytic glutamate.

Taken all together, these results show that there is a joint interaction of STDP and synap-

tic potentiation mediated by astrocytic processes. In spite of the fact that the synapses

converge to an active-neuron-dominant distribution, these plastic modifications alone

cannot account for the observed measures. For example, note that high gs without

STDP or gs = 0 with STDP are appreciably lower in comparison with the combined

effect. It may be possible that once the synaptic weights settle in the long run, the effect

of astrocytes is potentiated in terms of information transmission.
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5.4.3.2 Dynamic coordination

In the absence of SICs, the neural network spikes at random times according to the input

stimuli I0. Meanwhile, allowing astrocytic modulation via SICs can induce intermittent

synchronization between groups of spiking neurons. For instance, Fig. 5.13 shows the

states of active synchronization at each Ca2+ elevation at the domain level determined

by Eq. 5.37. As described previously, each global Ca2+ event corresponds to the in-

tegration of Ca2+ oscillations mediated by astrocytic processes. At the same time, the

Ca2+ released by the process in question is evoked by the integration of synaptic ac-

tivity per postsynaptic neuron. When the global Ca2+ exceeds a certain threshold the

astrocyte cell releases glutamate in the postsynaptic terminals inducing SICs. Here, the

slow depolarization current interacts at once with the astrocytic territory.

Figure 5.13: Example of raster plot showing the states of intermittent synchronization at the domain
level due to the influence of SICs.

To further investigate this mechanism we calculate the time that the system spends in the

synchronized state Ts for varying SIC amplitude asic in an observation window of 1000s

[Fig. 5.14]. In particular, we compare two cases: coordination using synaptic weights

(a) determined by STDP learning and (b) set randomly from a uniform distribution.

According to Fig. 5.14(a) we note that for both curves greater asic leads to greater
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Ts. In particular, from asic = 0.08 both start to diverge and STDP learning appears to

contribute to higher Ts reaching up to around 1 percent of the whole observation time

in synchronization.

The enhancement of Ts is explained by the increased frequency of SIC events. Mean-

while, this latter can be explained in terms of the FM dependency of the local calcium

oscillations and the cross-signaling between neurons and astrocytic processes. That is,

increased SIC amplitude exerts higher firing rates in each group of neurons for each

calcium event at the domain level. In turn, the neurons feedback to each process m

according to Eqs. (5.13) and (5.21). In the FM regime increased activation of the PLCβ

through Jm
Glu increases the frequency of Ca2+ oscillations, which ultimately contributes

to the global Ca2+ signal. This is subject to the condition that the released resources,

Eq. (5.12), are not depleted by the effect of the depression due to the SIC-mediated

enhanced firing frequency in the short-term plasticity mechanism. In the considered

regime of asic the synaptic weights allocate either around wij = 0 or wij = 0.08. How-

ever, observe that for higher asic the LTD is dominant so the synpatic weights decreases

substantially (Sec. 5.4.2, see for example Fig. 5.11 ).

Figure 5.14: (a) Time spent in synchronization Ts for increasing SIC amplitude asic; (b) Total correla-
tion Ic for increasing SIC amplitude asic. Figs. (a) corresponds to synaptic weights determined by STDP
learning (blue square) while (b) to a network with random weights (red cross).

Since the synaptic weights of both networks lie in the same range of values [0, 0.08],

both networks can induce SICs with comparatively similar frequencies, which explains

the similarity in Ts. However, for increasing asic the frequency of inward currents is
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slightly higher for the STDP case than for the random network. Therefore, as SIC

amplitudes increase, our model predicts that there is an overall positive reinforcement

between the coupling of neurons and astrocytes.

Nonetheless, we anticipate that for increasing bidirectional feedback (as observed, prox-

ied by asic) the calcium oscillations will disappear at high concentrations due to over-

stimulation exerted by the neural network.

For comparison with the results discussed above, we analyze the spatial correlation

Ic between the cluster of neurons [Fig. 5.14(b)]. We observe that when the synaptic

weights are randomly drawn, Ic grows up to 5 times with asic in comparison with the

absence of astrocytic interaction. In contrast, by using STDP learning it appears that

the effect is not pronounced. In this case, the correlation without induction of SIC is

around 0.1, it grows up to 0.14 around asic = 0.05 and drops slightly followed by some

fluctuations around 0.12.

