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Abstract 
 

The neocortex covers 90% of the human cerebral cortex [41] and is responsible for higher 

cognitive function and socio-cognitive skills in all mammals. It is known to be structured in 

layers and in some species or cortical areas, in columns. A balanced network model was built, 

which incorporated these structural organizations and in particular, the layers, minicolumns 

and hypercolumns. The dynamics of eight different network models were studied, based on 

combinations of structural organizations that they have. The eigenvalue spectra of their 

matrices was calculated showing that layered networks have eigenvalues outside their bulk 

distribution in contrast to networks with columns and no layers. It was demonstrated, through 

simulations, that networks with layers are unstable and have a lower threshold to 

synchronization, thus, making them more susceptible to switch to synchronous and regular 

activity regimes [10]. Moreover, introduction of minicolumns to these networks was observed 

to partially counterbalance synchrony and regularity, in the network and neuron activity, 

respectively. Layered networks, principally the ones without minicolumns, also have higher 

degree correlations and a reduced size of potential pre- and post- connections, which induces 

correlations in the neuronal activity and oscillations. 
  



 
 

Preface 
 

 

   The brain is one of the most intensively studied systems known. According to Nikola Tesla, 

 [49], and 

acco

 [48]. There are numerous attempts to describe the human brain, particularly now that 

interdisciplinary research has delved into each distinct corner of this complex organ to answer 

every question that can be answered.  

   As a subject, it is characterized by mystery and obscurity, and as long as it remains one of 

attention by the scientific and subsequently, the broader community. Theories vary 

considerably in intricacy and they are regularly praised in popular-science articles; the 

following quote realistically and humorously summarizes the present popular-science state: 

an say anything you want about how the brain works and people will believe you. 

Really, our brains are hard-  

   All major scientific fields study the brain from either shared or different perspectives. With 

the present rate of emerging new technologies and scientific tools, scientists are answering 

more and more questions, regarding the biological nervous system, from the scope of 

neuroscience, chemistry, biophysics and fields focused in technology i.e. computer science and 

engineering. The appearance of further hybrid scientific fields to study the brain can only be 

seen as justified, since it has been attributed a primary role in some of the most intriguing 

functions of living animals from the more mechanical ones (movement, vision, hearing, 

balance etc.) to seemingly abstract functions (creativity, ambition, sense of personal identity, 

etc.), thus, there is an obvious need for a multidisciplinary approach. Therefore, countless labs 

hire theoreticians, cognitive scientists and experimentalists, working with both in vivo/vitro 

experiments and theoretical, cognitive and computational models. 

   As a biological system, the brain belongs to the Nervous system, which collects, transfers 

and processes information along with the spinal cord and the peripheral nervous system. It is 

responsible for the coordination of voluntary and involuntary actions of an animal as well as 

the transmission of signals to and from different parts of its body.  

   As a physical system, the brain is seen as dynamic, adaptive, nonlinear and it could possibly 

be on the edge of chaos. These characterizations place the study of the brain in the category of 

Complex Systems, thus it can be modeled by 



deriving equations from scientific fields such as statistical physics, information theory and non-

linear dynamics to represent the organized, yet unpredictable behavior of natural systems. 

   The present thesis work draws questions from theoretical neuroscience and tries to answer 

them with the use of computational tools by creating mathematical models which are expected 

to capture the dynamics of the brain, more specifically in the area of the cortex. The data and 

information used in this thesis originate also from experimental work by other scientists.
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Chapter 1 

 

Introduction
 

   The neuron is the basic working unit of the brain, an electrically excitable cell designed to 

process and transmit information, through electrochemical signals (or action potentials, see 

chapter 1.1), to other nerve cells, muscle or gland cells. Latest estimates from a recent study 

[1], approximate the total number of neurons in the human brain to be 86 billion. This number 

might be quite smaller than the number of stars in our galaxy, but still interestingly, it means 

that there are 86 billion units transmitting signals that produce intelligence, cognition and other 

mental capabilities.  

