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Resumo

SHIMOURA, R. O. Estudo computacional de interações talamocorticais:

simulando atividade oscilatória. 2021. 159 f. Tese (Doutorado - Programa de

Pós-graduação em Física aplicada à Medicina e Biologia) - Faculdade de Filosofia,

Ciências e Letras de Ribeirão Preto, Universidade de São Paulo, Ribeirão Preto -

SP, 2021.

O cérebro exibe vários ritmos oscilatórios que estão relacionadas a uma ou

várias funções cognitivas. Uma das características mais proeminentes nos

eletroencefalogramas em estado vigília de uma variedade de mamíferos, observada

principalmente durante repouso com os olhos fechados, é o ritmo alfa (∼ 10 Hz).

Embora alfa seja fortemente associado à redução da atenção visual, também está

relacionado a outros aspectos funcionais. Entender como e onde esse ritmo é

gerado pode elucidar suas funções. Ainda hoje não há uma resposta definitiva

para essa pergunta, embora várias hipóteses apresentem o tálamo e o córtex como

possíveis protagonistas. Este trabalho objetiva explorar possíveis geradores alfa em

um modelo do microcircuito multicamadas do córtex visual primário conectado a

uma rede talâmica. A atividade espontânea do microcircuito cortical foi analisada e

duas hipóteses de geração de alfa foram estudadas. Mostramos que as oscilações alfa

emergem ao adicionar neurônios que disparam intrinsecamente em rajada na camada

cortical 5 e ao alterar o atraso tálamo-cortical. As hipóteses apontam para geradores

de diferentes origens, um apontando as camadas 5 e 2/3 e o outro apontando as

camadas 4 e 6, e elas são comparáveis com trabalhos experimentais.

Palavras-chave: 1. Modelo integra-e-dispara. 2. Oscilações talamocorticais.

3. Cortéx visual primário. 4. Neuro-simuladores. 5. Oscilação alfa.
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Abstract

SHIMOURA, R. O. Computational study of thalamocortical interactions:

simulating oscillatory activity. 2021. 159 f. Thesis (Ph.D. -

Postgraduate program in Physics applied to Medicine and Biology) - Faculty of

Philosophy, Sciences and Literature, University of São Paulo, Ribeirão Preto - SP,

2021.

The brain displays various oscillatory rhythms across scales that are related to one

or multiple cognitive functions. One of the most prominent features in waking

electroencephalograms of a variety of mammals, mainly observed at rest with

eyes-closed, is the alpha rhythm (∼ 10 Hz). Although alpha is strongly associated

with reduced visual attention, it is also related to other roles. Understanding how

and where this rhythm is generated can elucidate its functions. Even today there

is no definitive answer to this question, though several hypotheses put forward

the thalamus and the cortex as possible protagonists. This work aims to explore

possible alpha generators in a multilayered microcircuit model of the primary

visual cortex connected to a thalamic network. The spontaneous activity of the

cortical microcircuit was analyzed and two hypotheses of the generation of alpha

were studied. We showed that alpha oscillations emerge by adding intrinsically

bursting neurons at cortical layer 5 and by changing the thalamocortical loop delay.

These hypotheses pointed to generators from different sources, one pointing layers

5 and 2/3 and the other pointing layers 4 and 6, and they are comparable with

experimental works.

Key-words: 1. Integrate-and-fire model. 2. Thalamocortical oscillations.

3. Primary visual cortex. 4. Neuro-simulators. 5. Alpha oscillation.
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3.3 From structural data to the neuronal network model. Data

for this example were taken from a multi-scale model of the macaque

visual cortex (Schmidt et al., 2018b,a). In (a) we show a illustrative

depiction of the human cortex. The zoom indicates a cortical slice

and the black squares represent cortical microcircuits. In (b) we

show the structural connectivity matrix. Neurons are of excitatory

or inhibitory types (E, I) and belong to four different cortical layers

(2/3, 4, 5, and 6) in four different cortical areas (V 1, V 2, V 3, and

V 4). Presynaptic neurons are placed in the x-axis and postsynaptic

neurons in the y-axis; Notice that the structural connectivity matrix is

asymmetric. In (c) we show a network representation of the structural

matrix in (b); neurons are placed along a ring and connections

between pairs of them are indicated by lines. In (d) we show the

different levels of spatial granularity at which a cortical microcircuit

could be simulated: all excitatory/inhibitory neurons in a given layer

can be described by a neural population model (left column); each

individual cell can be represented by a point neuron model; or each

individual cell can be described by a morphologically detailed neuron

model (right column). As one goes from the left to the right column

the number of equations and parameters of the full model increases

dramatically, and, consequently, the computational cost involved in

the implementation and simulation. This makes critical the choice

of trade-off between the kind of phenomenon studied and the spatial

granularity level of the model. In (e) we show how one could connect

pairs of neurons using a distance based rule given by a probability

density function as the 2D Gaussian function defined in Eq. 3.13.

The colored circles indicate the contour lines of the distance based

function and the presynaptic neuron is placed at the center of the

inner contour line. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
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formula (Eq. 3.10) (blue) and its first-order approximation (Eq. 3.11)

(orange). Inset: zoom over small values of Nsyn to highlight the

beginning of the difference between the two curves. . . . . . . . . . . 29
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shown are the raster plot of spiking activity with dots indicating spike

times; the boxplots of average firing rate per population; the boxplots

of average irregularity per population; and the power spectrum

calculated from average full network activity in time windows of 1

ms. The maps in c), d) and e) show the fraction out of the four

excitatory populations that have, respectively, average CV (ISI),

average LV (ISI) and average firing rate within the ranges given above. 57
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average local variation LV (ISI) between 0.54 and 1.44 and average
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activity for the set of parameters highlighted in a). The plots shown

are the raster plot of spiking activity with dots indicating spike

times; the boxplots of average firing rate per population; the boxplots

of average irregularity per population; and the power spectrum

calculated from average full network activity in time windows of 1

ms. The maps in c), d) and e) show the fraction out of the four

excitatory populations that have, respectively, average CV (ISI),

average LV (ISI) and average firing rate within the ranges given above. 59
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Chapter 1

Introduction

The brain displays various oscillatory rhythms across scales that are related

to one or multiple cognitive functions. One of the most prominent features in awake

electroencephalograms (EEGs) of a variety of mammals, mainly observed at rest

with eyes-closed, is the alpha (α) rhythm (around 7 to 13 Hz). This oscillation is

observed in different regions of the cerebral cortex such as the auditory (Leske et al.,

2014), sensorimotor (Haegens et al., 2015) and prefrontal areas (Supp et al., 2011),

standing out in occipitoparietal regions.

Although alpha is strongly associated with reduced visual attention, it is

also related to other functions such as the regulation of the timing and temporal

resolution of perception, and transmission facilitation of predictions to visual cortex.

Even early research already suggested that, rather than alpha existing as a singular

phenomenon, it should be thought of as the product of many alpha rhythms

(Walter, 1963). These many possible “characters” of alpha are better reviewed

in (Clayton et al., 2017). Understanding how and where the alpha rhythm is

generated can elucidate its functions. Even today there is no definitive answer to this

question, though several hypotheses suggest the thalamus and the cortex as possible

protagonists. The discussion about the generation of alpha includes studies with

different animals and experimental techniques. Some evidence indicates a cortical

generator (Bastos et al., 2014; van Kerkoerle et al., 2014; Halgren et al., 2019) as

the source while other indicate the thalamocortical circuit as the source (Bollimunta

et al., 2011; Robinson et al., 2001b).

There are at least three groups of neurons which supposedly could contribute

1
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to the cortical alpha rhythm. The first group are cortical layer 5 (L5) intrinsically

bursting IB pyramidal neurons (Silva et al., 1991; Steriade et al., 1990; Jones et al.,

2000), the second are high-threshold bursting thalamocortical neurons in the lateral

geniculate nucleus (LGN) (Hughes et al., 2002, 2004, 2011; Lorincz et al., 2009)

and, more recently, it was identified the L4 pyramidal neuron dendritic bursting

(Traub et al., 2020) as the third group. Support for the thalamocortical cells alpha

generation also comes from laminar recordings which found strong alpha at L4 and

L6, the main targets of LGN efferents (Bollimunta et al., 2011).

Although the thalamocortical loop mechanism of alpha rhythm generation is

well defined with a solid proposal, the L5 IB mechanism is not so clear. Different

subtypes of layer 5 cells are possible candidates to be involved in the generation of

alpha.

A subpopulation of layer 5 pyramidal cells that fire rhythmically in the alpha

frequency range (Silva et al., 1991; Sun and Dan, 2009) has been suggested to serve

as a neuronal pacemaker for the columnar microcircuit (Lopes da Silva, 1991; Jones

et al., 2000, 2009; Connors and Amitai, 1997). Laminar recordings in V1 also suggest

that the cortex acts as an independent generator of alpha, though it is not clear in

what layer the rhythm starts. While experimental findings have identified generators

of alpha oscillation in all layers (Bollimunta et al., 2008), there are studies suggesting

the generation of alpha either in the corticothalamic way (generators in L6) (Bastos

et al., 2014) or in the corticocortical path (generators in L1/2 and L5) (van Kerkoerle

et al., 2014).

At the network level, the hypothesis of an origin in the thalamocortical loop

has inspired a theoretical mean-field model that accounts not only for alpha rhythms,

but also for evoked response potentials and changes in EEG spectra due to arousal,

attention and pathology (Robinson et al., 2001b, 2002; Rennie et al., 2002; van

Albada and Robinson, 2009; Izhikevich and Edelman, 2008; Hill and Tononi, 2005).

The near-harmonic progression of oscillation peaks predicted by the mean-field

model has recently been shown to be similar to the empirically observed pattern

in resting eyes-closed EEG spectra from a large cohort of healthy individuals (van

Albada and Robinson, 2013). The mechanism for alpha activity proposed by the

mean-field model is an excitatory feedback loop between cortex and thalamus with
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a loop delay of the order of 100 ms (Roberts and Robinson, 2008).

We summarize some of the studies mentioned above in Tables 1.1 and 1.2.

Even though different hypothesis have been suggested through the last years, some of

them contradicting each other, still there is no definitive answer about the generation

of alpha. In order to understand the possible mechanisms behind alpha rhythm

generation, a thalamocortical model was developed and analyzed. To achieve this

aim, as the first step we studied the spontaneous activity of the data-driven primary

visual cortex model and the endogenous emergent phenomena of this network when

parameters, such as the balance between excitation and inhibition, were varied.

Then, the origin of alpha oscillation was explored at two different scales. One at

the neuronal level involving (IB) neurons in cortical L5, and the other at the circuit

level involving thalamocortical interactions. The model and methods can also be

used to study other hypothesis and distinct oscillations in the future.
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1.1 Structure of the thesis

This thesis is subdivided in six chapters. Chapter 2 provides an introduction

to the neurobiology of the thalamocortical system related to alpha wave generation,

and Chapter 3 provides a theoretical introduction to the techniques for modeling

and analysing neuronal network models. Chapter 4 describes the thalamocortical

model developed for this study and the choices of parameters to achieve a coherent

spontaneous activity before testing the alpha rhythm hypothesis. Chapter 5

discusses the mechanisms of alpha rhythm generation on the thalamocortical

network. Lastly, chapter 6 discusses the outcomes and conclusions of this work.



Chapter 2

Neurobiology of the thalamocortical
system

This chapter provides the neurobiology of the thalamocortical system related

to the generation of alpha oscilations in the cortex.

2.1 Introduction

The neocortex can be subdivided vertically into up to six cell layers (Uenke

et al., 2010; Kandel et al., 2014). Each layer contains different populations of

neurons, which vary in amount, shape and function. Variations in the number

of layers, cytoarchitecture, and cellular distribution contribute to the functional

specialization of different neocortical regions, which play a crucial role in sensory

processing, attention, memory, consciousness, thought, and language (Bear et al.,

2016).

The synaptic endings that reach the neocortex are mostly from itself.

Such richness of cortico-cortical contacts underlies processes of sensory integration,

motor command and memory consolidation (Braitenberg, 1974; Nieuwenhuys, 1994).

These processes depend, however, on subcortical inputs, which help to organize

behavior according to environmental and social demands (Bonelli and Cummings,

2007). One of the main sources of neocortex afferences is the thalamus, and

thalamocortical interactions - which are bidirectional - are ultimately responsible

for the oscillatory activity patterns under the different states of consciousness and

sleep-wake cycle (Llinás and Steriade, 2006). Indeed, although thalamocortical

7
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connections was believed to account for less than 10% of the total synapses in

the cortex, recent studies in primate visual cortex suggest that this number is two

times bigger than was thought (Garcia-Marin et al., 2017). Additionally, other

studies considered thalamocortical connections individually more influential than

cortico-cortical contacts (Castro-Alamancos and Connors, 1997; Amitai, 2001).

In this study, two areas are modeled to explore the alpha rhythm generation:

primary visual cortex (V1) and thalamic lateral geniculate nucleus (LGN). The

neurobiology of these two areas are described below.

2.2 Primary visual cortex

The first region of the cortex that receives visual stimuli, the primary visual

cortex (V1), plays essential role in the processing of visual information. It is also

known as striate cortex or area 17 (accordingly with Brodmann’s classification - see

Figure 2.1).

Figura 2.1: Cerebral cortex regions numbered and divided accordingly
with Brodmann classification. A) Lateral view and B) medial view with area
17 indicated by yellow, which indicates the primary visual cortex. Images adapted
from Brodmann (1909).

In addition to the primary visual cortex, there are other regions responsible

for processing visual functions, known as extra-striatal areas, given specific names

or called V2, V3, V4, V5 and V6.

Similar to other cortical regions, V1 can be divided in six layers, each

containing different number and types of neurons. Layer 4 of the V1 area is the
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main receptor for inputs from other brain regions. It is very thick and is divided

by neuroanatomists into four sublayers: 4A, 4B, 4Cα, and 4Cβ. This subdivision is

due to the receiving inputs from different regions of the LGN of the thalamus which

can be grouped in these different sublayers. For simplicity, the sublayers were not

considered in the computational modeling of the network architecture developed in

this work. Additionally, LGN not only send projections to L4 but also to L6 as well.

Neurons in V1 present very specific patterns of response to visual stimulation

in the retina. One of the most studied properties is the neuronal orientation

selectivity response when a light bar is used as a sensory stimulus. V1 neurons

are also selective to other different types of stimuli such as ocular dominance, color,

spatial frequency, among others.

Besides these specific characteristics, there are some general features that

we can use to group cortical neurons. One example is grouping them by

their electrophysiological properties or spiking patterns. To understand these

electrophysiological classes, we first have to know that synaptic or external currents

can generate changes in the membrane potential of a neuron. Changes in the

membrane potential of a neuron caused by synaptic currents are called postsynaptic

potentials (PSPs). Fluctuations in the neuronal membrane potential caused by

PSPs may generate an action potential or spike, ie, an abrupt and transient

change in membrane voltage that propagates to other neurons through axons.

This abrupt change occurs when the membrane potential reaches a firing threshold

value. Considering a current injected as an input, for example in vitro, the

pattern with which the action potentials occur varies according to the type of

neuron and its location. According to the characteristics of the dynamics of these

electrophysiological responses the neurons are grouped into classes. These classes

bring together neurons that fire with similar patterns when stimulated by the same

current.

There are 5 main electrophysiological classes in V1 (Contreras, 2004; Nowak

et al., 2003): regular spiking (RS) neurons, intrinsic bursting (IB) neurons, fast

spiking (FS), chattering (CH) and low-threshold spiking (LTS) neurons. Among

these classes, in general, the most abundant are RS for excitatory and FS for

inhibitory neurons.
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The two major excitatory cortical cell types of layer 5 are the RS and IB

neurons. IB cells produce bursts of spikes to somatic current injection, project

sub-cortically, and have complex apical dendrites that branch deeper in cortex, not

just at the pial surface (Connors and Gutnick, 1990; Agmon et al., 1992; McCormick

et al., 1985). Other characteristics of IB neurons include the rhythmic bursting

around 7 Hz observed by (Silva et al., 1991), which is hypothesized to be related

with the generation of alpha oscillations.

2.3 Thalamic lateral geniculate nucleus

The lateral geniculate nucleus (LGN) is considered the thalamic relay of

retinal input to the visual cortex. LGN is a "first order"relay (Sherman, 2006;

Sherman and Guillery, 2011), which receives ascending visual messages from the

retina and sends them to V1. The LGN in catarrhine primates (Old World monkeys,

apes, humans) has six layers, except for gibbons (de Sousa et al., 2013; Kaas et al.,

1978). These six layers are divided into four dorsal parvocellular layers and two

ventral magnocellular layers (de Sousa et al., 2013; Kaas et al., 1978; Malpeli et al.,

1996; Livingstone and Hubel, 1988; Hickey and Guillery, 1979).

Thalamocortical relay neurons (TC) from LGN can display two different

modes of action potential temporal patterns: tonic and burst. In the tonic mode

individual spikes occur when the TC cell is depolarized from its resting potential

by a current pulse or activation of synaptic inputs. On the other hand, when

the neuron membrane potential is hyperpolarized, a cluster of 2-6 spikes occurs

in rapid succession. Although earlier studies suggested a separation between these

two spiking modes, some observations have shown a continuum in the prevalence of

both modes (Guido et al., 1995, 1992; Wolfart et al., 2005; Mukherjee and Kaplan,

1995).