These results indicate that STDP contributes to a higher spatial correlation by itself,

which is clearly due to the underlying Hebbian learning mechanism. Meanwhile, the

effect of astrocytes in increasing the total correlation for both networks is derived from

the windows of synchronization. Given that the neurons in a cluster are still connected

with other groups, the effect of SICs is propagated in the whole system by the tuning of

the amplitude asic.

While this astrocytic effect has a positive effect for the random network following the

argument above, note that the drop around asic indicates some depressive mechanism in

the synaptic weights via LTD induced by the SICs. This in turn decreases the connec-

tivity among the neurons (further reference in Sec. 5.4.2).

Now we link the previous observations with the net synergy using ΦWMS and the signal-

response ISR. Fig. 5.15 shows ΦWMS and ISR for varying SIC amplitude asic. Fig.

5.15(a) corresponds to synaptic weights determined by STDP learning while 5.15(b)

to a network with random weights. When STDP is considered, the ΦWMS and ISR

grow with asic up to a∗ = 0.05. In particular at a∗ both metrics peak (Φ ≈ 0.26 and

ISR ≈ 5.0) followed by a continuous drop for the observed parameter range.
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Figure 5.15: Measures ΦWMS (net synergy) and ISR (signal-response) for increasing SIC amplitude
asic. (a) corresponds to synaptic weights determined by STDP learning while (b) to a network with
random weights. ΦWMS is reported at τ = 1ms. ΦWMS (blue square) and ISR (red cross).

These results derive from the following observations. First, the trends shown in Fig.

5.15(a) indicate that due to the astrocytic influence via SIC events, the amount of infor-

mation generated from the system’s temporal patterns is greater than the total contribu-

tion of each domain per time step. This synergistic effect is maximized at a∗ as ΦWMS

indicates. In parallel, according to ISR, the astrocytic modulation through inward cur-

rents enhances the amount of information that the system can encode from the input

stimuli I0. This is equally maximized at a∗, indicating that optimal encoding has a joint

interaction with increased synergy in the system’s evolution. Given the relationship

between Ts and asic these findings suggest that there is an optimal degree of synchro-

nization Ts at which the system exhibits superior information-processing capabilities.

That is, the ability of the system to encode external stimuli is maximized as well as its

ability to integrate the information to exhibit superior cause-effect structures.

Next, in comparison with the case of potentiation of EPSCs described in Sec. 5.4.3.1,

the information generated at a∗ due to global feedback is reduced by a factor of 0.74

for ΦWMS while ISR by 0.96. This indicates that according to ΦWMS the global regu-

lation is less effective in inducing a synergistic effect in the system’s dynamics than the
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local interaction via glutamate-induced synaptic potentiation. However, the joint effect

of synaptic modifications through STDP and astrocytic modulation leads to a similar

enhancement of the capacity of the neural network to encode information, as ISR de-

scribes. The drop at asic > 0.05 is arguably related to the continuous reduction of the

strength of synaptic weights, as explained previously. Also, we speculate that by in-

creasing the effect of SIC, there is a noisy contribution in the firing patterns. This is

reflected by the continuous decrease of ISR. This implies a detrimental ability of the

neural network to encode the input signal.

From Fig. 5.15(b) we note that the SIC events without plastic modifications increases

ΦWMS with asic up to around 2 times. In the case of asic = 0, i.e., absence of astrocytic

interaction, the STDP ΦWMS is 2.5 greater than the random network, while for asic > 0

is at most two-fold higher. This confirms again that Φ∗ has a greater contribution when

STDP and astrocytic modulation are paired.

Similarly, the signal-response ISR increases with the SIC amplitude and peaks around

asic = 0.075 (ISR ≈ 4.3), followed by a continuous drop. As mentioned previously,

this may be associated with a noisy contribution of the SIC at higher amplitudes.