   However, great numbers of neurons alone do not lead to the emergence of intelligence or 

higher cognitive and social skills, since similarly impressive numbers can be found among 

many mammalian species. What distinguishes some mammals (e.g. humans) among others, in 

terms of these skills, is mostly owed to the significant development of a structure with complex 

connectivity patterns that allows the genesis of analogous thoughts or emotions. This structure 

is called the neocortex. The human neocortex contains 21 to 26 billion neurons [2], it has a 

thickness of 1.5 to 4 mm and is composed of 6 layers. Each layer contains a characteristic 

distribution of neuronal cell types and connections with other cortical and subcortical regions. 

Moreover, it has been hypothesized that the human cortex is comprised of small columnar 

structures, and they have been named as minicolumns [3]. These columns have also been 

observed in other mammalian species (Chapter 2.3). 

   This high complexity and the increased size of the human neocortex is apparently related to 

advanced intelligence and cognition. Still, other species have shown signs of comparable 

intelligence and cognition - species of birds, for instance [4]. Interestingly, a homolog of 

mammalian neocortex has been found in bird species [5], where similar coding principles have 

been observed, which could explain the avian cognition and complex behavior [4].  

   There is a noticeable variation in the brain structure among species. So, which are the specific 

structural characteristics that create complex behavior to start with? Is one architectural trait of 

the brain capable of creating a large effect on 
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brain function, and to what extent? Why do some species have a layered (or columnar) cortex 

se questions are some of those that we try to answer through this work, 

or at least get a better intuition regarding their interpretation. To achieve that, a theoretical, 

computational model of approximately 3000 neurons is created and structured into layers, 

minicolumns and hypercolumns. Emphasis is given on the effects of each style of network 

model structure and its apparent resulting function.  

   A better understanding of our brain and the importance of brain research cannot be 

overstated. There are more than a thousand disorders of the brain and nervous system. 

Understanding its structure with its underlying function, could lead to the invention of 

improved medicinal treatments. This, along with technological advancements, might reduce 

costs worldwide, thus having a significant impact on society. Moreover, the mere 

understanding of the organ that is mostly relevant to ideas such as consciousness  and 

intelligence , can improve our education and our perception of how humans behave and why 

are they different or similar to other species. 
 

 

 

Figure 1. Anatomical and structural features of the cortex [7] 
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Chapter 2 
 

Background 
 

   In this chapter, some basic neuronal properties will be explained as an introduction to the 

work. This information gives the necessary neuroscience background as well as general 

background information in the field of computational neuroscience, where this work belongs.  
 

2.1 Neural signal transmission 
 
   Neurons are electrically excitable cells and have several properties regarding their function 

as processing and transmission units. Upon receiving input information from pre-synaptic cells, 

a neuron will integrate its inputs until a specific threshold in its membrane potential is crossed, 

and then it will fire an action potential. This action potential will be transmitted as a signal 

through its connected post-synaptic neurons and so forth. The timing of incoming inputs is also 

important, since a high frequency of action potentials in pre-synaptic cells, will elicit 

postsynaptic potentials that overlap and summate with each other, making it easier for the 

membrane potential to reach the threshold.  

   In the following subsections (2.1.1, 2.1.2), a more in-depth description is given on the event 

of the action potential and the characterizations of synapses. 

 

2.2 Action Potential 
  

   -lasting event in which the membrane potential of a 

cell rapidly rises and falls, following a consistent, stereotyped trajectory. Typically, a neuron 

in electrical potential between the interior and the exterior of the cell, reaches a threshold value 

of approximately -55mV [6]. This event is generated by different types of voltage-gated ion 

channels which are embedded in a cell's membrane. Various ions (cations and anions), reside 

both inside and outside of each cell. For neurons, the most prevalent ions are sodium ( ) 

and potassium ( ) cations, with the former residing mostly extracellularly and the latter 

intracellularly. These ions (along with other ions and charged proteins, which are not 

mentioned for the sake of simplicity) are responsible for keeping the membrane voltage 

constant at its resting potential, which is typically around -70mV.  

   An action potential will occur when the channels open after detecting the depolarization 

stimulus in the transmembrane voltage, and allow an inward flow of sodium ions into the cell. 

This will cause a more positively charged electrochemical gradient, which produces further 

rise in the membrane potential, opening more channels, and so on.  