Thalamic interneurons are inhibitory and represent 25% of the LGN

population (LeVay and Ferster, 1979; Fitzpatrick et al., 1984; Arcelli et al., 1997;

Çavdar et al., 2014; Madarász et al., 1985). They behave similarly with TC neurons

with a higher firing rate when stimulated by the same step current (Pape and

McCormick, 1995).
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The thalamic reticular nucleus (TRN) is a brain structure which surrounds

the anterolateral regions of the dorsal thalamus. It looks like a thin shell located

between thalamus and cortex. TRN neurons are GABAergic and receive synaptic

input from thalamocortical and corticothalamic neurons. Then, these cells provide

inhibitory feedback to thalamic relay nuclei. For this work we are not considering

the TRN because its firing rate is significantly reduced during α rhythm and its

activity is uncorrelated with α activity (Lorincz et al., 2009).

Thalamocortical and corticothalamic projections

It is known that individual thalamocortical afferents contact both excitatory

projection neurons and local inhibitory interneurons. Recently, in experiments done

in cats, were found that thalamocortical synapses connecting LGN to V1 induces

the same value of EPSP for RS and FS cortical neurons (Sedigh-Sarvestani et al.,

2017). By the other hand, other studies showed that thalamocortical synapses onto

inhibitory interneurons of somatosensory cortex and primary visual cortex are much

stronger than those onto excitatory principal cells (Gabernet et al., 2005; Gibson

et al., 1999; Inoue and Imoto, 2006; Kloc and Maffei, 2014).

Experiments done using optogenetic approach in mouse primary visual cortex

studied the target-specific properties of thalamocortical synapses onto layer 4.

Besides of LGN afferents making monosynaptic connections with pyramidal and

fast-spiking (FS) neurons, it was shown that thalamocortical EPSCs on FS neurons

were larger and showed steeper short-term depression in response to repetitive

stimulation than those on pyramidal neurons (Kloc and Maffei, 2014).

Stronger thalamocortical responses of FS inhibitory L4 cells in comparison

with RS response might be due to synaptic mechanisms such as synaptic excitatory

conductance and innervation by greater numbers of thalamic cells (Cruikshank

et al., 2007). Similar findings were observed for the mouse auditory cortex in vitro

experiments (Schiff and Reyes, 2012).

Additionally, the projections in both directions involving thalamus and cortex

are dynamical. The synaptic strength between these two areas can change with

short-term synaptic plasticity. In vivo experiments done in cat primary visual
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System Species EPSP(mV) EPSC(pA) References

V1L6 to LGN rat (—) (5.0 ± 0.7) (Granseth and Lindström, 2003)

rat (2.4 ± 0.1) (—) (Gentet and Ulrich, 2004)

LGN to V1L4-L6 cat (0.42 ± 0.26) (—) (Sedigh-Sarvestani et al., 2017)

LGN to V1L4 cat (1.97 ± 1.45) (—) (Stratford et al., 1996)

mouse (9.9 ± 0.7) (—) (MacLean et al., 2006)

Tabela 2.1: Thalamocortical excitatory postsynaptic potential/current.

cortex showed that thalamically driven PSPs depressed only moderately, even during

high-frequency (100 Hz) trains. Thalamocortical synapses are tonically depressed by

spontaneous activity, limiting the impact of additional evoked activity on synaptic

efficacy (Boudreau, 2005). On the other hand, thalamocortical connections may

display many forms of synaptic plasticity in the first postnatal week, but not

afterwards (Amitai, 2001). LGN afferents make monosynaptic connections with

RS and FS neurons. TC EPSCs on FS neurons were larger and showed steeper

short-term depression in response to repetitive stimulation than those on RS neurons

(Kloc and Maffei, 2014). Moreover, corticothalamic connections present short-term

facilitation at cortical synapses to TC neurons and depression at cortical synapses

to inhibitory thalamic neurons (Augustinaite et al., 2011). These synapses are

dynamical and may change depending on the frequency of the input (Crandall et al.,

2015). Some examples of thalamocortical and corticothalamic average EPSP and

EPSC are shown in Table 2.1.

The thalamocortical loop delay may vary depending on the species as bigger

brains tend to have longer projection paths. In Table 2.2 it is shown some examples

of thalamocortical and corticothalamic transmission delays collected from literature

for different species.

One of the alpha rhythm generation hypotheses studied in this work is related

to the references mentioned in the last row of Table 2.2, for this reason, we used the

total thalamocortical loop delay as 80 ms.
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System Species Conduction time (ms) References
(mean range) (median)

Corticothalamic (L6)

rabbit (2.0−42.7) (14.3) (Swadlow and Weyand, 1987)

cat (2.5−45.0) (—) (Ferster and Lindström, 1983)

monkey (2.0−20.0) (9.5) (Briggs and Usrey, 2009)

ferret (2.0−8.0) (4.0 ± 0.6) (Briggs and Usrey, 2005)

Thalamocortical (LGN)

rabbit (0.6−3.1) (1.2) (Swadlow and Weyand, 1985)

rabbit (0.69−0.96) (—) (Stoelzel et al., 2008)

cat (0.3−9.7) (0.9) (Cleland et al., 1976)

cat (—) (2.6 ± 0.64) (Sedigh-Sarvestani et al., 2017)

ferret (1.0−4.0) (2.9 ± 0.3) (Briggs and Usrey, 2005)

Thalamus-cortex-thalamus human (80.0) (-)
(Yamaguchi et al., 2018),

(van Albada et al., 2010),

(Robinson et al., 2001b)

Tabela 2.2: Axonal transmission delays.



Chapter 3

Data-driven large-scale brain
modeling

Computational modeling in neuroscience has become an increasingly

prominent field of research promoting, among other things, dialogue between

experimental and theoretical analysis. Due to the accumulation of theoretical

predictions based on experimental data, the computational approach has been

increasingly useful for the design of new experimental studies and development

of new theories. Moreover, it has been motivating the establishment of

multidisciplinary research groups dedicated to brain issues. Examples are

CEPID-FAPESP NeuroMat (https://neuromat.numec.prp.usp.br/), the Human

Brain Project (https://www.humanbrainproject.eu/) and the Blue Brain Project

(http://bluebrain.epfl.ch/).

Several models of the neocortex and its layers (Potjans and Diesmann,

2014; Izhikevich and Edelman, 2008), as well as thalamocortical circuits (Bazhenov

et al., 2002; Hill and Tononi, 2004; Traub et al., 2004; Destexhe, 2009) have been

developed in recent years. Potjans and Diesmann (2014) recently proposed a network

model for a local cortical microcircuit that incorporates details of local connectivity

between neurons of different layers, and reproduces, even with simplified leaky

integrate-and-fire neurons, spontaneous activity consistent with that reported in

experiments. This last model was extended into a large scale multi-area model

based on macaque data where each area was represented by a modified version of

the Potjans and Diesmann (2014) microcircuit (Schmidt et al., 2018a,b).

In addition to the network architecture, it is important that the neuron

14
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model used is able to reproduce the firing patterns of cells of the different

electrophysiological classes present in both the cortex and the thalamus. Otherwise,

network activity is less effective in sustaining biologically plausible population

dynamics of the cortex (Tomov et al., 2016b, 2014b; Pena et al., 2018b)

and thalamocortical circuits (Destexhe, 2009). Although these approaches are

individually well established in the literature, they still need further integration

for theoretical predictions on a broader level.

This chapter provides a theoretical introduction to computational

neuroscience with a focus on data-driven large-scale brain models. It describes

the basic elements to build these models from neurons to network structure. This

chapter is an adapted version of the review article published in the European

Physical Journal Special Topics: Shimoura, R.O., Lima., V., Pena, R. F. O., Kamiji,

N.L., Girard-Schappo, M., Roque, A.C. (2021) Building a model of the brain: from

detailed connectivity maps to network organization. Europ. Phys. J. ST. doi:

https://doi.org/10.1140/epjs/s11734-021-00152-7.

3.1 Building a model of the brain: from detailed
connectivity maps to network organization

With 86 billion neurons (Azevedo et al., 2009) and hundreds of trillions of

synapses (Braitenberg and Schüz, 1998), the brain is one of the most complex

systems in the known universe. Part of this complexity is due to the intricate

pattern of connections among brain cells. Arguably, the computations performed

by the brain depend heavily on the connections among its cells, but how? In other

words, how the structure of the brain is related to its function? Many argue that

since the brain is a complex system its functions are more than the sum of its parts

(Tononi et al., 1994, 1998; Koch and Laurent, 1999; Bassett and Gazzaniga, 2011).

So, knowledge of the individual behavior of the brain components is not enough

to explain its emergent properties, e.g. cognition and consciousness. Therefore,

the task of modeling the brain connectivity with a reasonable degree of accuracy

constitutes an essential step for understanding these emergent phenomena.

Building-block strategies where spatial and temporal scales are individually

https://doi.org/10.1140/epjs/s11734-021-00152-7
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modeled are the modus operandi of computational neuroscience. Ionic currents are

modeled and studied in separate, neurons are studied in separate, populations are

studied in separate, and the emerging behavior from the interaction of these “blocks”

is then studied via mathematical and computational models. However, the step from

single to multiple and interconnected cells is not trivial, neither from the point of

view of behavior nor from the point of view of data extraction and coding.

But why is coding the structure of neuronal connections and not only the

individual cells so important? We may look for hints on this question in different

phenomena in nature. Starting with inanimate matter, we find that the crystalline

structure of materials directly influences their thermal, electric, magnetic and optic

properties (Newman and Barkema, 1999; de Gennes and Prost, 1993). In addition,

the dimensionality of the lattice, as expressed by the number of neighboring sites

to each node in the network, as well as the reach of interactions, is known to

alter significantly the behavior of physical observables in the vicinity of a phase

transition (Ódor, 2004). The flow of current and, consequently, the expected

behavior of electric circuits, is highly dependent on the spatial configuration of

resistors, sources, capacitors and inductors, and on how their branches intertwine

between some input and output of electric signal. When conducting nanoparticles

are arranged into a percolating structure, complex activity arises in the circuit via

bursts of switching conductivity (Mallinson et al., 2019). Due to its intricate

cortical-like activity, this condensed matter device could serve as prototype for

neuromorphic hardware.

Although the brain is not an ideal and isolated electric circuit, the most

accepted model for the neuronal membrane is based on an equivalent circuit made

of a capacitor coupled in parallel to resistors and batteries (Johnston and Wu,

1995). Hence, the structure of the brain, reflected on its immense electrical circuitry,

works as a complex web that shapes neuronal activity, and ultimately determines

brain function as a kind of process that lies in a continuous feedback loop with the

embedding environment. Neuroscience is then tasked with relating a set of inputs to

the brain (e.g., via sensory systems), to the corresponding generated outputs, also

known as functions. Although the intended function is not always clear, we can have

a look at the activity of specific brain regions to get clues on whether a particular
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structure of a computational model makes sense.

Examples of this structure-function interdependence come from experimental

and theoretical studies alike (Sporns, 2010; Tomov et al., 2014a; Girardi-Schappo

and de Andrade Costa, 2020): spontaneous cortical activity is sometimes observed

in the form of bursts of action potentials, known as neuronal avalanches (Hesse and

Gross, 2014; Carvalho et al., 2021). Nevertheless, when a group of researchers built

a lattice-like network of neurons from the scratch in vitro, they did not observe these

complex patterns (Tibau et al., 2013). However, adding modular structure to the

lattice may do the job (Yamamoto et al., 2018). These modules could then be built

on top of each other generating a layered structure that mimics the cortex. These

layered networks are known for generating propagating waves (Bortolotto et al.,

2016; Muller et al., 2018), long-range correlations (Girardi-Schappo et al., 2016;

Arnulfo et al., 2020), and neuronal avalanches (Girardi-Schappo and Tragtenberg,

2018). Rich-club-like modularity destroys bursting synchrony (Lameu et al., 2012),

but allows for neuronal avalanches (Kaiser et al., 2007), whereas hierarchical

networks of this type optimize the diversity of spiking patterns (Pena et al., 2020).

Some types of plasticity lead networks of neurons into a modular topology (Lameu

et al., 2019). In fact, evolving techniques of manipulating neuronal activity may

give birth to synthetic biological brain structures, also known as connectomes

(Rabinowitch, 2019).

3.2 How network models are usually constructed

Neuronal network models can be classified along two different axes with

respect to connectivity. The first one refers to the nature of the graph used to

implement the network, and the second to the granularity or scale of the connections.

Regarding the nature of the graph, it can be of two basic types:

• Artificial graph. The connections among neurons are generated according to

some predefined rules with the specific aim of creating a network with desired

properties, e.g. random or small-world topologies (Roxin et al., 2004; Lin and

Chen, 2005; Sporns, 2010; Borges et al., 2017).

• Data-driven graph. The connections among neurons are based on
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experimental data obtained with different techniques with the aim of

replicating as faithfully as possible the circuitry of a particular brain region

(Bezaire et al., 2016; Dura-Bernal et al., 2017; Brunton and Beyeler, 2019).

Regarding the granularity of the connectivity, it is tied to the scale at which

neural structures are described. There are three basic granularity levels:

• Connections linking morphologically detailed neurons. Synaptic contacts

occur at specific positions along the neuron, e.g. distal/proximal dendrites

or somata. Models that want to take into account the positions of synaptic

contacts must be based on morphologically detailed neuron models. These

models are composed of several interconnected compartments emulating the

branched structure of the neuronal dendritic trees (Segev and Burke, 1998;

Herz et al., 2006; Sterratt et al., 2012). Each compartment can have its own

set of ionic channels and maximal ionic conductance densities. With this type

of neuron model, connections among neurons can be set in a compartment-wise

fashion, including compartment-specific values of the synaptic parameters.

• Connections linking point neurons. At a coarser grain level, neurons can

be described as points without spatial structure. In such cases, to set the

connections among neurons one needs only to specify which cells are connected

to which (usually according to some probabilistic rules) together with the

connection parameters (type and strength) of the cell-to-cell synapses (Brunel,

2000; Gerstner et al., 2014; Potjans and Diesmann, 2014).

• Connections linking neuronal populations. At an even coarser spatial

granularity level, individual cells are no longer recognized as such and groups of

neurons are lumped together into single “average” neuron (Dayan and Abbott,

2001; Liley, 2015; Cowan et al., 2016). In such neuronal population models

the connections represent axonal links among neuronal groups or brain regions

and the synaptic parameters correspond to effective properties of the existing

synapses.

The artificial graph approach has been used to study cortical activity states

(Brunel, 2000; Ostojic, 2014; Pena et al., 2018a; Borges et al., 2020), specially
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transitions between up and down states (Destexhe et al., 2001; Pena et al., 2018a);

how basic information processing computations are performed by a population of

neurons (Vogels et al., 2005); and to understand low-level operations performed by

cell assemblies (Buzsáki, 2010; Papadimitriou et al., 2020).

It is known that the primate cortex is organized in a structured manner

(Sporns et al., 2005; Bullmore and Bassett, 2011). Indeed, the connection among

cortical regions resemble the structure of small-world networks (Watts and Strogatz,

1998), with clusters sparsely connected among them, as well as with strong

interconnections. There is also evidence that the cortex has a hierarchical structure

(Mountcastle, 1997; Kaiser and Hilgetag, 2010; Meunier et al., 2010), meaning that

the cluster has smaller clusters nested within them. This topology allows different

regions to be relatively independent to process information and be specialized in

distinct functions (Tomov et al., 2014a, 2016a; Pena et al., 2020). However, the

existence of pathways connecting the clusters also allows for information to be

integrated among different regions.

The data-driven approach is supported by the massive amount of data that is

routinely gathered using different techniques on neuronal microcircuits of different

brain regions (Shepherd and Grillner, 2018). They demonstrate how microcircuits

in the brain are highly specific in terms of their connectivity and the impact of

this specificity on function. For example, there is a high specificity in the vertical

pattern of connections among neurons in distinct cortical layers (Thomson et al.,

2002; Binzegger, 2004). The pattern of cortical microcircuitry endows the recurrent

cortical network with specific computational properties (Li et al., 2013; Lien and

Scanziani, 2013).

3.3 Obtaining structural data

In recent years, efforts to characterize the connectivity maps (connectomics)

representing the cortical structure have been made (Sporns, 2011; Betzel, 2020).

These connectivity maps can span several scales, from the intra- and interlayer

connections in a cortical microcircuit to connections linking cortical regions (Paxinos

et al., 2000; Sporns et al., 2005; Alivisatos et al., 2013; Stephan, 2013), depending
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on the techniques used to obtain them. Since these maps track synaptic connections

at the neuronal level, and white matter pathways connecting cortical areas at

meso/macro-scale level, they are referred to as structural connectivity maps.

Usually, the structural connections can be mapped using magnetic resonance

imaging (MRI) based techniques such as diffusion tensor (or weighted) imaging

(DTI/DWI), and tractography (Basser et al., 1994). The connectivity for local

cortical microcircuits can be obtained by means of electrophysiological techniques

(Markram et al., 2015), axonal tracing (Kuypers and Ugolini, 1990; Saleeba et al.,

2019), and electron- (Denk and Horstmann, 2004) and light- (Shen et al., 2020)

microscopy. More details about different ways to extract anatomical information

and use them to build neuronal network models are given elsewhere (van Albada

et al., 2020).