5.4.4 Conclusions

This chapter aims to characterize the integration of information using the net syn-

ergy metric ΦWMS in neuronal ensembles regulated by astrocytic signaling. This is

motivated by the fact that astrocytes form non-overlapping domains of neighboring

synapses. Ongoing research proposes that under this configuration astrocytes can spa-

tially and temporally integrate local events, which results in a global and long-lasting

calcium signal. Given this astrocytic domain organization, we investigate the capac-

ity of the astrocytes to regulate the binding of information in neuronal groups in terms

of integrated information. We relate these results with the total correlation between

clusters, and the encoding ability of the system by computing the mutual information

between the input signal and neural response.

We introduce a biologically plausible model of bidirectional coupling of neurons and
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astrocytes using a multi-scale approach. We characterize two well-recognized signal-

ing pathways. On one side, we include the presynaptic stimulation by astrocytic gluta-

mate. We model this through incorporating local release of gliotransmitters at synaptic

sites upon activation of calcium concentration microdomains. These events are corre-

lated with the enhancement of excitatory postsynaptic currents. On the other side, we

incorporate the emergence of a global Ca2+ signals through the induction of slow in-

ward currents. These are defined as tonic currents that impact each neuronal ensemble

controlled by a certain astrocyte. We further investigate the effect of neuron-astrocyte

interactions using the conventional STDP learning rule.

Our model predicts that the potentiation of synaptic transmission through the gluta-

matergic signaling in presynaptic terminals may induce LTP, with a lower presynaptic

firing rate threshold in comparison to the case of absence of gliotransmission. This

gating mechanism is conditional upon coupling with simultaneous postsynaptic depo-

larization. Additionally, according to the STDP rule, it is observed that the synapses

evolve to an active-neuron-dominant distribution. This structure favors stronger con-

nections with synapses with a higher firing rate. On the contrary, less active neurons

have weaker synaptic weight. These observations are in agreement with previous theo-

retical and experimental reports.

It is found that the joint interaction between LTP and astrocytic potentiation of presy-

naptic current increases the ability of the system to integrate information in synaptic

timescales (∼ 1 ms) in a synergistic manner. That is, the information generated from

the intrinsic perspective of the system is greater than the sum of the contribution of its

components per time step. At the same time, this configuration increases the spatial

correlations between clusters. In the same manner, it is found that the encoding ability

of the neural network is enhanced when the system is jointly modulated by astrocytic

glutamate signaling and LTP.

Furthermore, our model predicts that astrocytic-mediated postsynaptic SICs can induce

dynamical coordination between groups of spiking neurons. It is found that the degree

of synchronization in the network correlates positively with the amplitude of these cur-
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rents. This amplitude is also found to modulate the STDP. We find that SICs contribute

to the induction of LTP while increasing its amplitude the synaptic weights switch to

LTD with the same induction protocol. The joint interaction of STDP and SICs substan-

tially increase the integrated information according to ΦWMS . That is, the information

generated from the system’s temporal patterns has greater causal interaction than the

contribution of each neuronal community per time step.

It is also shown that there is an optimal degree of synchronization (and according to our

results, SIC amplitude) in which the system exhibits superior information-processing

capabilities when it is paired with STDP. In other words, the ability of the system to

encode external stimuli is maximized as well as its ability to integrate the information

to exhibit superior cause-effect structures. However, increasing SIC amplitude may

have a detrimental effect on the encoding ability and integrated information. We think

this is a consequence of LTD and noise induction due to the firing patterns exerted by

the astrocyte cell.

In summary, our analysis predicts that astrocytic modulation, at local and global scales,

is linked with enhanced integrated information and encoding efficiency. Under cer-

tain conditions, this could be favored when the system allows plastic modifications via

STDP.

Finally, apart from considering the physiological significance of these results we stress

that the current architecture may be interesting to consider for reservoir computing ar-

chitectures and their relationship with integrated information. To the best of our knowl-

edge, there is no research following this approach.
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Chapter 6

Conclusions

This thesis aimed to study conditions in which some relevant biological complex sys-

tems exhibit dynamical complexity. In particular, we investigate the influence of signal-

ing mechanisms in cell-to-cell communication in bacterial communities and neural en-

sembles to assess the effect on the system’s intrinsic causal structure using information-

theoretic tools.