   After a critical threshold, the dominant sodium current will trigger this rapid, stereotyped 

trajectory of the membrane potential as you can see in the figure below. During the 
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repolarization phase, the number of open sodium channels is dramatically reduced and the 

activation of voltage-gated potassium channels is at maximum. At this point in time, the action 

potential repolarizes beyond the resting membrane voltage (resting state). The refractory period 

occurs because most voltage-gated potassium channels are still open, such that the total 

potassium conductance of the neuron is greater than when the membrane is at its resting steady 

state. Also, during this period the neuron is insensitive to any input and is not able to fire any 

other action potentials. Before the membrane potential reaches its resting state, the potassium 

channels that were opened during the action potential start to close and the membrane potential 

is determined by the other channels which are normally open at the resting potential. 

 
 

Figure 2. Shape of the Action Potential [42] 
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2.3 Synapse 
 

   Synapses are the links that connect neurons and enable cell-to-cell communication via the 

secretion of neurotransmitters; these chemicals are released by the presynaptic neurons and 

bind to specific receptor molecules at the postsynaptic neuron, thus, activating them. This 

procedure produces a secondary current flow in the postsynaptic neuron. Apart from chemical 

synapses, there are electrical synapses, which connect two cells with specialized membrane 

channels, called gap junctions. At gap junctions, cells approach within a much shorter distance 

than at chemical synapses, nerve impulses are conducted faster, but unlike chemical synapses, 

- the transmitted signal in the postsynaptic neuron is smaller or equal to the 

original [7]. Chemical synapses are the default ones that are modelled in the present work, and 

in most cortical network simulations. 

   Another important distinction regarding synapses, is between excitatory and inhibitory ones. 

As explained above (2.1.1), the action potential will occur after the post-synaptic membrane of 

a post-synaptic cell will depolarize. This event is called an EPSP (or excitatory postsynaptic 

potential) and is produced at an excitatory synapse. The event produced at an inhibitory synapse 

is called IPSP (or inhibitory postsynaptic potential). In the case of an IPSP, the pre-synaptic 

cell will hyperpolarize the membrane of the post-synaptic cell and make it less probably to fire 

an action potential. 
 

 

Figure 3. Electrical and Chemical Synapse [7] 
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2.4 Neural Networks 
 

   The feature that sets the brain apart from any known physical system is the fact that each 

neuron is connected to up to 10,000 neurons. Despite this high connectivity, overall 

connectivity in the brain is sparse, due to the high density of neurons. The ral 

 originates from the networks of neurons that operate in our brain, and the study of 

Neural Networks aims to discover the underlying mechanisms of brain function by modeling 

networks that produce similar behavior to the ones observed from experimental studies. In the 

present work the networks are modeled on the Neocortex. The use of network models concerns 

the mesoscopic or macroscopic study of the brain (see Figure 4). 

   The apparent heterogeneous nature of cortical networks make them hard to study analytically, 

but various simplified methods have been proposed, one of them being the random network 

models.  
 

 

                   Figure 4. Levels in neuroscience model description [33] 

 

   These models, and specifically the balanced random network model (BRNM) [8-15], are not 

only able to capture the dynamics of randomly interconnected excitatory and inhibitory spiking 

neurons, but also identify different types of states, in terms of global network activity 

(synchronous or asynchronous) and single neuron activity (regular or irregular) [10]. 

According to a recent study, in which the BRNM was used and extended to a multi-layered 



7 
 

model [16], activity in the brain seems to arise predominantly from network structure and not 

from single cell properties.  

   According to N. Brunel [10], balanced random networks have four distinct main regimes in 

terms of their activity. They are distinguished by two characterizations on their global activity, 

in terms of synchrony, and another two on their individual neuron activity, in terms of firing 

rate and inter-spike intervals. The first two characterizations 

or not. The main activity regimes can be observed in Figure 5. 
 

 

Figure 5. Activity Regimes according to N. Brunel [10]. Upper left: Synchronous Regular. Upper 

Right: Synchronous Irregular. Bottom Left: Asynchronous Regular. Bottom Right: Asynchronous 

Irregular. (adapted from [10]) 

 

   Computational models of neural networks are used in the investigation of many distinct 

cognitive functions, like learning and memory. Attractor networks, for instance, utilize 

processing in the higher order sensory and association cortex [47]. These networks, specifically 

the multi-layer versions [17, 26], model the connectivity in layers 2/31 and 5 of higher order 

cortical areas and their primary characteristic is that their time dynamics settle to a stable 

pattern. This kind of activity dynamics is thought to be important for neural processing, since 