Similar approaches are employed for other brain areas. Anatomical

explorations of the hippocampus date back to the works of Ramon y Cajal with Golgi

staining techniques. The highly specific pattern of connections within the limbic

system has been revealed through advanced MRI or neuroanatomical tract-tracing

techniques (Andersen et al., 2006; Kajiwara et al., 2008; Van Strien et al., 2009;

Witter, 2010; Maller et al., 2019).

With the increasing number of data collected, the structural or functional

connectivity maps started to be used in modeling studies. Consequently, there are

several projects aiming at the construction of realistic brain models, such as the

Human Brain Project (Amunts et al., 2019), the Blue Brain Project (Markram,

2006), or the Allen Brain Explorer (Wang et al., 2020). These are examples of

projects being funded around the world (Kandel et al., 2013; Landhuis, 2017).

Faithful models constructed upon the connectivity data available were built in

order to understand how the brain connectivity structure impacts the dynamics

of the system, and to which phenomena the information contained in these maps

are crucial (Plesser et al., 2007; Potjans and Diesmann, 2014; Kunkel et al., 2014;

Schmidt et al., 2018a,b). A major advantage of such models is the construction of

canonical models for similar brain areas: all over the neocortex there is a similar

six-layered organization whereas for the archicortex and paleocortex there is a three-

or four-layered structure (Shepherd and Rowe, 2017). Once a specific microcircuit
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of such areas is built, it is then used as a building block to enlarge a given network

model or to connect it to other areas.

3.4 The neuron model

The choice of the neuron and synaptic models have an impact on the modeling

results. So, they will be briefly reviewed in this and the next subsection. In terms

of the neuron, the phenomenology of spike-train generation can be implemented

without specific modeling of the underlying biophysical mechanisms but only by

modeling the lipid bilayer of neurons by an equivalent passive RC circuit. In this

simplified case the membrane voltage (V ) is described by τdV/dt = −V + RI =

f(V ), where τ is the membrane time constant, R is the membrane resistance, and I

the injected current. Since this model cannot generate an action potential by means

of its own dynamics, an artificial mechanism of fire-and-reset is usually included

where spikes are counted whenever V crosses a certain threshold value Vth with a

subsequent reset. The function of V on the right-hand side is not restricted to be

linear and can be nonlinear as well. These models are referred to as integrate-and-fire

(IF) type models (Gerstner et al., 2014).

The integrate-and-fire model can be extended in a variety of ways with

the inclusion of elements that capture features of neuronal firing behavior.

Two-dimensional integrate-and-fire models include equations to tackle feedback

effects from ionic currents. Generally, such models can be expressed by the

coupled ODEs: dV/dt = f(V ) − w, dw/dt = G(V,w). Due to their dynamical

properties, two-dimensional integrate-and-fire models posses a richer repertoire of

behaviors that can be fitted to experimental in vivo and in vitro data to reproduce

characteristic firing patterns of neurons (Izhikevich, 2003; Brette and Gerstner,

2005a). Effects such as oscillations or subthreshold resonance can be described

as well (Pena et al., 2018a). Another class of neurons that can be used are the ones

with discrete time, the so-called map-based neurons (Girardi-Schappo et al., 2013).

This class of neurons is particularly interesting because they have a rich dynamical

repertoire of spiking activity, and allow for relatively easy analytical tractability and

efficient simulations (Girardi-Schappo et al., 2017).
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Another class of neuron models is the one comprised by so-called

conductance-based models, which explicitly describe the activation and inactivation

dynamics of the gated ionic channels present in the neuronal membrane. This

formalism originates from the seminal work of Hodgkin and Huxley in 1952 (Hodgkin

and Huxley, 1952). The generic equations of a conductance-based neuron model is

as follow:

Cm
dV

dt
= −

∑
i

Ii + Iinj (3.1)

where

Ii = Ḡim
r
ih

s
i (V − Ei)

dxi
dt

=
xi,∞(V )− xi

τxi(V )
, (x = m or h). (3.2)

In these equations, Cm is the membrane capacitance, V is membrane voltage, Ii
is the ionic current of the ith ion, Ḡi is the maximal membrane conductance

to ion i, mi and hi are, respectively, the activation and inactivation variables of

the membrane conductance to the ith ion, r and s are small integers, Ei is the

reversal membrane potential of ion i, and τxi(V ) and xi,∞(V ) are, respectively,

the voltage-dependent activation/inactivation time constant and steady-state value

(Sterratt et al., 2012). In Figure 3.1 we show a schematic representation of the

simplified (integrate-and-fire) and conductance-based modeling approaches. All

these neuron models can be adapted to describe neurons with a specific morphology,

by defining discrete compartments (each of which obeys a certain membrane

potential) that are electrically coupled to each other.

3.5 The synapse model

Synapses can also be modeled at different levels of biological plausibility and

the choice of synaptic model is crucial for the simulation of large-scale networks,

since the number of synapses is much higher than the number of neurons. To

model a synapse, one could simply define an event-driven model by incrementing

the synaptic conductance or the synaptic current by a certain amount; or, on the

other hand, consider more complex processes such as those of the conductance-based

approach where the synaptic conductance depends on the membrane voltage of the
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Figura 3.1: Different types of neuron model. Left: The simplified approach
taken by integrate-and-fire models uses a fire-and-reset rule set “by hand” to model
a spike. Right: The conductance-based approach models ionic currents using the
Hodgkin-Huxley formalism.

postsynaptic neuron (Roth and van Rossum, 2010; Gerstner et al., 2014). Either way,

the parameters of the model can be chosen to reproduce the behavior of excitatory

synapses mediated by glutamate receptors (AMPA and NMDA), and/or inhibitory

synapses mediated by GABAergic receptors (GABAA (ionotropic) and/or GABAB

(metabotropic)) (Roth and van Rossum, 2010). Additionally, the synaptic strengths

can be static or dynamic, and the latter case has been the focus of intense research

aimed at modeling plastic synapses of both short and long term (Tsodyks et al.,

1998; Castellani et al., 2001; Tsodyks, 2005; Clopath et al., 2010).

The electric current Isyn
ij (t) generated by a single synapse from a neuron j

(presynaptic) to a neuron i (postsynaptic) has the form (Roth and van Rossum,

2010),

Isyn
ij (t) = Gij(t)

[
Vi(t)− Esyn

ij

]
, (3.3)

where Gij(t) is a time-dependent conductance, Vi is the postsynaptic membrane

potential, and Esyn
ij is the reversal potential of the synaptic current. The value

of Esyn
ij determines whether the synapse j → i is inhibitory or excitatory (typical

values of Esyn
ij are 0 mV for excitatory synapses and −75 mV for inhibitory ones).

For integrate-and-fire type models, a simplification that is often done is to fix Vi (e.g.
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at resting voltage) and incorporate the battery term into Gij(t) so that Eq. (3.3)

reads Isyn
ij (t) = Jij(t). The term Jij(t) is the amplitude of the postsynaptic current

(called synaptic strength or efficacy) and its sign determines whether the synapse is

inhibitory (negative sign) or excitatory (positive sign).

An example of short-term synaptic plasticity (Tsodyks et al., 1998) is the

facilitation-depression dynamics given by Eqs (3.4)–(3.6). This model contains two

variables that represent the fraction of presynaptic channels that are open uij, and

the fraction of neurotransmitters that are available to be released xij. Upon a spike

in the presynaptic neuron, the synaptic conductance Gij(t) is increased by a factor

u+
ijxijJij, where Jij(t) is the synaptic strength (a parameter) and the superscript +(−)

indicates the moment after (before) the spike. The interplay of the time constants

τfac and τdep determines if a synapse will have a temporal depression or facilitation:

duij
dt

=− uij
τfac

+ U
(
1− u−ij

)
δ
(
t− tf

)
, (3.4)

dxij
dt

=
1− xij
τdep

− u+
ijxδ

(
t− tf

)
, (3.5)

Gij(t) =u+
ijxijJijδ

(
t− tf

)
, (3.6)

where tf is the time at which the presynaptic neuron fires a spike, and U is the

proportion of new open calcium channels upon a presynaptic event. Examples

of both short-term depression and facilitation can be seen in Figure 3.2. The

facilitation-depression model can be further simplified to a case without short-term

plasticity by making u and x constants.

Alternatively, the synaptic strength can be determined by a spike timing

dependent plasticity (STDP) rule, i.e., the increment or decrement of the synaptic

efficacy is calculated using the relation between the times of pre- and postsynaptic

spikes (Markram et al., 1997; Morrison et al., 2008; Sjöström and Gerstner, 2010).

Such rules are based on experimental evidence (Sjöström et al., 2001; Shimoura

et al., 2015), and are applicable to both excitatory and inhibitory synapses (Kepecs

et al., 2002; Kleberg et al., 2014). Let us assume that the synaptic efficacy of a

j → i synapse can be described by a single variable Jij(t). The STDP rule can

be implemented by defining two auxiliary variables, xj(t) and yi(t), which must

be integrated over time. These variables are used to model the strengthening of
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the synapse when the presynaptic spike precedes the postsynaptic spike, and the

weakening of the synapse when the presynaptic spike follows the postsynaptic spike,

respectively. Then, a simplified STDP rule for excitatory synapses (Jij > 0) is

defined as (Gerstner et al., 2014; Sjöström and Gerstner, 2010)

dxj
dt

= −xj
τ+

+
∑
f

δ(t− tfj ) , (3.7)

dyi
dt

= − yi
τ−

+
∑
f

δ(t− tfi ) , (3.8)

dJij
dt

= xj(t)A+ Θ(Jmax − Jij)
∑
f

δ(t− tfi )− yi(t)A− Θ(Jij)
∑
f

δ(t− tfj ) , (3.9)

where tfj and t
f
i are the spike times of the pre- and postsynaptic neurons, respectively,

τ+,− are the decay time constants of xj and yi, respectively, Θ(u) is the Heaviside

function, A+,− > 0 are the synaptic strength increment and decrement parameters,

and Jmax is the maximum value of synaptic efficacy.

Eqs. (3.7) to (3.9) work like this: every time a presynaptic spike occurs,

two things happen: first, xj is instantaneously increased by a unitary amount and

then decreases exponentially with time constant τ+ and, second, while Jij > 0 it is

instantaneously decreased by yiA−. On the other hand, every time a postsynaptic

firing occurs, another two things happen: first, yi is instantaneously increased by an

unitary amount and then decreases exponentially with time constant τ− and, second,

while Jij < Jmax it is instantaneously increased by xjA+. This is captured by the

scheme in Figure 3.2(c): the variable xj is responsible for the exponential increase

on the left-hand side (green part) of the hyperbole, since it only adds to Jij when

Tpost > Tpre (a postsynaptic spike happens after a presynaptic spike); conversely, yi
is responsible for the exponential decrease on the right-hand side (red part) of the

hyperbole, since it is only subtracted from Jij when Tpost < Tpre (a postsynaptic

spike happens before a presynaptic spike). Note that Tpost = tfi and Tpre = tfj in the

figure.
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Figura 3.2: Different synaptic models. (a) Upon a presynaptic spike, an
excitatory postsynaptic potential (EPSP) is created in the postsynaptic neuron
after a synaptic time delay (a similar scheme can be implemented for an inhibitory
synapse). The amplitude of the postsynaptic potential can change over time
depending on some plasticity rule. (b) A short-term plasticity rule decreases
or increases the EPSP amplitude over time depending on depression (STD) or
facilitation (STF), respectively. (c) A spike-timing-dependent plasticity (STDP)
rule changes the synaptic strength depending on the temporal difference between
pre- and postsynaptic spikes.

3.6 How to implement connectivity maps in
network models

3.6.1 Connectivity maps for networks of point neurons

The translation into a computational network model from experimental data

is not an easy task. Different levels of complexity require distinct ways to organize

the extracted information into a connectivity map. Such a map may represent

inter- or intra-areal connections, and in both cases the rules to implement the

connections are similar. Our focus here is mainly on models at the microcircuit
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level, where a small piece of the brain as shown in Figure 3.3(a) is zoomed and

its structure is represented by a connectivity matrix (Figure 3.3(b)) or ring of

connections (Figure 3.3(c)). The same connectivity map can be used to generate

networks with different levels of biological structural details as in Figure 3.3(d),

where each node can represent a population of neurons or individual neurons. In

the latter case, individual neurons can also be modeled by complex structures instead

of just a point. Moreover, the information from the connectivity maps can also be

expanded to add other features as spatiality (Figure 3.3(e)). In this section we will

discuss in a guided manner how to better approach the above tasks.

Usually, connectivity maps are reported as matrices of connection

probabilities where the rows/columns refer to the source/target elements (single

neurons or neuronal populations) in the network. In a point neurons network with

no spatial notion, the matrix gives all the information needed to build the network.

The implementation is similar to the simplest case of a random network of the

Erdős-Rényi type (Newman, 2010) where there is only one connection probability

for all neuron pairs, thus one can draw connections by testing each neuron pair

against this connection probability.

The way in which the testing mentioned above is implemented is of utmost

importance. Choices such as pair combinations with or without replacement can

create far different network graphs. Usually, the synaptic connectivity is established

in a network model by attributing to each pair of neurons (or populations) a random

number between zero and one drawn from an uniform distribution, and then testing

it against the predefined connection probability for the pair. This choice avoids

multiple synapses between the same neuron pair, which could be desirable or not.

Moreover, data-driven connectivity maps at microcircuit level are usually directed

graphs, i.e. pairs of neurons are not necessarily connected in a reciprocal way.

Alternatively, a distinct testing scheme would be to calculate the total

number of synapses (Nsyn) among neurons based on the connection probability, and

randomly draw lists containing Nsyn pre- and post- synaptic indexes. In this method,

multiple synapses between the same neuron pair are possible. An important detail

is that these two schemes can deliver equivalent results depending on how Nsyn is

calculated.
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Figura 3.3: From structural data to the neuronal network model. Data
for this example were taken from a multi-scale model of the macaque visual
cortex (Schmidt et al., 2018b,a). In (a) we show a illustrative depiction of the
human cortex. The zoom indicates a cortical slice and the black squares represent
cortical microcircuits. In (b) we show the structural connectivity matrix. Neurons
are of excitatory or inhibitory types (E, I) and belong to four different cortical
layers (2/3, 4, 5, and 6) in four different cortical areas (V 1, V 2, V 3, and
V 4). Presynaptic neurons are placed in the x-axis and postsynaptic neurons
in the y-axis; Notice that the structural connectivity matrix is asymmetric. In
(c) we show a network representation of the structural matrix in (b); neurons
are placed along a ring and connections between pairs of them are indicated by
lines. In (d) we show the different levels of spatial granularity at which a cortical
microcircuit could be simulated: all excitatory/inhibitory neurons in a given layer
can be described by a neural population model (left column); each individual cell
can be represented by a point neuron model; or each individual cell can be described
by a morphologically detailed neuron model (right column). As one goes from the
left to the right column the number of equations and parameters of the full model
increases dramatically, and, consequently, the computational cost involved in the
implementation and simulation. This makes critical the choice of trade-off between
the kind of phenomenon studied and the spatial granularity level of the model.
In (e) we show how one could connect pairs of neurons using a distance based
rule given by a probability density function as the 2D Gaussian function defined
in Eq. 3.13. The colored circles indicate the contour lines of the distance based
function and the presynaptic neuron is placed at the center of the inner contour
line.
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Figura 3.4: Connection probability calculated by the exact expression
and its first-order approximation. Connection probability between two
neuronal populations, A and B, as a function of the number of synapses Nsyn

between them when calculated by the exact formula (Eq. 3.10) (blue) and its
first-order approximation (Eq. 3.11) (orange). Inset: zoom over small values of
Nsyn to highlight the beginning of the difference between the two curves.

An example of such differences can be found in a recent replication of the

Potjans-Diesmann cortical microcircuit model (Potjans and Diesmann, 2014) by us

(Shimoura et al., 2018). Depending on the way the connection probability CB,A

between a neuron j in source population A of size NA and a neuron i in the target

population B of size NB is calculated, there are notable differences on the average

spiking behavior of Layer 5 neurons. The exact value of CB,A is given by

CB,A = 1−
(

1− 1

NANB

)Nsyn

, (3.10)

where Nsyn denotes the total number of synapses between populations A and B. For

Nsyn/(NANB) small, the Taylor expansion of Eq. 3.10 to first order results in the

approximate expression for CB,A given by

CB,A =
Nsyn

NA ·NB

. (3.11)

Figure 3.4 shows a comparison of the curves of CB,A versus Nsyn calculated by

Eqs. 3.10 and 3.11 for fixed numbers of neurons in populations A and B. For a small
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number of synapses Nsyn the two equations give equivalent connection probabilities

but as Nsyn becomes larger the exact expression and its approximation diverge

significantly. This reflects on the structure of the network and, consequently, on

the activity (see (Shimoura et al., 2018) for a more detailed discussion).

Moreover, one has to determine whether connectivity maps indicate incoming

or outgoing synapses. In a similar manner, instead of defining the total number of

synapses between two populations, a distinction between in-degree and out-degree

may be necessary.

Another key point would be for maps that involve connectivity dependent on

morphology. In these more complex structures, more elaborate methods involving

multiple steps before deciding for the creation of connections may be necessary.

Notice that the methods described above do not take into account the neuronal

morphology or even the spatial notion while placing neurons on a grid. In order to

incorporate these information, the connectivity matrix alone may not be sufficient.