6.1 Overview

The main research content of the thesis is divided into three main chapters. In chapter 3,

we characterized the system’s intrinsic causal structure of a network of coupled repres-

silators through quorum sensing using two coupling schemes (a) phase-attractive [52]

and (b) phase-repulsive cell-to-cell communication [3]. The emergence of complexity

is characterized empirically through the computation of integrated information and re-

lated information-theoretic metrics. We numerically compared three standard measures

to compute integrated information, namely, stochastic interaction Φ̃, net synergy ΦWMS

and decoder-based integrated information Φ∗. On this basis, we related these measures

with the observed global spatio-temporal patterns associated with biological fates under

different dynamical regimes using the cell density Q as a control parameter.

First, for phase-attractive cell-to-cell communication, our results indicated that at the
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transition regime to phase synchronization (due to increased cell density) there is the

emergence of integrated information. In particular, Φ∗ and ΦWMS provide comparable

predictions at sub-criticality, in timescales τ where the time-delayed mutual information

(TDMI) is minimal.

On the other side, the net synergy becomes increasingly negative with the system size

when TDMI is maximal, It is found that for increasing system size TDMI is upper

bounded, setting a limit to the generation of integrated information. Once the system

is fully synchronized Φ∗ vanishes, while ΦWMS becomes increasingly negative due to

increased spatial correlation.

Second, for phase-repulsive coupling, we detected anti-phase irregular oscillations be-

tween two torus bifurcations exhibiting transient multi-cluster configurations. The sta-

bility of these temporary patterns was linked to the onset of chaos discussed in [104].

We showed that the measures of integrated information can track the formation of clus-

ters with different arrangements for varying cell densities. In particular, is shown that

Φ∗ and ΦWMS are substantially increased during the onset of chaos. This is further

related to the formation of fast switching clusters. On a larger scale, these measures

gradually increase up to up some limit value as the TDMI’s scaling behavior indicates.

Finally, we showed that these measures of integrated information are maximally re-

ceptive at the transition regime between dynamical states for varying time scales. In

particular, we characterize the susceptibility of the information loss for increasing cell

density, it is shown that at the transition between dynamical regimes the optimal parti-

tion fluctuates within the observed timescales. These findings indicate that integrated

information can be regarded as a macroscopic order parameter.

On the other hand, for both coupling schemes, it is found that Φ̃ is receptive to the

transition between dynamical regimes. However, qualitatively it is less explanatory than

the previous two metrics because it incorporates stationary contributions that become

dominant with the system size.

From a biological point of view, our finding shows that a heterogeneous population of

coupled repressilators can show emergence of complex biological structures that are
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self-reflexive, self-regulating and dynamically synergistic. In particular, we speculate

that the transient cluster formation in extended cellular systems under fluctuating con-

ditions may play an adaptive role so the cells can act locally to distribute the external

demands. Yet, there is an emergence of collective behaviours that can be just described

at the system level.

In such conditions, these findings suggest that the system acts as a single processing

unit rather than the sum of its components. Thus, our results suggest that a cellular

system, seen as interacting genetic regulatory networks, has the potential to exhibit a

higher causal structures above and beyond its parts.

In chapter 4, we introduced a model that characterizes the bidirectional coupling be-

tween neurons and astrocytes in a minimal network [26]. In particular, we considered

the potentiation of presynaptic currents through glutamatergic signaling. We showed

that the cross-signaling between neurons and astrocytes contribute substantially to the

modulation of integrated information, computed from the decoder-based measure Φ∗.

This is further associated with intermittent states of synchronization during the astrocyte-

mediated potentiation of presynaptic currents.

We related our findings with the total correlation and the net synergy ΦWMS to account

for the causal and spatial interactions in the neural network. Our results indicated that

both Φ∗ and ΦWMS peak at the transition regime between spontaneous calcium oscilla-

tions and a high stable concentration, represented as a stable node. It is also shown that

at this regime the neural network has a balanced degree of correlated and spontaneous

spiking activity. This degree of coordination was further associated with the coupling

strength between neurons and astrocytes.

Also, it is shown that the system’s intrinsic causal structure in heterogeneous networks

is higher than in highly connected networks. This implies that the information generated

from the population coding is greater than the total contribution of the components. This

is arguably related to the modulation of cooperative interactions led by the astrocytes.