From the point of view of spatial organization, there are limitations with

respect to the maximum distance a neuron can send projections or to its target

preferences. For the first case, a distance dependent connection probability may be

required or, similarly, a fixed connection probability coupled to a distant dependent

rule. Regardless of the way, neurons have to be placed on a spatial grid with a chosen

dimension so distance dependent synapses can be created. As an example, consider

the case of a two-dimensional (2D) grid where space is discretized in (x,y) positional

variables and each neuron can assume a position in this (x,y)-grid. One can then

define the absolute distance rij between a presynaptic neuron i and a postsynaptic

neuron j,

rij =
√

∆x2
ij + ∆y2

ij, (3.12)

where ∆xij =| xi − xj | and ∆yij =| yi − yj |. Notice that these distances may have

limitations determined by boundary conditions. For example, in a 2D square grid

of size L×L with periodic boundary conditions, ∆xij as defined above is only valid

for | xi − xj |≤ L/2, otherwise ∆xij = L− | xi − xj |. The same is valid for ∆yij.

Other boundary conditions could also be applied.

Once neuronal distances are handled, network connections can be set up
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by using the previously stated connectivity matrix as the zero-distance connection

probability, and then test for pairs of neurons against a distance dependent

connectivity rule. An example is given for a Gaussian probability density

distribution,

c(rij) = CB,Ae
−r2ij/2σ2

A , (3.13)

where σA is the standard deviation. This equation is valid for rij ≤ R, with R the

maximal distance a neuron projection can reach. A similar approach can be applied

for a network with 3D spatial notion. Other distributions such as the exponential

are often used.

3.6.2 Connectivity maps for networks of neurons with
morphology

Other biological features can be implemented together with the distance

dependence when creating the connections, an example is the direction tuning

dependency for visual systems (Billeh et al., 2020). Nevertheless, in a more general

manner, the next step towards adding structural complexity to the network is the

implementation of neuronal morphology. For this, as an approximation, it is possible

to use the same connection probability rules described above and define which

pairs of neurons are connected using as reference their somata positions. Then,

an additional procedure is required for creating the connections: the distribution of

synapses along the neuronal dendritic tree. Different neurons may receive synaptic

inputs with distinct distribution patterns in a cell-type and brain region dependent

manner.

Consideration of cell morphology is important when details related to

specific locations of synaptic contacts are potentially relevant. An example is the

organization of synaptic contacts involving inhibitory interneurons in the cortex.

While parvalbumin-expressing (PV) interneurons target preferentially the somata

of pyramidal cells, somatostatin-expressing (SOM) cells target their distal dendrites

(Kawaguchi and Kubota, 1997; Tremblay et al., 2016). This feature makes the

response of a cortical pyramidal neuron to inhibitory input dependent on the type of
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cell that provides the inhibition. For example, the degree of attenuation of inhibitory

postsynaptic potentials depends on where in the soma-dendritic domain of the

pyramidal neuron they occur (Safari et al., 2017). Similarly, in the hippocampus the

modulatory effects on the spiking activity of pyramidal cells due to inhibitory inputs

from oriens lacunosum moleculare (OLM) interneurons depend on the locations of

these synaptic inputs (Leão et al., 2012). Brain networks are more than sets of nodes

connected together and modellers must be aware that anatomical and morphological

information could be key to a fuller understanding of brain functions.

Usually, the data-driven information needed to create the neuronal

morphologies and the specific connection rules are given by the authors of the

model or can be found on database repositories as http://www.neuromorpho.org/.

Morphology files can be acquired by many different techniques and software, and it

is common that files containing morphological information are in different formats

such as Neurolucida (Glaser and Glaser, 1990), SWC (baptized after the researchers

who worked on a system to reconstruct the three-dimensional morphology of neurons

(Stockley et al., 1993)), and MorphML (Crook et al., 2007). The morphological data

available in the neuromorpho repository goes through a process of standardization

before being published in order to make the data available uniform and easily

readable across platforms. In Fig 3.5(a) we show the content of a SWC file

corresponding to a Purkinje cell from the mouse. In each row the file displays

the information of a given neuronal segment and the columns contain the following

information from left to right: segment index, segment type, the coordinates x,

y, z, the radius of the segment (in µm), and the parent segment. While the

interpretation of most of those properties is straightforward, the segment type

and parent deserve further explanation. The segment type encodes which neuronal

structure the segment represents as follows: soma = 1, axon = 2, (basal) dendrite

= 3, apical dendrite = 4, and custom = 5+. The first segment of the SWC file is

always a soma. Notice that a given structure can be composed of many segments

as the soma in Fig 3.5(a). The parent indicates the segment index i at which the

segment j connects from, the first segment of the file must have parent value equal

to −1, and for the subsequent segments the parent segment must always have a

value smaller than that of the “child” segment.

http://www.neuromorpho.org/
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Figura 3.5: Morphology using SWC files. In (a) we show the content of the
file AZ_Adult1_10CELLS-4.CNG.swc obtained from neuromorpho corresponding
to a mouse Purkinje cell. In (b) we depict the geometrical representation of the
first segment (soma) from the same SWC file. In (c) we show a plot the cell
morphology using the NEURON simulator.

Once the cell morphologies are implemented and the neurons are positioned in

the spatial grid, one possibility for connecting them is to create connections between

pairs of neurons according to the spatial intersections among presynaptic axons and

postsynaptic dendrites. Additionally, the same distance-dependent connectivity

rules discussed for point-neuron networks can be applied using the somata as

reference points. It is important to note that processes (axon and dendrites)

emanating from different neurons reach distinct distances. Some neurons make

mostly local connections while other make both local and long-range contacts, and

this can be taken into account in a distance-dependent way by setting distinct

zones with predefined radii centered on reference points, e.g. somata, and allowing

neuromorpho.org/neuron_info.jsp?neuron_name=AZ_Adult1_10CELLS-4
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specific synaptic types to be created exclusively within such zones. After defining

the existence of connections between pairs of neurons, the next step is to define the

number of synapses and how they are distributed in their allocated zones. When

there is not much information about synaptic positions, one strategy is to use a

known distribution (e.g. uniform, Gaussian, etc.) and randomly place the synapses

within the predefined zone of the postsynaptic dendritic tree until the maximum

number of connections is attained. It is also known that specific neuron types tend

to concentrate their received synapses on specific regions of their dendritic trees,

and this information must be used to create a more biologically faithful connectivity

pattern.

Since implementing these characteristics from the scratch in a code is a

laborious task, these models are commonly implemented using neurosimulators.

For morphologically detailed neuron models, the most used neurosimulator is the

NEURON simulator (Hines and Carnevale, 1997). For instance, SWC files can

be easily loaded into NEURON. Once imported, each segment is represented as a

cylinder as depicted in Fig 3.5(b). The morphology can be visualized by means of

the NEURON graphical user interface (GUI) or by calling the PlotShape function

in a Python (or HOC, the original NEURON programming language) script. In

Fig 3.5(c) we show a plot of the whole morphology of the Purkinje cell loaded from

the SWC file. Besides NEURON, there are other tools to load cell morphologies. An

example is NeuroConstruct (Gleeson et al., 2007), in which not only it is possible to

load different types of morphology files but also to generate scripts compatible with

different simulators such as NEURON, GENESIS (Bower and Beeman, 2012; Crone

et al., 2019), MOOSE (Bhalla, 2008; Ray et al., 2008), PSICS (Cannon et al., 2010)

and PyNN (Davison et al., 2009). NEURON and other simulation environments will

be better discussed in the next subsection.

Surely, there is not a unique method for building complex neuronal networks

as different biological details may be modeled in distinct ways. In this subsection,

we gave examples of general approaches to implement the connectivity map into a

neuronal network code. It is important to realize that extracting synapses from a

connectivity map derived from data is not a trivial task and may deliver different

results depending on the approach. Many of the models that are discussed in the
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next section were built following the methods discussed in this section.

3.6.3 Choosing a neurosimulator

Coding a model is a task that can be approached by low or high level

programming languages. Many computational neuroscientists prefer to develop

their own codes in low level languages such as C/C++, or Fortran. In higher

level languages the syntax is more human readable and simpler to debug, as is the

example of MATLAB (The MathWorks Inc., Natick, USA) which can be used as it

is or coupled to packages for neuronal simulation (Heitmann et al., 2018). While low

level languages offer the advantage that the commands are closer to the processor

instructions, dealing with complex data and complex syntax is not an easy task.

Higher level languages ultimately make the models more accessible to the scientific

community by using a more unified syntax, which facilitates information sharing

and reproducibility (Nordlie et al., 2009; McDougal et al., 2016). In this section,

we present some of the most popular neurosimulators, which are high level packages

developed with the sole purpose of neural modeling. We also discuss differences

among them that should be taken into account when choosing the one to use.

In recent years, Python has become a standard programming language

in many research areas due to its high productivity and interpretability. As a

consequence, packages for many research fields such as astronomy (Robitaille et al.,

2013), network analysis (Hagberg et al., 2008), machine learning (Pedregosa Gael

Varoquaux Alexandre Gramfort Vincent Michel Bertrand Thirion et al., 2011;

Paszke et al., 2019), and neuroscience (Muller et al., 2015) are available for the

scientific community. For computational neuroscience, in particular, many Python

packages – henceforth addressed to as neurosimulators – can be used for the in silico

implementation of network models.

We discuss three neurosimulators which are available in Python: Brian 2

(Stimberg et al., 2019), NEST (Eppler et al., 2009), and NEURON (Hines et al.,

2009). As discussed in Section 3.4 the single neuron model can be classified as

simplified or conductance-based, and can have morphology or not. When choosing

a neurosimulator, one should first define in which of these categories the adopted

model fits in.
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The neurosimulator Brian 2 was developed to be used in Python (Stimberg

et al., 2019). Although its main focus is on point neurons, Brian 2 also offers the

possibility of defining cells with morphologies. A useful feature of Brian 2 is that it

allows the user to define the ordinary differential equations (ODEs) of the model,

so it is possible to describe both simplified or conductance-based models in the

package. However, since the number of ODEs increases rapidly with the number of

ionic channels modeled, Brian 2 is not very practical for detailed conductance-based

models as the computational cost of implementing them increases rapidly.

NEST (Eppler et al., 2009) constitutes another option for modeling

large-scale networks of point neurons. Instead of allowing the user to define the

ODEs of the model as in Brian 2, NEST has pre-implemented models available and

the user only imports them. This is convenient for its practicality, but can be a

problem if the model requires some mechanism that is not pre-implemented. For

that, the user is either required to work with the NEST source code in C/C++

or use a software called NESTML which implements different models for NEST

(Plotnikov et al., 2016). Both Brian 2 and NEST offer support to run the model

in parallel, although only NEST offers message parsing interface (MPI) support.

Because of that, NEST is more appropriate for large-scale models and is compatible

with high-performance computing allowing a simulation to run across many compute

nodes (Peyser and Schenck, 2015; Tikidji-Hamburyan et al., 2017).

Finally, the NEURON simulator (Hines et al., 2009) is the alternative of

choice for modeling neurons with morphology and networks made of them. In

NEURON, a morphology is represented by a series of cylindrical compartments

connected to each other, and even a single-compartment neuron with only a soma

has a geometric representation with surface area and length. Even though one can

adopt a simplified approach to model the compartment dynamics, the NEURON

simulator works optimally with biophysical models where several ionic currents

can be easily added to a neuron model. The simulator already has many ionic

mechanisms implemented, such as the classic fast sodium and delayed rectifier

potassium channels of the Hodgkin-Huxley model (Hodgkin and Huxley, 1952) and

many others, which can be found in databases such as modelDB (Hines et al.,

2004). If a specific ionic mechanism is needed, it can be programmed as a “.mod”
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file; however, this is a low level language and can be a nuisance for less experienced

users. Despite the practicality of implementing morphological models in NEURON,

building neuronal networks can be very challenging using this neurosimulator. In

this regard, it is possible to use packages that work on top of NEURON such as

NetPyne (Dura-Bernal et al., 2019), Brain Modeling Toolkit (BMTK) (Dai et al.,

2020), or BioNet (Gratiy et al., 2018) to construct large-scale networks that can be

efficiently run in parallel using NEURON.

Many other packages for computational neuroscience are available, some of

them, such as PyNN (Davison et al., 2009), even try to integrate Brian 2, NEST, and

NEURON. A complete characterization of the different neurosimulators available

would be out of the scope of the present review; for this, we recommend the reader

to see (Tikidji-Hamburyan et al., 2017; Blundell et al., 2018). Several efforts have

also been undertaken in recent years to promote code sharing and reproducibility

in computational neuroscience (Nordlie et al., 2009; Gutzen et al., 2018; McDougal

et al., 2016; Miłkowski et al., 2018; Crook et al., 2020). We emphasize the existence

of repositories such as ModelDB (McDougal et al., 2017) and journals dedicated to

the replication of computational work such as the ReScience Journal (Rougier et al.,

2017), which are important steps towards transparency in science.



Chapter 4

The thalamocortical microcircuit
model

This chapter describes the implementation of the thalamocortical model of

spiking neurons and analyzes its spontaneous activity. With this study, we set the

free parameters of the model and the possible dynamics presented by the network.

This step is crucial to have a valid model behaving similarly to experimental data.

Then, in the next chapter, we use this model to analyze the possible alpha rhythm

generation mechanisms.

4.1 Spontaneous activity and observed emergent
phenomena

The cerebral cortex displays specific patterns of spontaneous activity

produced endogenously. These states are characterized with respect to the degree

of synchrony of the collective neuronal activity and the level of irregularity of action

potential spikes of individual neurons. A problem posed to theoretical neuroscience

is how to model the emergence of synchronous and asynchronous spontaneous states

from the same network of spiking neurons. In Shimoura et al. (2021), three models

that offer solutions to this problem are reviewed by us. The models use spiking

neurons of the class known as integrate-and-fire and consider different network

structures and synaptic dynamics. Mechanisms adopted by the models, like balance

between excitation and inhibition and spiking-dependent adaptation, are discussed

and contextualized in the article.

38
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One of the best ways to study the neocortex electrical activity and dynamics is

to consider situations where the system is isolated from external stimuli. The activity

generated by the neocortex under these conditions is called spontaneous activity. It

is measured in (i) in vitro preparations of neocortical tissue slices (Sanchez-Vives

and McCormick, 2000; Mao et al., 2001; Cossart et al., 2003; Shu et al., 2003); (ii)

in vitro cultures of neocortical circuits (Plenz and Aertsen, 1996; Wagenaar et al.,

2006); and (iii) in vivo preparations of cortical plaques (slices) (Timofeev et al., 2000;

Lemieux et al., 2014). It is also considered a spontaneous activity that produced by

neocortical neurons when the subject is essentially disconnected from the outside

world, such as in slow-wave sleep and anesthesia (Steriade et al., 2001).

Until a few years ago, spontaneous cortical activity used to be treated as

“noise” by neuroscientists, who were more interested in the so-called activity evoked

by external stimuli. However, recent experimental evidence has shown that the

activity intrinsically generated by the neocortex has a rich spatiotemporal structure

that interacts and modulates the brain’s response to environmental stimuli (Ringach,

2009; Berkes et al., 2011; Deco and Jirsa, 2012; Stringer et al., 2019). There is also

evidence to suggest that spontaneous cortical activity determines the moment of

decision making in non-motivated decision situations (Schurger et al., 2012).

Electrophysiological studies with the different preparations mentioned above

reveal that spontaneous neocortical activity has essentially the same basic

characteristics (Steriade et al., 1993; Sanchez-Vives and McCormick, 2000; Mao

et al., 2001; Cossart et al., 2003; Shu et al., 2003; Steriade et al., 2001): slow

and high-amplitude oscillations of collective network activity, consisting of periods

of high activity (called “up” states) interspersed with periods of very low activity

(called “down” states). During the up states, neurons tend to be “depolarized”, that

is, the average of their membrane potentials is above the resting value, close to the

firing threshold; in the down states, neurons tend to be “hyperpolarized”, that is, the

average of their membrane potentials is below the resting value (Steriade et al., 1993;

Luczak et al., 2007; Jercog et al., 2017). In contrast, in awake states, the collective

activity is asynchronous, has low amplitude and the membrane potential of neurons

fluctuates irregularly around the equilibrium value (El Boustani et al., 2007). These

two modes of operation are often called “synchronous” and “asynchronous” states
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(Harris and Thiele, 2011).

It is conjectured that the asynchronous activity characteristic of waking

states reflects the availability of a larger and more diversified repertoire of neural

patterns, enabling the existence of rich states of consciousness, while the reduced

repertoire of neural patterns during regimes of synchronous collective activity

restricts consciousness (Tononi et al., 1998; Sitt et al., 2014; Goldman et al., 2019).

This experimental evidence raises, among others, two questions (Latham

et al., 2000; Compte et al., 2003; Holcman and Tsodyks, 2006; Parga and Abbott,

2007; Mattia and Sanchez-Vives, 2012; Levenstein et al., 2019): (i) How the same

set of neurons can generate an oscillatory population activity pattern (synchronized

state) and an activity pattern approximately constant population (out of sync state)?

(ii) what are the mechanisms responsible for the depolarized and hyperpolarized

states of individual neurons during the synchronized regime?

The most accepted hypothesis to explain the origin of synchronous and

asynchronous states in the same neural network is that these states depend on the

relative strength between the inhibitory and excitatory synapses of the neurons on

the network (Van Vreeswijk and Sompolinsky, 1996; Amit and Brunel, 1997; Van

Vreeswijk and Sompolinsky, 1998; Renart et al., 2010; Landau et al., 2016). Network

models based on the so-called leaky integrate-and-fire (LIF) neuron show that in the

“balanced” state, the strength of the inhibitory synapses is approximately four times

greater than that of excitatory synapses (since there are approximately four times

more excitatory neurons in the neocortex than inhibitory neurons), the network

activity resembles that of the desynchronized cortical state. In the absence of this

balance, the behavior of the network is similar to that of the synchronized cortical

state (Brunel, 2000; Vogels et al., 2005; Vogels and Abbott, 2005; Kumar et al.,

2008; Wang, 2011; Litwin-Kumar and Doiron, 2012; Kriener et al., 2014; Ostojic,

2014; Potjans and Diesmann, 2014).

Models that use, instead of the LIF neuron, nonlinear integrate-and-fire

neurons with an adaptive variable, such as the Izhikevich (Izhikevich, 2003, 2007)

and AdEx (Gerstner et al., 2014; Brette and Gerstner, 2005a) models, are able to

capture the phenomenon of spontaneous alternation between up and down states

(Destexhe, 2009; Tomov et al., 2014b, 2016b; Pena et al., 2018a). This suggests that
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it is not only the balance between excitation and inhibition that is responsible for

the emergence of cortical states but also the intrinsic dynamics of the neurons that

compose the network.

Since the alpha rhythm occurs during the awake state, the features

highlighted here and involved in the cortical spontaneous activity dynamics is the

starting point used to validate the computational network model presented in the

following sections.

4.2 Network structure

The cortical network is full-scaled and data-driven based focusing mainly

on two characteristics: multi-layered structure and one-to-one mapping. The first

feature that is needed to test the hypothesis of alpha oscillation which involves the

possible generation and transmission from different cortical layers. The second aims

to keep second order statistics that may affect the oscillatory dynamics (van Albada

et al., 2015). Further details about the cortical and thalamic networks are given in

the next subsections.

Figure 4.1 shows a network scheme with the main excitatory and inhibitory

connections represented by blue and red arrows respectively and blue triangles

representing excitatory populations and red balls the inhibitory ones.

All computational models here described were built using the NEST

simulator (Gewaltig and Diesmann, 2007; Peyser et al., 2017) version 2.18.0 (Jordan

et al., 2019) and the codes ran with Python using the PyNEST interface.



4.2 - Network structure 42

Figura 4.1: Thalamocortical circuit schematic draw. Schematic drawing
with the main connections present in the thalamocortical model involving the V1
and the LGN. The 4 layers represented by L2/3, L4, L5 and L6 correspond to the
cortical layers. In each layer there are two populations of neurons: the excitatory
(blue triangles) and the inhibitory (red circles). The excitatory connections are
illustrated by blue lines and the inhibitory connections by red lines. The arrows
indicate the direction of the synapses. The network at the bottom of the figure
represents the thalamus. The connections between the cortex and the thalamus are
represented by dashed lines.

4.2.1 Primary visual cortical microcircuitry

The cortical network structure described here is extracted from the multi-area

spiking network model of macaque visual cortex developed at the Institute of

Neuroscience and Medicine (INM-6), Research Center Jülich (Schmidt et al.,

2018b,a). In fact, each microcircuit of this multi-area model was adapted from

Potjans and Diesmann (2014) (here called as PD network), where they were adjusted

in terms of number of neurons and connections accordingly with the representing

area (e.g. V1, V2, etc).

The PD network, used as starting point, is based mainly on data from primary

sensory areas of cat, rat, and mouse. It is a full-density network comprising neurons

divided into eight populations: an excitatory and an inhibitory one in each of the four

layers 2/3, 4, 5, and 6. Connection probabilities are population-specific, synapses

were drawn randomly with replacement (thus allowing multiple connections between
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any given pair of neurons). The transmission delays are normally distributed

with mean 0.75 ms for inhibitory source neurons and 1.5 ms for excitatory source

neurons. The neurons each receive an independent excitatory Poisson drive with

a population-specific rate reflecting input from surrounding cortex and from other

areas. Both delays and Poisson inputs are restricted to the 0.1 ms simulation grid,

and the minimum delay is 0.1 ms. See Potjans and Diesmann (2014) for further

details and Shimoura et al. (2018) for a reimplementation in Brian2 simulator.

The main characteristics listed above are kept in the V1 microcircuit

extracted from the multi-area network (Schmidt et al., 2018b,a). The multi-area

model contains 32 different areas where each area is represented by a 1 mm2

microcircuit and it combines information of connectivity and laminar thickness. For

this work we used only the V1 network structure which contains 197,932 neurons

divided in eight populations as in the PD network. The number of neurons by

population is presented in Table 4.1.

L2/3e L2/3i L4e L4i L5e L5i L6e L6i

47386 13366 70387 17597 20740 4554 19839 4063

Tabela 4.1: Layer population sizes (extracted from (Schmidt et al., 2018a)).
Neurons were distributed over four different layers (L2/3, L4, L5 and L6), and
for each layer they were divided into excitatory (L2/3e, L4e, L5e and L6e) and
inhibitory (L2/3i, L4i, L5i and L6i) subpopulations.

The number of connections between two populations was also extracted from

(Schmidt et al., 2018b) and are presented in Table 4.2.

The non-simulated areas were replaced by Poisson spike trains in two different

ways: first by using Poisson spike trains with same firing rate and secondly by

replacing the non-simulated areas by Poisson spike trains with specific firing rates

corresponding to their average resting state activity when connected in the full

multi-area model. These last values are also available together with the multi-area

code.

The number of extra-cortical inputs coming from other sources are shown in

Table 4.3. In the first approximation of the non-simulated areas described above,

for each neuron a Poisson spike train was created with the rate defined as the
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Target

L23E L23I L4E L4I L5E L5I L6E L6I

Source

L2/3e 50543166 19305855 5746303 12669824 21895109 2600251 3248691 1507824

L2/3i 24492370 5530516 1214762 151689 3774955 356393 399610 11666

L4e 22840238 4664990 38637674 15427501 11617260 1288710 4526037 131562

L4i 10792756 1909143 26931567 8058448 336172 24572 914706 10956

L5e 3660142 2458309 1178608 126104 4234192 666398 2754724 274203

L5i 0 0 11066 0 4712098 854387 209401 17080

L6e 2692458 379184 22799605 13736225 2958914 291230 5701957 1945265

L6i 0 0 0 0 0 0 7056641 895354

Tabela 4.2: Total number of synapses between two populations for the V1
microcircuit network. Rows represent the sources and columns represent the target
population.

L2/3e L2/3i L4e L4i L5e L5i L6e L6i

Intercortical inputs 1123 323 604 9 1712 297 757 464

External inputs 1246 1246 1246 1246 1246 1246 1246 1246

Total 2369 1569 1850 1255 2958 1543 2003 1710

Tabela 4.3: Extra-cortical inputs coming from other cortical areas (Intercortical
inputs) and from external sources (External inputs). The columns represent the
number of inputs received by neuron in each population.

background rate (bgrate), which is chosen based on the spontaneous activity analyses

in the Results section, times the row of Total in Table 4.3.

On the other hand, the second approximation of non-simulated areas, for

each neuron a Poisson spike train was created with the rate defined as the bgrate
times the External inputs row in Table 4.3 plus the specific firing rates coming from

other cortical areas defined in Table 4.4.

L2/3e L2/3i L4e L4i L5e L5i L6e L6i

Specific firing rates 231.40 61.09 114.74 0.24 341.75 56.72 141.24 89.18

Tabela 4.4: The values represent the multiplication of the specific firing rate at
resting state from each non-simulated cortical area times the number of connections
between the non-simulated cortical area and V1.
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4.2.2 Thalamic network

For the thalamic part of our model, we started using the same number

of thalamocortical neurons (TC) and connectivity as described in (Potjans and

Diesmann, 2014). Thus, there are Nthal,E=902 projecting neurons to cortical layers

4 and 6. There are no intrathalamic connections among TC cells. The connectivity

from TC to L6 neurons was kept the same but the connectivity from TC to L4

neurons was updated based on recent studies done on primary visual cortex in

primates. These studies estimated the number of thalamocortical connections per

L4 cortical neuron and they calculated 8 afferent neurons with 25 synapses/neuron,

totalling 200 connections from TC cells to a single neuron in L4 (Garcia-Marin et al.,

2017). So, we used this value and for each L4 cell we connected 8 TC neurons with

25 multapses.

Data from the ventral nucleus of medial geniculate body (the primary

auditory relay) of cat suggest that thalamic relay neurons each receive around 9100

synapses (Serkov and Gonchar, 1995). In the LGN, about 25% of these are of

cortical origin and the same percentage comes from brainstem (Erisir et al., 1997).

Considering this information we approximated the number of synapses per thalamic

neuron received from cortical L6 as Ncth = 2275. Thus, we calculated the connection

probability from L6e to TC cells CL6e→TC using values from (Potjans and Diesmann,

2014), resulting in CL6e→TC = 0.1461. Then we use this connection probability to

create corticothalamic synapses of our network.

In addition to the projection neurons, the thalamus contains 25% inhibitory

interneurons (IN) (Nthal,I = 301) (LeVay and Ferster, 1979; Fitzpatrick et al., 1984;

Arcelli et al., 1997; Çavdar et al., 2014; Madarász et al., 1985). For simplicity,

connections from IN to IN and from IN to TC neurons have connectivity probability

close to 1.

4.3 Neuron model

4.3.1 Integrate and fire model

The LIF model is described in equation 4.1 and was used only in the initial

simulations aiming to test our codes and make a comparison with the reference work
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(Schmidt et al., 2018a,b).

dVi
dt

= −(Vi − EL)

τ
+
Ii(t) + Iext

Cm
(4.1)

τs
dIs
dt

= −Is + τs
∑
j

Jijsj(t− d), (4.2)

where Vi is the membrane potential of neuron i, EL the resting membrane potential,

Cm the membrane capacitance and τ the membrane time constant. A spike occurs

when Vi reaches the threshold potential Vth. For each occurrence of a spike in neuron

i, Vi is set to Vr.

Cm[pF] EL[mV] Vth [mV] τm [ms] τref [ms] Vr[mV] τs [ms]

250.0 −65.0 −50.0 10.0 2.0 −65.0 0.5

Tabela 4.5: Parameters used in LIF neuron model for cortical neurons. The
values were extracted from Potjans and Diesmann (2014).

Equation 4.2 describes the time evolution of current based synaptic model

used, where Is is the total synaptic current varying in time t, d is the transmission

delay (de for excitatory and di for inhibitory neurons), τs is the synaptic time

constant, Jij are the amplitudes of the synaptic currents, and sj =
∑
k

δ(t− tjk) are

the spike trains sent by neurons j. Iext is the external current, which in this work is

set to zero unless specified. The transmission delays were normally distributed with

means de = 1.5± 0.75 ms and di = 0.75± 0.375 ms for cortico-cortical connections.

4.3.2 Adaptive exponential integrate and fire model

The neuron model choice for this work aimed the electrophysiological

properties such as spike frequency adaptation (SFA), inhibitory rebound spikes and

intrinsic oscillatory behavior. Therefore, we used point neurons focusing on these

phenomenological properties rather than model the neuronal morphological details.

As mentioned in Section 3.4, two-dimensional integrate-and-fire models are

capable to reproduce a rich repertoire of neuronal firing patterns including the ones

needed for the hypothesis being considered here. Thus, it was chosen the Adaptive
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Exponential Integrate-and-Fire (AdEx) model (Naud et al., 2008; Gerstner and

Brette, 2009; Brette and Gerstner, 2005b) which is described by equations 4.3-4.4.

Cm
dVi
dt

= −gL(Vi − EL) + gL∆T exp(
Vi − Vth

∆T

)− wi + Ii(t) + Iext (4.3)

τw
dw

dt
= a(Vi − EL)− w (4.4)

where Vi is the membrane potential of neuron i, wi the adaptation variable, Cm
the membrane capacitance, gL the leak conductance, EL the leak reversal potential

and ∆T the slope factor. When Vi crosses the threshold potential Vth, neuron i

produces a spike and Vi is clamped to a reset potential Vr for a refractory time

τref . The adaptation variable wi decays with a adaptation time constant τw, and

the adaptation coupling parameter is represented by a. For each occurrence of a

spike in neuron i, wi is incremented by b, which represents the variable regulating

the adaptation strength. Iext is the external current, which in this work is set to

zero unless specified. The time evolution of the current based synaptic model used

Is is defined by

dIs
dt

= −Is + τs
∑
j

Jijsj(t− d) (4.5)

where Is is the total synaptic current varying in time t, d is the transmission

delay (de for excitatory and di for inhibitory neurons), τs (τse = 1.0 for excitatory

and τsi = 2.0 for inhibitory synapses) is the synaptic time constant, Jij(t) are the

amplitudes of the synaptic currents, and sj =
∑
k

δ(t − tjk) are the spike trains

sent by neurons j. The transmission delays were normally distributed with means

de = 1.0± 0.75 ms and di = 0.75± 0.375 ms for corticocortical connections.

It is important to note that neurons with different capacitance values

receiving same presynaptic current or a current pulse with same amplitude

will have different postsynaptic potentials. In other words, to have similar

excitatory/inhibitory postsynaptic potentials the capacitance value of the

postsynaptic neuron must be taken into account. In that way, the excitatory

synaptic strength (wex) was defined to induce an excitatory postsynaptic potencial
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(EPSP) around 0.15 mV (Fetz et al., 1991). Inhibitory synaptic strength is defined

as win= g.wex, where g represents the balance between excitation and inhibition.

The value of g was varied and its effect analysed in the Results section.

The AdEx parameters values used for the cortical network are shown in Table

5.1. The values chosen for RS and FS neurons were adapted from (Destexhe, 2009),

where they represent qualitatively two main excitatory (RS) and inhibitory (FS)

electrophysiological classes present in cortex. FS parameters are the same as in the

source, but RS was adapted in a way that the curve of firing rate evoked by constant

current input is more biological fashion as can be seen in Figure 4.2c.

Cm[pF] gL[nS] EL[mV] ∆T [mV] Vth[mV] τref [ms] τw[ms] Vr[mV] a[nS] b[pA]

RS 200.0 10.0 -60.0 2.5 -56.0 2.5 600.0 -60.0 1.0 20.0

FS 200.0 10.0 -60.0 2.5 -50.0 2.5 600.0 -60.0 1.0 0.0

Tabela 4.6: Parameters used in AdEx neuron model for cortical neurons. The
values of RS and FS were adapted from (Destexhe, 2009).

Figura 4.2: Firing patterns of the main cortical neurons simulated by
AdEx model. a) and b) are representative membrane voltage responses in time
for RS and FS neurons respectively when stimulated by the same square pulse. In
c) are the curves of firing rate versus current amplitude for RS (black line) FS
(red line) neurons.

For thalamic AdEx parameters (Table 4.7 we used the same reference as

mentioned for cortical neurons (Destexhe, 2009). The parameters were kept as in
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(Destexhe, 2009), for the excitatory thalamocortical (TC) neurons and, based on

this set, we adapted them to simulate the inhibitory ones. Thalamic inhibitory

interneurons (IN) present fewer rebound spikes when stimulated by hyperpolarizing

input (see Figure 4.3).

Cm[pF] gL[nS] EL[mV] ∆T [mV] Vth[mV] τref [ms] τw[ms] Vr[mV] a[nS] b[pA]

TC 200.0 5.0 -60.0 2.5 -50.0 2.5 600.0 -60.0 5.0 0.0

IN 300.0 5.0 -60.0 2.5 -50.0 2.5 600.0 -60.0 5.0 0.0

Tabela 4.7: Parameters used in AdEx neuron model for thalamic neurons. TC
parameters were copied from (Destexhe, 2009) and the IN parameters were adjusted
to be qualitatively similar with experimental electrophysiologic records.

Figura 4.3: Thalamic neurons responses. Membrane potential response of
LGN neurons when stimulated by a depolarizing (top) and hyperpolarizing (bottom)
square current input. Left: thalamocortical (TC) cells. Right: thalamic inhibitory
(IN) cells.

Besides the neuron parameters, thalamocortical and corticothalamical EPSPs

were set to 0.4 mV. The transmission delays within LGN connections were kept
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the same as defined for the cortical network. Further, thalamocortical and

corticothalamic transmission delays (dthc and dcth) sum was kept in 80 ms with

both values varying accordingly with the protocol described in the next section.

4.4 Simulation protocols

Spontaneous activity of the cortical microcircuit

The first step used in this work to validate the cortical model dynamics was

looking into its spontaneous activity and comparing with experimental data. For

this purpose the microcircuit described in Section 4.2 was evaluated for different

combinations of two parameters: the balance between excitatory and inhibitory

synaptic strength (g) and the background rate (bgrate).

The criteria adopted to check if the network activity was comparable with in

vitro and in vivo experiments were those described in (Maksimov et al., 2018).

4.5 Measures and analysis

To analyse the network activity, the spike trains were stored from simulations.

From these data we characterized and investigate the emergent dynamics.

The analyses were performed using Python packages.

4.5.1 Spike count and irregularity

Some very common metrics used to characterize neuronal activity are firing

rate (ν), interspike interval (ISI), coefficient of variation (CV ) and local variation

(LV ).