Also, inhibitory synapses appeared to control the positive feedback neuron-astrocyte by

inhibiting the effect of potentiation of excitatory currents.
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In these findings, we relate the emergence of a large Φ∗ and ΦWMS with the tuning

of synchronized states. According to the interpretation of integrated information, in

this condition, the neural network has a balanced spread of input excitability across the

neurons, but the network acts as a single piece. i.e., the information generated by the

system’s intrinsic causal interactions is greater than the sum of its components. Inter-

estingly, impaired astrocytic regulation is associated with high intermittency or gluta-

matergic over-excitation, which is further linked to multiple neurological disorders.

Finally, in chapter 5, we extended the formulation of the previous chapter to incorporate

local and global interactions. Here we propose a biologically plausible model of neu-

ronal communities highly connected followed by a rewiring method to produce inter-

community connections. The neural dynamics is coordinated by bidirectional neuron-

astrocyte interactions. We use a multi-scale approach to account for spatio-temporal

features of astrocytes. We implement two signaling pathways via astrocytic glutamate;

first, transient presynaptic potentiation upon triggering of gliotransmitter at the synaptic

level due to localized calcium signaling; second, the induction of slow inward currents

(SICs) upon the emergence of global calcium elevations elicited by local calcium sig-

nals. While the first pathway allows local and fast interactions, the second is modeled

to impact communities of neurons at once. Both pathways follow physiological consid-

erations [4].

Additionally, we investigated the effect of neuron-astrocyte interactions using the spiking-

time-dependent-plasticity (STDP) learning rule in the emergence of integrated informa-

tion (measured by the net synergy ΦWMS) and the network’s encoding ability (defined

from the mutual information between the input signal and neural response).

First, in the presynaptic pathway, our model indicates that the transient potentiation of

presynaptic currents induced by astrocytic glutamate may gate long-term potentiation

(LTP) with a lower firing rate threshold in comparison with the absence of gliotransmis-

sion. This induction is satisfied when there is simultaneous postsynaptic depolarization.

We found that the joint interaction between LTP and astrocyte-mediated transient po-

tentiation increases substantially ΦWMS at synaptic timescales (∼ 1 ms) as well as the
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encoding ability. In addition, our model predicts that the astrocytic-mediated postsy-

naptic SICs can induce transient synchronization in groups of neurons.

Thus SIC amplitude is linked with the degree of synchronization. In particular, when

STDP is considered, it is found that there is an optimal value of synchronization in

which the neuronal response to external stimuli is maximized. In the same way, the

system’s intrinsic causal interactions are greater than the total contribution of the neu-

ronal communities per time step. Nonetheless, high SIC amplitudes are found to be

detrimental to information processing. We think that the SICs at high frequency could

exert a noisy contribution.

6.2 Final remarks

Overall, in this thesis, we put forward the relationship between numerous dynamical

regimes associated with functional consequences in different biological domains, and

dynamical complexity. To compute such complexity we use different metrics of in-

tegrated information (and relevant information-theoretic measures). This allows us to

describe non-trivial dynamics closely linked with biological processes.

The mathematical framework of integrated information has proved to be useful to quan-

tify the system’s capacity to integrate information. This tool has been applied effectively

to describe features such as metastability, criticality and phase transitions in the brain.

Thus, we employ the metrics of integrated information to characterize the dynamics in

nonlinear biological systems. It is shown how this approach can be effective to describe

systematically emergent features associated with information-processing in neural sys-

tems and gene regulatory networks. We argue that there may be a physiological coun-

terpart associated with high integrated information, such as the flexibility of transition

between different activity patterns seen in the neural code or the adaptation mechanisms

through the heterogeneous gene expression seen in bacteria.

We stress that this approach constitutes a rigorous method to characterize the internal

perspective of a system of interest by disregarding any stimulus-dependent changes.
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Under this perspective, we quantify the integration of information at the system level

that results from varied signaling pathways and internal states. Current methods in bi-

ology focus on the input-output relationship, but it does not tell us much about how

biological systems use this information to carry out specific functions from an intrinsic

perspective. This view is particularly valuable to assess the sensory and information-

processing mechanisms in biological systems. This includes neuronal sensory process-

ing in animals and signal transduction systems in bacteria. We believe this offers a

novel approach that could be useful for further research.