The firing rate (ν) is the number of spikes counted in a window of time for a

single spike train or averaged for a group of spike trains.

The ISI is simply the time between two consecutive action potential of a

neuron (Ti). From the distribution of ISIs (T1, T2, ..., Tn) of a spike train it is

possible to know how regular a neuron is spiking by estimating its CV and LV .

The CV (ISI) is obtained by equation 4.6.



4.5 - Measures and analysis 51

CV =
σT
〈T 〉

(4.6)

where σT is the ISI standard deviation and 〈T 〉 the average of ISI distribution.

Poisson processes result in CV = 1, while CV > 1 indicates that the neuron

spike train is less regular than a Poisson process and CV < 1 indicates more

regularity. Models like the leaky integrate-and-fire (LIF) model fire periodically

when driven by a constant input resulting in CV = 0. On the other hand,

intrinsically bursting neurons can have CV > 1 (Gerstner et al., 2014). The CV is

also referred in this work as the irregularity measure.

The local variation LV , introduced by (Shinomoto et al., 2003), is defined as

LV =
1

n− 1

n−1∑
i=1

3(Ti − Ti+1)2

(Ti + Ti+1)2
(4.7)

Both CV and LV result in 1 for a sufficiently long Poisson ISI sequence

and go to zero when the ISI is regular. Nonetheless, whereas CV detects a

global variability of the ISI sequence and is sensitive to firing rate fluctuations, LV

detects local stepwise variability of ISIs and extracts firing characteristics intrinsic

to individual neurons even for cases with modulations in firing rates (Shinomoto

et al., 2003, 2005).

4.5.2 Multitaper spectral analysis

In order to estimate the spectral analysis of a given output we have to address

two main issues: 1) to describe a system in the frequency domain, in principle, it

is necessary to have an infinite length sample of the output of the system; 2) to

capture intrinsic stochastic properties of the system, many realizations of the output

are required. However, in many cases, it is only possible to have a small number of

realizations with finite length. A nonparametric method capable of addressing bias

and variance issues simultaneously is the multitaper spectral estimation technique

introduced by (Thomson, 1982).

To estimate the average power spectrum and cross-spectrum using this

method the time series from each trial have to be first multiplied by orthogonal
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tapers, then Fourier-transformed and the resulting transforms are cross-multiplied

and averaged over individual tapers (Mitra and Pesaran, 1999; Percival and Walden,

1993). If we consider two time series X1(t) and X2(t), the multitaper cross-spectrum

estimator between them S12(f) at frequency f is given by:

S12(f) = X1(f)X∗2 (f) =
∆

K
ΣK
k=1

(
(ΣN

s=1ws(k)x1se
−i2πfs∆)(ΣN

t=1wt(k)x2te
i2πft∆)

)
(4.8)

where w(k)(k = 1, 2, ..., K) are K orthogonal tapers of length N given by discrete

prolate spheroidal sequences (DPSS), also known as Slepian sequences (Slepian and

Pollak, 1961; Slepian, 1978) and ∆ is the sampling interval. Another important

parameter is the product between N and the bandwidth W , the NW is the

time-bandwidth product which regulates the trade-off between variance and bias

of the spectral estimates. Increasing NW produces a decrease in variance, but

also an increase in spectral leakage and bias of the spectral estimate; the opposite

happens when NW is decreased.

The spiking activity in time used to estimate the power spectra were

calculated in this work by summing the number of spikes that occurred in time

windows of 1 ms as the default unless otherwise mentioned. These analysis were

done in Python language and the multitaper spectral estimation was calculated

using the MNE-Python package (Gramfort et al., 2013).



4.6 - Results 53

4.6 Results

4.6.1 Fast oscillations in cortical neuronal activity

The PD network exhibits extremely fast oscillations at around 300 Hz visible

in the spike raster plot as vertical stripes and present as a peak in the power spectrum

(Figure 1E showed in Bos et al. (2016)). However, while there are observed data of

transient oscillations at 300 Hz (e.g. spontaneous neocortical ripples, pathological

activity) (Buzsáki et al., 2012; Kandel and Buzsáki, 1997; Bragin et al., 1999; Staba

and Bragin, 2011; Worrell and Gotman, 2011), there is little evidence for such

sustained oscillatory behavior of the neural activity at this same range (Whittington

et al., 2000; Kopell et al., 2000; Buzsaki and Draguhn, 2004). To figure out if the

extremely fast oscillations result of an overlook in experimental data or if they only

exist due to specific properties of the network model a study is being done by Helin

et al. (2019); Essink et al. (2020). To contribute with this study we analysed if the

same happened to the isolated V1 described in section 4.2.1.

We analyzed the model with LIF neurons as in the original work (Schmidt

et al., 2018a,b) to assure that the effect is due to the change in how the non-simulated

areas were replaced rather the influence by using neurons with distinct firing

patterns.

Figures 4.4 and 4.5 show the raster plot, firing rate and power spectra

calculated from network spiking activity for the isolated V1 with non-simulated

areas replaced by homogeneous Poisson spike trains and with non-simulated areas

replaced by Poisson spike trains with specific firing rates respectively. All the other

neuron and network parameters are the same as used by (Schmidt et al., 2018a,b).
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Figura 4.4: Spontaneous activity of the isolated V1 network when
replacing the non-simulated areas by homogeneous Poisson spike train.
a) Raster plot of the full cortical network (all 197.932 neurons) with dots indicating
spiking times for each neuron represented in rows. Blue dots refer to excitatory
neurons and red to inhibitory ones. From top to bottom layers L2/3 to L6 are
shown in sequence. b) Averaged firing rate per population. The colors mirror the
same pattern in a). c) Power spectra estimated from population spiking activity.

It is possible to observe in Figure 4.4 that there are peaks at the very high

frequency, but they are much smaller than in the PD network (Bos et al., 2016; Helin

et al., 2019; Essink et al., 2020). This fact is indicated by the absence of prominent

vertical stripes in the raster plot. Nevertheless, the distribution of firing rates by

layer became less biologically plausible with L5e firing more than 60 spikes/s.
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Figura 4.5: Spontaneous activity of the isolated V1 network when
replacing the non-simulated areas by Poisson spike trains with specific
firing rate. a) Raster plot of the full cortical network (all 197.932 neurons) with
dots indicating spiking times for each neuron represented in rows. Blue dots refer
to excitatory neurons and red to inhibitory ones. From top to bottom layers L2/3
to L6 are shown in sequence. b) Averaged firing rate per population. The colors
mirror the same pattern in a). c) Power spectra estimated from population spiking
activity.

On the other hand, Figure 4.5a shows a sparse activity with no visible vertical

stripes. Moreover, the firing rates (4.5b) are very low in comparison with figure 4.4b

and there are no visible peaks at any specific frequency in the power spectra in

Figure 4.5c.

These results are reliable and were qualitatively replicated in next section

using different neurons, showing the independence of these effects by the neuron

model.

4.6.2 Spontaneous activity

After looking the original models in last section and analysing the reduction

of the fast oscillations, we studied how changes, such as the excitatory and inhibitory
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balance, would affect the spontaneous activity.

First we built the multi-layered V1 microcircuit model based on previous

studies (Schmidt et al., 2018b,a; Potjans and Diesmann, 2014). The network is

divided in four layers, each layer contains an excitatory and an inhibitory population

of adaptive exponential integrate-and-fire neurons (AdEx) (Brette and Gerstner,

2005b; Gerstner and Brette, 2009). The AdEx parameters were adjusted such that

the neurons present firing patterns similar to the two major electrophysiological

classes present in the cortex: the regular spiking (RS) for the excitatory neurons;

and the fast spiking (FS) for the inhibitory neurons (Castro-Alamancos and Connors,

1997; Naud et al., 2008).

Besides that, the network model has two free parameters crucial for its

dynamics: the balance between excitation and inhibition represented here by the

ratio between the inhibitory synaptic weight and the excitatory synaptic weight

(g); and the background activity simulated by Poisson spike trains with rate bgrate.

The latter represents the non-simulated areas including corticocortical connections

and other external sources of input. To account for the different number of inputs

coming from the other cortical areas we tested two possibilities: the first one by

considering specific number of inputs by population with the same bgrate, and the

second one by keeping the same bgrate for the external inputs plus considering the

specific mean firing rates of each non-simulated cortical area at the resting state

according to (Schmidt et al., 2018b).

Initially we analyzed what combinations of parameters g and bgrate of the

isolated V1 microcircuit resulted in a biological plausible network behavior. In the

first case the external inputs and corticocortical connections coming from different

regions were replaced by Poisson spike trains with the same bgrate. The result of

this parameter scan is shown in Figure 4.6.
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Figura 4.6: Dependence of network activity on the relative inhibitory
synaptic strength g and the external Poisson background rate bgrate. The
non-simulated areas were replaced by Poisson spike trains with the same firing rate.
a) Colors represent the fraction out of the four populations of excitatory neurons
(L2/3e, L4e, L5e and L6e) that have average coefficient of variation CV (ISI)
between 0.76 and 1.44, average local variation LV (ISI) between 0.54 and 1.44 and
average firing rate ν ≤ 12 spikes/second. b) Characterization of network activity
for the set of parameters highlighted in a). The plots shown are the raster plot of
spiking activity with dots indicating spike times; the boxplots of average firing rate
per population; the boxplots of average irregularity per population; and the power
spectrum calculated from average full network activity in time windows of 1 ms.
The maps in c), d) and e) show the fraction out of the four excitatory populations
that have, respectively, average CV (ISI), average LV (ISI) and average firing
rate within the ranges given above.

Figure 4.6a shows a color map where the color white represents the parameter

configurations for which the four populations of excitatory neurons (L2/3e, L4e,

L5e and L6e) have average values of CV (ISI), LV (ISI) and ν within experimental

data ranges (Maksimov et al., 2018). The information contained in Figure 4.6a

is a combination of maps in Figures 4.6c, 4.6d and 4.6e. These maps only show
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information extracted from excitatory populations (L2/3e, L4e, L5e and L6e)

and the color indicates the fraction out of these four populations which have the

corresponding average measure inside an experimentally determined range. These

ranges were defined in (Maksimov et al., 2018) as CV (ISI) between 0.76 and 1.44,

LV (ISI) between 0.54 and 1.44 and ν ≤ 12 spikes/second. Combining these three

maps in one, it is possible to observe in Figure 4.6a the region of parameter space

(in white) which displays characteristics in agreement with experiments.

From this region we extracted a point shown in Figure 4.6a with g = 10.0 and

bgrate = 4.0 Hz. The characteristics of the spontaneous activity of the corresponding

network are shown in Figure 4.6b. One can see that the neurons spike at low

frequency (below 10 Hz) and have irregularly around 1. However, one can also see

stripes in the raster plot and a peak in the power spectrum. Since this network does

not receive any external input, a more realistic situation would be with absence of

a high frequency peak.
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Figura 4.7: Dependence of network activity on the relative inhibitory
synaptic strength g and the external Poisson background rate bgrate. The
non-simulated areas were replaced by Poisson spike trains with specific firing rates
related to the steady state activity of these areas. a) Colors represent the fraction
out of the four populations of excitatory neurons (L2/3e, L4e, L5e and L6e) that
have average coefficient of variation CV (ISI) between 0.76 and 1.44, average
local variation LV (ISI) between 0.54 and 1.44 and average firing rate ν ≤ 12
spikes/second. b) Characterization of network activity for the set of parameters
highlighted in a). The plots shown are the raster plot of spiking activity with
dots indicating spike times; the boxplots of average firing rate per population; the
boxplots of average irregularity per population; and the power spectrum calculated
from average full network activity in time windows of 1 ms. The maps in c), d) and
e) show the fraction out of the four excitatory populations that have, respectively,
average CV (ISI), average LV (ISI) and average firing rate within the ranges
given above.

Lets consider now the case where the inputs representing corticocortical

connections between different areas are represented by Poisson spike trains with

specific firing rates extracted from a multi-area model (Schmidt et al., 2018b,a).

Other inputs coming from areas non-simulated by the multi-area model were

replaced by Poisson spike trains with same firing rate defined by bgrate. Using this
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configuration it is possible to obtain a better result as can be seen in Figure 4.7.

The region in parameter space which agrees with experimental data is bigger than

in Figure 4.6. Moreover, in general, and as presented by the example chosen (g = 7

and bgrate = 6 Hz), the network activity has lower population firing rates, shows less

synchrony and displays a smaller peak in the power spectrum in comparison to the

previous case.

The pair of parameters highlighted in the example in 4.7 (g = 7 and bgrate = 6

Hz) was set as default for the following experiments.

4.6.3 Effect of spike frequency adaptation on cortical
dynamics

The transition between the states of wakefulness and sleep of slow waves

is related, among other factors, to changes in the levels of the neurotransmitter

acetylcholine (ACh) (Steriade et al., 1993; Baghdoyan and Lydic, 1999). At the

neuronal level, ACh regulates the excitability of neurons and can reduce their spike

frequency adaptation (SFA) (Aiken et al., 1995; Tsuno et al., 2013). In addition, in

the neocortex, neurons with cholinergic receptors are distributed with high density

throughout all layers (Eckenstein et al., 1988; Henny and Jones, 2008; Kalmbach

et al., 2012), and may have different effects depending on the type of cell and the

layer in question (Radnikow and Feldmeyer, 2018).

One of the variables in the AdEx model described in Equations 4.3 and 4.4

which can control the SFA is the variable b. Thus, one phenomenological way of

mimicking the ACh level is by changing b of the excitatory neurons. The default

value of b used in all simulations, except when mentioned, is presented in Table 5.1.

Figure 4.8 shows the membrane potential in time of excitatory RS neurons when

the variable b is defined as a)5, b)20, c)40 and d)100 pA, respectively. The increase

of b increases the SFA, which in its turn represents the decrease of ACh.

To assess the network dynamics for different values of parameter b, we fixed

g = 7.0 and bgrate = 6.0 Hz and run the simulations varying the b value of the RS

neurons.

Experimental data on cortical activity show that increases in ACh levels also

induce the appearance of oscillations in the gamma range for the primary visual
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Figura 4.8: Spike frequency adaptation on excitatory neurons.
Membrane potential response of V1 excitatory neurons when stimulated by a
depolarizing square current input under four different levels of spike frequency
adaptation (which is controlled in AdEx model by variable b): a) b = 5 pA, b)
b = 20 pA, c) b = 40 pA and d) b = 100 pA.

cortex (Rodriguez et al., 2004) and PFC (Howe et al., 2017). This same effect can

be seen in the results of Figure 4.9, where lower values of b (low SFA) indicate an

increase in ACh levels.

Figura 4.9: V1 network activity power spectra under different spike
frequency adaptation levels. Power spectra estimated from the network spiking
activity of four different levels of spike frequency adaptation when setting the b
parameter of the AdEx model used for the excitatory neurons as a) 5 pA, b) 20
pA, c) 40 pA and d) 100 pA. In gray is presented the standard deviation through
ten simulation.

For V1 microcircuit the variation of SFA was not enough to generate slow

waves but was able to reduce the rapid oscillation when reducing the ACh (increasing

the AdEx parameter b of RS neurons).

Furthermore, to explore the SFA effect in the network, it was also checked

its effect for different combinations of parameters g and bgrate as presented in Figure

4.7. The results are presented in Figures 4.10 and 4.11.
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Figura 4.10: Parameter scan under different spike frequency adaptation
levels. Dependence of network activity on the relative inhibitory synaptic strength
g and the external Poisson background rate bgrate under four different spike
frequency adaptation levels of excitatory neurons when setting the b parameter
of the AdEx model as a) 5 pA, b) 20 pA, c) 40 pA and d) 100 pA. The colors in
the maps represent the fraction out of the four populations of excitatory neurons
(L2/3e, L4e, L5e and L6e) that have average coefficient of variation CV (ISI)
between 0.76 and 1.44, average local variation LV (ISI) between 0.54 and 1.44
and average firing rate ν ≤ 12 spikes/second.
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Figura 4.11: Network regularity and firing rate under different spike
frequency adaptation levels. Dependence of network activity on the relative
inhibitory synaptic strength g and the external Poisson background rate bgrate
under four different spike frequency adaptation levels of excitatory neurons when
setting the b parameter of the AdEx model as 5 pA (first row), 20 pA (second row),
40 pA (third row) and 100 pA (fourth row). The colors in the maps represent the
number among the four populations of excitatory neurons (L2/3e, L4e, L5e and
L6e) that have average coefficient of variation CV (ISI) between 0.76 and 1.44 in
the first column, average local variation LV (ISI) between 0.54 and 1.44 in the
second column and average firing rate ν ≤ 12 spikes/second in the third column.
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Although the fast oscillations are reduced as exemplified in Figure 4.9, the

region of parameters displayed by the white color in Figure 4.10 presenting a healthy

spontaneous activity is reduced by increasing the SFA on the excitatory neurons. To

differentiate what measure leads the network to a “non-healthy” activity, we plotted

the Figure 4.11 which shows that the increase of SFA increases mainly the neuronal

spiking regularity, represented by the CV when it is close to zero.

4.6.4 Thalamocortical spontaneous activity

The spontaneous activity when connecting the V1 microcircuit to the LGN

network is presented in Figures 4.12 and 4.13. For this example, we set the dthc =

dcth = 40.0 ms (Equation 4.5) and ran ten simulations for a time duration of 11.0 s.