To our knowledge, this is the first time that such an approach is applied to computational

models of gene regulatory networks and neuron-astrocyte networks. It is shown that the

information metrics and dynamical characteristics of the proposed models are linked

and our observations agree with previous claims derived experimentally or theoretically.

The metrics of integrated information appear as plausible markers of coherent emerging

structures in terms of information exchange between nonlinear time-series defining a

population. That is, these metrics characterize the time-dependent nonlinear correlation

between measurements within a population that is irreducible to independent contribu-

tions. Note that, based on observations derived in this work and published elsewhere,

not all configurations with high internal variability are associated with high degrees of

integrated information. These metrics can distinguish the balance between differentia-

tion and integration of internal states, as opposed with other available techniques.

We show in this thesis that the measures of integrated information appear as effec-

tive quantitative indicators of nonlinear phenomena such as the onset of chaos, and its

different degrees, quasi-periodic oscillations, and periodic windows. Moreover, the de-

pendency in the time-delay parameter reveals the temporal correlation structure in the

context of a population of time-series. This has its own merit as a potential method to

detect chaos or a lack thereof using empirical data.

On the other hand, we also note a few shortcomings of our approach. The integrated

information is well-defined for continuous and discrete systems. Yet, the computation

of integrated information becomes unfeasible as we increase the number of states, ele-
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ments and partitions. This is particularly detrimental in the continuous setting. To avoid

those issues, we use a discrete approach using binary networks. We also investigate the

scalability of the metrics using the atomic partition, from which we can characterize the

dynamical regimes as shown in this work. However, questions regarding the physical

meaning of the discarded subsets remain open. A potential solution, for future work, is

through community detection algorithms.

Regarding our modelling approach, one of the open questions is related with the ex-

perimental feasibility to obtain chaotic oscillations in protein levels, according to the

model presented in chapter 3. Nonetheless, as pointed out, the chosen parameters and

model design are based on realistic considerations. Our observations should be taken as

a suggestion of the potential role of temporal cluster formation (a regime observed dur-

ing resource-splitting in bacterial populations) under fluctuating conditions to enhance

the degree of dynamical complexity. An extension of these observations in Turing-type

systems would be particularly relevant.

In chapter 4, one drawback is that we consider a coupling parameter between neurons

and astrocytes proportional to the calcium level. Thus, if the calcium concentration

reaches a stable node in a high state, the network will show over-excitation. Here we

removed this regime from the discussion as it is not biologically plausible. However,

our results characterize this scenario with a detrimental effect in the measures of inte-

grated information, which implies that hyperactivity reduces the degree of synergy at

the system level.

To assess the previous question, we include the release of gliotransmitters in our multi-

scale approach proposed in chapter 5. Here, the high concentration of calcium levels

is modelled by a single event after crossing certain threshold. In this chapter, one lim-

itation is related with the mechanism to generate SICs. We disregard the extended

morphology of the astrocytes, and we assume instantaneous integration of the calcium

signals coming from the astrocytic processes for each domain. This consideration has a

direct effect in the frequency of SICs that needs further investigation. Nonetheless, note

that our observations indicate that increasing the effect of SICs has a noise-driven con-
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tribution that decreases the information metrics (likewise, it predicts an optimal degree

of synchronization to enhance the information-processing capabilities of the network).

One proposal for a better description is to describe the global calcium dynamics in terms

of a reaction-diffusion equation with source terms associated to each astrocytic process.

Additionally, in chapter 4 and 5, a drawback from our conclusions is that our estimations

are reduced to a subset out of the full repertoire of firing and calcium patterns. Further

research is needed to assess these relationships.

Finally, future work involves further investigation in the role of astroglial signalling in

spiking neural networks for learning models. Also, we propose to reconcile our re-

sults related with neural networks and astrocytes with the analysis of the distribution

of neuronal avalanche sizes and durations. The relationship of these ones with metrics

derived from information-theoretic tools may be relevant to highlight the role of astro-

cytes in the modulation of excitability based on network activity and its relationship

with information transmission.
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