When comparing Figures 4.12 a), b), c) and d) with Figure 4.7 b) it is possible to

observe the emergence in the thalamocortical network of oscillatory behavior through

the stripes in the raster plot and the peaks at the power spectrum. Nevertheless, the

firing rate was kept the same and a disturbance occurred in the irregularity measure

but still keeping it close to CV = 1.

Besides the thalamic neuronal intrinsic characteristics included in the model,

the network parameters were set to keep a low activity in the LGN with firing rates

similar to the ones observed in the cortical network, as can be seen in Figure 4.13

b). Figure 4.13 a) shows a sparse network activity and Figures 4.13 c) and d) show

the their power spectra. There are slow and fast oscillations, but we focused on how

these oscillatory behavior reflected in the V1 activity. The next chapter explores

these features in more detail.
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Figura 4.12: V1 microcircuit activity when connected to the LGN.
The plots shown are the a) raster plot showing the spiking activity of the full
cortical network (all 197.932 neurons) with dots indicating spike times where each
population indicated on the y-axis is represented by a different color; b) the boxplots
of average firing rate per population; c) the boxplots of average irregularity per
population; d) and the power spectrum calculated from average full network activity
in time windows of 1 ms. Additionally, in e) the power spectrum estimated by each
population’s activity is given.
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Figura 4.13: LGN activity from the thalamocortical circuit. The plots
shown are a) the raster plot of spiking activity with dots indicating spike times;
b) the boxplots of average firing rate per population; c) and d) their power spectra
calculated from average LGN excitatory (TC cells) and inhibitory (IN cells) activity
in time windows of 1 ms, respectively.



Chapter 5

Visual alpha generators in a spiking
thalamocortical microcircuit model

This chapter explores different hypothetical mechanisms of alpha generation

in a thalamocortical model of spiking neurons and shed light on the conditions under

which this oscillation may emerge.

More specifically, two hypothesis involving the primary visual cortex (V1)

and the lateral geniculate nucleus (LGN) were studied:

• Hypothesis 1 (L5 IB neurons): Alpha oscillations can be generated by the

presence of intrinsically bursting (IB) neurons in cortical layer five (L5). These

neurons can rhythmically oscillate around 10 Hz and L5 is the only layer which

can display alpha oscillations when isolated from the other layers (Silva et al.,

1991);

• Hypothesis 2 (thalamocortical loop delay): The alpha oscillations can be

generated by a thalamocortical loop delay around 100 ms (Roberts and

Robinson, 2008).

5.1 Simulation protocols

5.1.1 Generation of alpha rhythm with L5 excitatory
Intrinsic Bursting neurons

The AdEx parameters for IB neurons presented in Table 5.1 were chosen

based on the spiking behaviour cited in (Silva et al., 1991). Two main features were

67
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qualitatively kept: the bursting behaviour when stimulated by constant current

(Figure 5.1a) and spontaneous bursts triggered by a current pulse (Figure 5.1d).

Cm[pF] gL[nS] EL[mV] ∆T [mV] Vth[mV] τref [ms] τw[ms] Vr[mV] a[nS] b[pA]

IB 200.0 3.0 -58.0 2.5 -58.0 2.0 40.0 -50.0 20.0 100.0

Tabela 5.1: Parameters used in AdEx neuron model for cortical IB neurons. The
IB parameters were adjusted to behave similarly to experimental data presented in
(Silva et al., 1991).

To achieve this neuronal dynamics we analysed the phase space of the AdEx

model (example in Figure 5.1c, which corresponds to spikes shown in 5.1d) and

searched a set of parameters capable of reproducing these two behaviours.

Figura 5.1: IB neuron dynamics simulated by AdEx model. a) Membrane
voltage response in time for IB neuron when stimulated by a square pulse. b)
The curve of firing rate versus current amplitude. c) Phase space of the AdEx
model where the blue line is the nullcline of w and orange the nullcline of V . In
green is the trajectory of the system in the phase plane w−V corresponding to the
simulation shown in d).

With the AdEx parameters set, the former hypothesis mentioned was tested
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in the V1 microcircuit. This hypothesis consists in the generation of alpha rhythm

due to the intrinsic properties of cortical L5 intrinsic bursting (IB) neurons. For this

purpose, first we varied the percentage of IB neurons replacing excitatory neurons

from L5e (from 10% to 60%). The range reported experimentally of the proportion

of IB neurons at L5e is around 50% (Silva et al., 1991).

Before analyzing the influence of IB neurons on the V1 microcircuit, the

activity of the isolated L5 with and without adding IB neurons in the network was

analyzed. Subsequently, the same comparison was done for the full cortical network.

5.1.2 Relation between thalamocortical loop delay and
generation of alpha oscillation

Here the influence of the corticothalamic transmission delay in the generation

of alpha rhythm in the thalamocortical network model described in Section 2.3 was

analyzed. For this study, the thalamocortical and the corticothalamic transmission

delay were varied following ranges found in the literature for human data and related

with hypothesis 2 (around 100 ms) (Robinson et al., 2001a; van Albada et al., 2010;

Yamaguchi et al., 2018).

Another mechanism analyzed in this context was the synaptic strength ratio

between thalamocortical connections onto excitatory and inhibitory L4 cortical

neurons.

The protocol described in this section was repeated including the IB neurons

in cortical L5 aiming to explore the interplay between these two possible mechanisms

of alpha generation.

5.2 Measures and analysis

In addition to the measures described in 4.5, here we describe the Pairwise

and Conditional Granger Causality measures used to identify spectral influences at

the alpha range among different neuronal populations.
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5.2.1 Pairwise Granger Causality in the frequency domain

These next sections about Granger Causality are adaptations of the

educational article published by me and colleagues (Lima et al., 2020) entitled

“Granger causality in the frequency domain: derivation and applications".

To delineate the patterns of interaction among different alpha current

generators the Granger Causality (GC) in the frequency domain was measured. The

general idea of GC can be understood if we consider two simultaneously measured

time series X1(t) and X2(t), in this context the variable X1(t) can be called causal

to X2(t) if information in the past of X1(t) helps to predict X2(t) (Granger, 1969;

Seth, 2007).

The GC in the frequency domain was estimated using the method described

in Dhamala et al. (2008). In this method the GC is estimated through the

non-parametric decomposition of a spectral matrix containing the power spectrum

of each signal and the cross power spectrum between them.

The key advantage of utilizing the non-parametric technique instead of

parametric ones to calculate GC is that it eliminates the need to determine the

model order for the autoregressive model. The right model order can be difficult to

determine because it varies based on the subject, experimental task, data quality

and complexity, and model estimating approach used (Kamiński and Liang, 2005;

Barnett and Seth, 2011).

As described in the last section, we can estimate the power spectrum

with good balance between frequency resolution and variance with the multitaper

method. Let us denote the power spectrum of X1(t) and X2(t) as S11(f) and S22(f)

respectively. Then, the cross spectra will be called S12(f) and S21(f). So, the

spectral matrix is:

S(f) =

S11(f) S12(f)

S21(f) S22(f)

 . (5.1)

Using Wilson’s algorithm (Wilson, 1972, 1978) is possible to decompose
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equation 5.1 in:

S(f) = H(f)Σ(f)H†(f) (5.2)

where H(f) is called the transfer matrix and † denotes the transpose conjugate of

the matrix S(f).

From H(f) and Σ(f) it is possible to calculate the GC from signal 1 to 2

(I1→2) and 2 to 1 (I1→2) with the following equations (Geweke, 1982; Ding et al.,

2006; Dhamala et al., 2008).

I1→2(f) = ln

(
S22(f)

S22(f)− (Σ11 − Σ2
21

Σ22
)|H21(f)|2

)
(5.3)

and

I2→1(f) = ln

(
S11(f)

S11(f)− (Σ22 − Σ2
12

Σ11
)|H12(f)|2

)
(5.4)

The algorithm and codes used to measure the GC defined above were

described in Lima et al. (2020) and the code is available at https://github.com/

ViniciusLima94/pyGC.git.

5.2.2 Conditional Granger Causality in the frequency domain

The concepts developed so far may be applied to a case with m variables. In

this case, in order to try and infer the directionality1 of the interaction between two

signals, in a system with m signals, we may use the so-called conditional Granger

causality (cGC) (Geweke, 1984; Chen et al., 2006; Ding et al., 2006; Malekpour and

Sethares, 2015). The idea is to infer the GC between signals i and j given the

knowledge of all the other m− 2 signals of the system. This is done by comparing

the variances obtained considering only i and j to the variances obtained considering

all the other signals in the system.

1Whether i Granger-causes j or vice-versa.

https://github.com/ViniciusLima94/pyGC.git
https://github.com/ViniciusLima94/pyGC.git
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Figura 5.2: A system that pairwise GC fails to describe. a. Node 1
(X1(t)) sends input to node 2 (X2(t)) with delay δ12 and to node 3 (X3(t)) with
delay δ13. b. A simple GC calculation wrongly infer a link from X2(t) to X3(t)
if δ12 < δ13, or from X3(t) to X2(t) if δ13 < δ12. These links are not physically
present in the system and appear only due to the cross-correlation between X2(t)
and X3(t) caused by the common input X1(t).

But one may ask: “isn’t it simpler to just calculate the standard GC between

every pair of signals in the system, always reducing the problem to a two-variable

case?” To answer that question, consider the case depicted in Figure 5.2a: node

1 (X1(t)) sends input to node 2 (X2(t)) with a delay δ12 and sends input to node

3 (X3(t)) with a delay δ13. Measuring the pairwise GC between X2(t) and X3(t)

suggests the existence of a coupling between them even if it does not physically

exist (as in Figure 5.2b). This occurs because signals X2(t) and X3(t) are correlated

due to their common input from X1(t), and the simple pairwise GC between X2(t)

and X3(t) fails to represent the correct relationship between the three nodes of

Figure 5.2a. The cGC solves this issue by considering the contribution of a third

signal (X1(t) on this example) onto the analyzed pair (X2(t) andX3(t)), as described

below.

The following equation describe the system presented in Figure 5.2:
X1(ω)

X2(ω)

X3(ω)

 =


H11(ω) H12(ω) H13(ω)

H21(ω) H22(ω) H23(ω)

H31(ω) H32(ω) H33(ω)




ε∗1(ω)

ε∗2(ω)

ε∗3(ω)

 , (5.5)

where X3(t) has the noise term ε3(t) with variance Σ33. The corresponding spectral
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matrix SSS(ω) is

SSS(ω) =


S11(ω) S12(ω) S13(ω)

S21(ω) S22(ω) S23(ω)

S31(ω) S32(ω) S33(ω)

 , (5.6)

and the noise covariance matrix is

ΣΣΣ =


Σ11 Σ12 Σ13

Σ21 Σ22 Σ23

Σ31 Σ32 Σ33

 . (5.7)

We want to calculate the cGC from X2(t) to X3(t) given X1(t), i.e. F2→3|1 in

the time domain and I2→3|1(ω) in the frequency domain. The first step is to build

a partial system from equation (5.5) ignoring the coefficients related to the probe

signal X2(t), resulting in the partial spectral matrix SSSp(ω):

SSSp(ω) =

S11(ω) S13(ω)

S31(ω) S33(ω)

 . (5.8)

From this partial system, we can calculate SSSp(ω) and SSS(ω) using the

nonparametric methods already discussed above. Suppose that for SSS(ω), we obtain

the transfer matrix HHH(ω) and the covariance matrix ΣΣΣ (equation (5.7)), whereas for

SSSp(ω) we obtain the transfer matrix GGG(ω) and the covariance matrix ρρρ:

ρρρ =

ρ11 ρ13

ρ31 ρ33

 . (5.9)

The matrices HHH(ω) and ΣΣΣ are 3 × 3. The matrices GGG(ω) and ρρρ are always

one dimension less than the original ones, because they are built from the leftover

rows and columns of the original system without the coefficients of the probe signal.

In the time domain, F2→3|1 is defined as

F2→3|1 = log

(
ρ33

Σ33

)
, (5.10)
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or, in general,

Fi→j|k = log

(
ρjj
Σjj

)
, (5.11)

which is used to calculate the cGC from i to j given k, in time domain. Note that

if the link between i and j is totally mediated by k, ρjj = Σjj, yielding Fi→j|k = 0.

However, the standard GC between i and j would result in a link between these

variables. For our example in Figure 5.2, we obtain F2→3|1 & 0, meaning that the

influence of X2(t) to X3(t) is conditioned on signal X1(t), and hence is almost null.

In the frequency domain, we first must define the transfer matrix QQQ(ω) =

GGG(ω)−1HHH(ω). However, the dimensions of matrixGGG(ω) do not match the dimensions

of matrix HHH(ω). To fix that, we add rows and columns from an identity matrix to

the rows and columns that were removed from the total system in equation (5.5)

when we built the partial system (i.e. we add the identity rows and columns to the

rows and columns corresponding to signal X2(t) that was removed for generating

SSSp(ω)), such that:

G(ω) =

G11(ω) G13(ω)

G31(ω) G33(ω)

⇒

G11(ω) 0 G13(ω)

0 1 0

G31(ω) 0 G33(ω)

 . (5.12)

We can now safely calculate QQQ(ω) = GGG(ω)−1HHH(ω), from where we obtain

I2→3|1(ω):

I2→3|1(ω) = log

(
ρ11

|Q11(ω)Σ11Q
†
11(ω)|

)
, (5.13)

or, in general,

Ii→j|k(ω) = log

(
ρjj

|Qjj(ω)ΣjjQ
†
jj(ω)|

)
. (5.14)

It is important to note that the cGC connectivity not always reflects the

underlying physical (or structural) connectivity between elements (Seth, 2007).

Real-world applications, such as inferring neuronal connectivity from brain signals,

result in a cGC matrix that is very noisy due to multiple incoming signals and

multiple delays. Thus, cGC is most generally referred to as giving “functional”

connectivity, instead of structural connectivity.
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5.3 Results

Our approach to study the alpha generation hypotheses was a step-like

process which initially considered each area (V1 and LGN) separately and

characterized its spontaneous activity. Then we analyzed each hypothesis separately

(L5 IB neurons and thalamocortical loop delay) and, finally, we put everything

together.

5.3.1 Generation of alpha rhythm with L5 excitatory
Intrinsic Bursting neurons

To evaluate the first hypothesis (layer 5 intrinsically bursting (IB) neurons) in

the V1 microcircuit, we replaced 50% of excitatory RS neurons in L5 by IB neurons.

Initially, we analysed the influence of IB neurons in the isolated L5. Comparing

Figures 5.3a and 5.3b it is possible to observe the generation of alpha activity by

looking the emergence of a big peak in the alpha range.

Figura 5.3: Power spectra of the excitatory spiking activity for the
isolated L5. Left: default case is represented by the L5 with all excitatory neurons
spiking as RS. Right: 50% of RS neurons were replaced by IB neurons. In both
cases the inhibitory populations remains the same.

Since it was shown that IB neurons can generated alpha in isolated L5, the

next step is connect the full V1 microcircuit to study how it spreads through the

network.
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Figura 5.4: Activity of the V1 microcircuit when 50% of L5 excitatory
neurons were replaced by IB neurons. a) Raster plot with dots indicating
spike times for each neuron represented in rows. Darker colors refer to excitatory
neurons and lighter to inhibitory ones. From top to bottom it is shown in sequence
layers L2/3 to L6. The IB neurons in L5 are represented in dark green and are
possible to be differentiated from RS neurons by the higher firing rate. b) Boxplot
of the average firing rate per population. c) Boxplot of the average CV (ISI) per
population. d) Power spectrum calculated from the averaged full network activity
in time windows of 1 ms.

In the raster plot in Figure 5.4a and firing rate boxplots in Figure 5.4b it is

possible to see an increase in the activity of L5 excitatory neurons, which is caused

by the IB neurons as expected. Moreover, the average CV of L5e in Figure 5.4c

increased as a consequence of the bursts induced by IB cells. Notably, the power

spectrum now shows a prominent and clearly identifiable peak in the alpha band

(Figure 5.4d).
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Figura 5.5: Population activity power spectra under different
percentages of L5 IB neurons. The power spectra were estimated from
excitatory spiking activity by layer for different proportions of IB neurons at L5
(10 to 60% of the total L5 excitatory neurons). The shadowed area represents the
alpha range.

To systematically explore the effect of introducing L5 IB neurons in the

network we varied the proportion between IB and RS neurons. Figure 5.5 shows the

power spectrum estimated from the excitatory activity by each layer when varying

the ratio between RS and IB neurons at L5. It is possible to observe the emergence

of alpha oscillations at L5 even with only 10% of RS replaced by the IB neurons.

Additionally, when increasing the percentage of IB at L5 an alpha peak appear at

L2/3, becoming more apparent above the ratio of 40%.
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Although 5.5 shows the emergence of an alpha peak in networks activity,

it does not discriminate how this oscillation spreads through the other layers. To

analyze that, we kept the proportion of 50% of IB neurons in L5e and we calculated

the Granger causality (GC) in the frequency domain as described in Sections 5.2.1

and 5.2.2.

Figura 5.6: Granger causality analysis of V1 microcircuit. Granger
causality (y-axis) in the frequency domain (x-axis) for the default V1 cortical
network. Pairwise GC are represented with dashed lines and cGC with solid lines.

The GC estimated for the default network, V1 microcircuit without IB

neurons, is presented in Figure 5.6 where each graph is related to a pair of excitatory

populations. As expected, since the power spectrum in Figure 4.7 does not show

prominent oscillations, the GC did not display a clear peak for any population pair.

The only suggestive indication of causality of one layer in another was between L2/3e

and L4e, but still, there is no well-defined peak.
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This situation changes when including IB neurons on L5. Figure 5.7 shows

the GC when alpha is generated by IB cells.

Figura 5.7: Granger causality analysis of V1 microcircuit with L5 IB
neurons. Granger causality (y-axis) in the frequency domain (x-axis) for the
default V1 cortical network with the replacement of 50% of layer 5 excitatory
cells by IB neurons. Pairwise G-causalities are represented with dashed lines and
conditional G-causalities with solid lines.

It is possible to observe in 5.7 that there is GC (dashed lines) between L5 and

all other layers, with the strongest effect being from L5e to L2/3e followed by L5e

to L4e and then L5e to L6e. Interestingly, the other pronounced GC peak was from

L2/3e to L4e, which matches with some references that suggest layers 2 and 5 as

the locations of primary local pacemaking generators of alpha (Bastos et al., 2014;

van Kerkoerle et al., 2014). Another relevant consideration is about the Conditional

GC (solid lines), looking through it the only strong peak that remains is the one

from L5e to L2/3e, which means that this is the only path where the oscillation is
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directed influencing one layer to another.

Figura 5.8: Schematic draw of the GC analysis of V1 network with L5
IB neurons included. Scheme representing the direction of the propagation of
alpha rhythm through the cortical layers based on the GC measures. Pairwise GC
are represented with dashed arrows while cGC with solid lines. The V2 and V4
inputs (in gray) are merely representative. These inputs show the main pathways
coming from cortico-cortical connections into V1 which could be considered as
possible alpha generators in experimental data.

Figure 5.8 summarizes the alpha rhythm propagation direction estimated by

the GC measure. We show here that L5 IB neurons is enough to generate alpha

oscillations in a V1 microcircuit and although L2/3 does not have a specific alpha

generator in there, the oscillatory activity transmitted from L5 to L2/3 may explain

experimental findings only by the network dynamics and not necessarily by having

a pacemaker in L2.

5.3.2 Relation between thalamocortical loop delay and
generation of alpha oscillation

The second hypothesis was tested in a recurrent thalamocortical network

with the thalamic network representing LGN connected to V1. The LGN model



5.3 - Results 81

consists in a network of AdEx neurons divided in 902 excitatory thalamocortical

cells (TC) and 301 inhibitory interneurons (IN).

The power spectra estimated from the full network spiking activity when

varying the combination of the thalamocortical delay (dthc) and the corticothalamic

delay (dcth) are shown in Figure 5.9. These corticothalamic delays were tested to

better comprise different intervals suggested in literature (Robinson et al., 2001a;

van Albada et al., 2010; Yamaguchi et al., 2018).

Figura 5.9: Population activity power spectra under different
thalamocortical loop delays. The power spectra was estimated from the
averaged cortical spiking activity of the excitatory neurons by layer for different
combinations of thalamocortical and corticothalamic transmission delays.

Differently on what was shown in the last section, we did not observe a very
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clear peak at the alpha range at any layer. Still, small peaks which was not present

in the isolated V1 network can be observed in layers 4e, 5e and 6e. These peaks

are become bigger when increasing the thalamocortical delays. These differences

are clear when looking the L4e spiking activity power spectrum (Figure 5.9b). In

this case, keeping the total thalamocortical loop delay in 80 ms, when increasing

the thalamocortical delay above 30 ms it is possible to observe the emergence of a

peak in the alpha range. Moreover, following the latter comparison, another peak

emerges between 1 to 2 Hz (also present in L5e - Figure 5.9c) and, by the other

hand, fast oscillations are reduced.
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Figura 5.10: Granger causality analysis of V1 microcircuit when
connected to LGN. Granger causality (y-axis) in the frequency domain (x-axis)
for the thalamocortical network. Pairwise G-causalities are represented with dashed
lines and conditional G-causalities with solid lines.

We measured the GC and the cGC in Figure 5.10. The main pathway of the

alpha rhythm propagation estimated is summarized in Figure 5.11. Similarly with

what is reported in experimental findings (Bollimunta et al., 2011), we can observe

the alpha propagation coming from the layers which are the main thalamic inputs

(L4 and L6). In that way, suggesting the thalamus as a possible alpha generator.

Additionally, there is also alpha coming from L5 to L2/3. Nevertheless, the alpha

propagation disappears when calculated by the Conditional GC, which could mean
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that what we got with the pairwise measure was reflect of some correlation between

layers activity or the transmission signal was not strong enough to influence and

spread the oscillatory behaviour.

Figura 5.11: Schematic draw of the GC analysis of V1 network when
connected to LGN. Scheme representing the direction of the propagation of
alpha rhythm through the cortical layers based on the GC measures. Pairwise
G-causalities are represented with dashed arrows while conditional G-causalities
with solid lines.

As we described in the Methods sections we estimated the synaptic strength

using the same value of PSP from thalamic neurons to excitatory and inhibitory L4

neurons as experimentally observed for the cat V1 (Sedigh-Sarvestani et al., 2017).

Nevertheless, there are other experimental evidence for somatosensory and primary

visual cortices which show that the thalamocortical connections into inhibitory L4

neuron are stronger than the ones into excitatory neurons (Gabernet et al., 2005;

Gibson et al., 1999; Inoue and Imoto, 2006; Kloc and Maffei, 2014). This information

was taken into account and we kept the synaptic weight from TC to L4E cells (wee)

and varied the weight from TC to L4i (wei). These results are shown in Figures 5.12

and 5.13.
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Figura 5.12: Cortical population activity power spectra when
thalamocortical input is stronger in the excitatory neurons. Power spectra
of the averaged cortical activity by layer when synaptic weights from thalamus
to cortical inhibitory neurons are half the value of synaptic weight to cortical
excitatory ones.
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Figura 5.13: Cortical population activity power spectra when
thalamocortical input is stronger in the inhibitory neurons. Power spectra
of the averaged cortical activity by layer when synaptic weights from thalamus
to cortical inhibitory neurons are twice the value of synaptic weight to cortical
excitatory ones.
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It is possible to observe in Figures 5.12 and 5.13 a dependence of V1 activity

due to this balance of thalamocortical connections. Stronger thalamocortical inputs

to excitatory neurons increased slow and fast cortical oscillations. In contrast,

increasing the synaptic strength from thalamic neurons to cortical inhibitory neurons

flattened the curve, keeping small peaks of slow oscillations and decreasing fast

oscillations.

5.3.3 Interplay of L5 IB neurons with thalamocortical loop
delay

Finally, we put together the two hypothesis including the L5 IB neurons in

the thalamocortical network to see the interaction between the two mechanism of

alpha generation. As already mentioned, L5 IB neurons are capable to generate

strong alpha but for the thalamocortical loop delay the peaks were not very clear.

Nevertheless, still there is the question if the thalamocortical interactions are able to

modulate or influence the alpha rhythm once it is generated by the L5 pacemakers.

Figure 5.14 shows the power spectra estimated from cortical network spiking

activity following the same method as done for Figure 5.9 with the difference that it

was introduced IB neurons on cortical L5. For all combinations of thalamocortical

and corticothalamic loop delay it is possible to observe peaks at alpha range on

power spectra from Figures 5.14 c and d. While in 5.14b the emergence of a peak in

the alpha range occurs similarly when L5 IB neurons are absent but with a stronger

power. Putting together both mechanisms resulted in a mix of the effects, the

thalamocortical delay, as before, induced alpha peaks in L4e and L6e. The L5 IB

neurons introduced an alpha peak at L5 and, in general, induced a stronger power

where the peaks appeared. Differently on what happened to the other cases, L2/3e

presented no peaks in the power spectrum of any combinations of thalamocortical

delays with the presence of IB neurons in L5e.
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Figura 5.14: Cortical population activity power spectra under different
thalamocortical loop delays when L5 IB neurons were added. The power
spectra were averaged from the cortical spiking activity of the excitatory neurons
by layer for different combinations of thalamocortical loop delays when 50% of L5e
neurons were replaced by IB neurons.

We also checked the GC and Figure 5.15 shows an example for

thalamocortical and corticothalamic delay fixed in 40 ms each. The results observed

in Figure 5.15 shows a shift in the direction of the alpha range for the pairwise GC

peak from L5e to L2/3e, L5e to L6e and L6e to L5e. However, when the cGC is

estimated, only the influence at alpha range from L5e to L2/3e is preserved. Figure

5.16 shows a schematic representation considering only the clear peaks at the alpha

range.
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Figura 5.15: Granger causality analysis of V1 microcircuit with L5 IB
neurons when connected to LGN. Granger causality (y-axis) in the frequency
domain (x-axis) for the thalamocortical network with the replacement of 50% of
layer 5 excitatory cells by IB neurons. Pairwise G-causalities are represented with
dashed lines and conditional G-causalities with solid lines.
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Figura 5.16: Schematic draw of the GC analysis of V1 network with
L5 IB neurons included and connected to LGN. Scheme representing the
direction of the propagation of alpha rhythm through the cortical layers based on
the GC measures. Pairwise GC are represented with dashed arrows while cGC with
solid lines. Grey arrows represent the main inputs coming from LGN and other
cortical (V2 and V4) areas. The V2 and V4 inputs are merely representative and
show the main pathways coming from cortico-cortical connections into V1.



Chapter 6

Conclusions and perspectives

6.1 Conclusion

The studies in this work can be divided into two parts: the first one is

related to the adaptation and changes in the network structure and neuron dynamics

simulating spontaneous activity; and the second one concerns protocols of alpha

rhythm generation.

This thesis discusses the emergence of oscillatory activity in a multi-layered

cortical network connected to the thalamus. Specifically, we looked through

the hypothesis of alpha rhythm generation at neuronal and network level in

a microcircuit structure of simplified spiking neurons. Our model considers

important neurobiological features such as intrinsic neuronal dynamics (e.g.

electrophysiological classes: Regular Spiking, Fast Spiking, Intrinsically Bursting,

and Rebound Spiking) and multi-layered one-to-one mapping for the cortical

structure. We first explored the set of conditions in which the model could present a

coherent activity in matters of irregularity and oscillatory behavior when compared

with spontaneous neuronal activity collected from experimental data. Then, we

studied how two different possible alpha generators could affect the network activity

and how they could be compared with experimental data.

The cortical microcircuit used here was extracted from the data-driven

multi-area model described by Schmidt et al. (2018a,b), which by its turn, was

originally adapted from Potjans and Diesmann (2014). In both versions, all neurons

were simulated by the LIF model with the same parameters for excitatory and

inhibitory neurons. Here, we used the same V1 structure which includes the number

91
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of neurons and connection probabilities, but we improved the neuronal intrinsic

properties by including different electrophysiological classes. We used the AdEx

model instead of LIF and, distinct parameters were set to excitatory and inhibitory

populations. For simplicity, we kept only the most abundant classes, being the

RS for excitatory and FS for inhibitory. Features like the emergence of gamma

oscillation due to FS cells and the variation of SFA of RS neurons could be achieved

in this model. By using this two-dimensional integrate-and-fire neuron model we

show that it is possible to have transitions between oscillatory states, which could

be used to explore in future studies of conditions commonly referred in the literature

as up and down states during slow-wave sleep (Tomov et al., 2014b, 2016b; Pena

et al., 2018a; Destexhe, 2009). For this work, we concentrated only on the awake

spontaneous activity state.

In this scenario, we used our results of spontaneous activity to validate the V1

network as well as to identify in which conditions of excitation and inhibition balance

and extra-cortical background noise firing rate it is possible to achieve “healthy”

activity. In addition, this study was done under two different assumptions about

background activity: first, considering a specific number of inputs by population

with the same background firing rate, and secondly, by keeping the same background

firing rate summed with the specific mean firing rates of each non-simulated cortical

area at resting state (data from (Schmidt et al., 2018b)). The latter case showed

lower power at the gamma range (> 30) than the former. Moreover, the region of

parameters of “healthy” activity was wider in the latter case, showing a better fit

when using more realistic background activity.

There is recent evidence that the variation of SFA of excitatory neurons

mimicking the indirect effect of acetylcholine was enough to make the transition

between awake to a slow-wave sleep state in a cortical network (Destexhe, 2009).

Nevertheless, although fast oscillations decreased when SFA increased, the slow-wave

activity was not observed in our V1 model. The neuron parameters used in our model

are similar to the ones in Destexhe (2009), but while we always have a background

activity generated by the Poisson distributed spike trains, Destexhe’s work only uses

an initial stimulus to evoke self-sustained activity. Furthermore, the V1 network

structure is much more complex, which could lead to expected differences. Since
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our goal was not to achieve such sleep state transitions, we did not explore other

conditions where this behavior could emerge.

After defining the model parameters, we studied the two hypotheses involved

in the alpha rhythm generation. First, IB excitatory neurons at L5 that oscillate

in the alpha range were introduced in the isolated V1 network. This resulted in

the alpha rhythm pathway coming mainly from L5 and L2/3 similarly to observed

pairwise GC measured elsewhere (Bastos et al., 2014; van Kerkoerle et al., 2014).

However, when using conditional GC instead of pairwise GC, the only remaining

alpha pathway was L5 to L2/3. Anyhow, although the oscillatory behavior was not

strong enough to pave visible alpha transmission paths besides L5, it was transmitted

to layer 2/3 as observed in the alpha peaks that emerged in their power spectrum

(Fig. 5.5).

To study the second hypothesis about the thalamocortical loop delay

we connected the V1 microcircuit to LGN and varied the thalamocortical and

corticothalamic transmission delays keeping the total sum at 80 ms. While L5

IB neurons induced very clear peaks at the alpha range in the power spectra,

the alpha peaks induced by varying the thalamocortical loop delay were smaller.

Still, it was possible to identify changes in the power spectra around 10 Hz at

layers 4, 5, and 6. Smaller values of thalamocortical transmission delay reduced

these peaks and increased peaks at higher frequencies (around 100 Hz). We

varied both thalamocortical and corticothalamic delays with the expectation of

finding a tendency, even though the thalamocortical connections are usually faster

than corticothalamic ones (see Table 2.2). In that way, we considered that the

results with thalamocortical delay equal or smaller than the corticothalamic one are

biological plausible. Taking the example where both delays are equal to 40 ms, we

could get similar alpha transmission pathways as found in experimental references

that indicate possible alpha origin from the thalamus (Bollimunta et al., 2011).

Nevertheless, as the oscillatory behavior was not very strong, the power spectra

and the pairwise GC showed only small peaks at the alpha frequency. Indeed, the

strongest influence captured using GC and cGC was at a lower frequency range from

L4e to L5e.

Additionally, we showed that stronger thalamocortical inputs to excitatory
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neurons increase slow and fast cortical oscillations while the increase of synaptic

strength from thalamic neurons to cortical inhibitory neurons flattens the curve and

keeps small peaks of slow oscillations and decreasing fast oscillations. One possible

situation where these synaptic strengths could vary in similar ways is under the effect

of synaptic plasticity rules. In our model, we did not apply any kind of synaptic

plasticity, but it is known that these connections are dynamic. Thus, similar effects

are expected depending on the type of plasticity rule that is applied.

Finally, we mixed both hypotheses and we observed through the power

spectra at Figure 5.14 that, as expected, the L5 had the strongest alpha oscillations

since IB neurons were included there. Moreover, L5 IB neurons not only helped

the emergence of alpha rhythm at L5 but also potentiated this oscillation at L4

and L6. This result showed the possibility that two different alpha sources may

coexist and future studies could clarify this relation by adding synaptic plasticity

on thalamocortical/corticothalamic connections and/or activating L5 IB neurons in

different ways. As explained above, the lack of very strong oscillatory behavior made

it difficult to get very clear GC results, being the strongest influence coming from

L5e to L2/3e.

In conclusion, we presented an improved version of the V1 microcircuit by

adding intrinsic neuronal properties and connecting to a thalamic network. We

showed that the model can keep a consistent awake spontaneous activity and is also

able to oscillate and transit to different states by varying few parameters. Finally,

we presented in this full-scale data-driven model two alpha oscillation generators

and we showed how they contribute to the emergence of such rhythm.
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6.2 Future perspectives

Improvements and extensions of our model can be done in future studies to

explore different scenarios. The oscillatory activity propagation could be benefited

from long-range connections as in the multi-area model (Schmidt et al., 2018a,b).

Recent studies support the idea of long-range propagation of alpha through the

human cortex (Halgren et al., 2019) and it could be implemented by including other

cortical areas and adapting the model to human data.

At the microcircuit level, the actual model lacks of horizontal spatiality which

can be added in future steps. This feature also improves the propagation of alpha

waves and other oscillatory behaviors.

Such studies could be expanded to analyze other oscillations in a similar way

by exploring potential mechanisms at different scales. Moreover, interactions among

large scale phenomena like feedback and feedforward alpha/gamma oscillations

(Michalareas et al., 2016; Bastos et al., 2014, 2015) could be explored since the

model already presents oscillations at different ranges (e.g. gamma range, above 30

Hz).

Additionally, other mechanisms at neuronal level mentioned in Tables 1.1 and

1.2 involving cortical neurons (Traub et al., 2020) and/or thalamic neurons (Lorincz

et al., 2009; Hughes et al., 2011, 2004) can be included in our network.

In short, the methods and the network model developed in this work provide

tools for future improvements and the development of new projects.
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