                                                             

1 Layers 2 and 3 of the neocortex are usually modeled together in one layer 2/3, because of the similarity in 
their processing function. The same is true for layers 5 and 6. 
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it may underlie short-term memory [18], meaning neural plasticity because of changes in the 

 

 

2.5 Cortical Column 
 

   A cortical column is a cluster of nearby neuronal cells, positioned perpendicular to the cortex 

surface and extending through all the cellular layers. For a common receptive field location, 

cells were segregated into domains representing different sensory modalities [20] and it was 

onsidered the smallest level of vertical 

organization in the cortex and is comprised of 80-100 neuron

[22] is a larger unit that consists of several minicolumns, estimated to the number of 60 and 80 

[23, 24].  

   What these columns are hypothesized to encode for, are features of the outside world. For 

instance, in case of orientation columns in the visual cortex, these features are orientations (of 

lines presented as stimuli). In striate cortex, cells that have the same eye preference are 

stimulus is presented to the specific eye that the column has been assigned to. Many columns 

can be assigned to the same feature and upon receiving input they prevail in activity to other 

Figure 6 -take-

believed to exist in other areas of the cortex and also in other mammals, apart from humans, 

including mice, rats, cats, rabbits and monkeys [3]. 

   However, there has been criticism regarding the function or the importance of these 

structures. A generic point against the column hypothesis, is the fact that they have been 

vaguely defined and used by Mountcastle and other investigators since their discovery. Their 

precise functions has yet to be described and a clear definition has not been given. Ocular 

Figure 6. Orientation selectivity with columns [43] 
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dominance columns, for example, are not present in all species, and their expression can vary 

are no columns. The closest approximation to columns is the somatosensory cortex, where 

there is a mapping of the somatotopic representations of the whiskers (layer 4). These 

(layer 4 whisker representations) should be considered columns seems a matter of taste and 

 

 

2.6 Relationship between structure and function 
 

   A general reasoning behind a macroscopic study of the brain with the use of networks, is the 

endeavor to find a computational unit responsible for cortical function. This unit has been 

fundamental circuit responsible for cortical function. Little evidence is there for a canonical 

circuit underlying neural function, but a number of studies support the idea, while researching 

diverse brain areas [19, 50, 51]. There are numerous limitations on the knowledge of the details 

rewarding.  

   A recent review [19] concludes that the structure and function of cortex follows two 

- -in-

former refers to the fact that there is a small number of thalamic synapses to the cortex 

compared to excitatory synapses from intra-cortical sources, yet they are enough for activation 

-

they are always ready to process information. Moreover, the authors state that, there is no need 

for a global clock to provide synchronous processing steps, since all that is required is that just 

enough signals meet at a given location just-in-time to perform an operation at that location, 

otherwise activity along that branch will die out. 
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Chapter 3 
 

Problem statement 
 

   There is a large number of computational models for the cortex or the brain in general. The 

way in which these models are built, is dependent on the experimental data that is available for 

the specific area that the model addresses. However, all of these models share the characteristic 

that they are composed of neurons. The specific spatial position and state of each interacting 

real neuron in the brain is impossible, for now, to estimate. It is logical, therefore, to research 

the dynamics of generic and homogeneous networks. In the case of a homogeneous network, 

all neurons are exchangeable and there is a chance that, based on what is known on the 

parameters of a sample neuron in the population, we would be able to make a prediction on the 

activity of a population as a whole. A few questions that arise are: 

 What is the population activity given different network connectivities? 

 What are the thresholds for different network architectures to switch dynamical states? 

 Can we find a prediction for this activity? 

   To answer the first two questions, we have to perform separate simulations, not only for the 

8 cases of different network architectures, but moreover for any parameters that may 

significantly affect the activity. These parameters are the weights for the excitatory and 

inhibitory neurons and the rate of the Poisson generator2.  

   As far as the third question is concerned, it is possible to look into dynamical systems theory 

and investigate our model as a dynamical system, attempting to characterize or evaluate it in 

terms of its stability and its activity dynamics.  

   In this chapter, the parameters, tools and methods used for the present thesis are described.

                                                             

2 In the Nest-simulator, there are ways to connect neurons to each other with either excitatory or inhibitory 

strengths, by defining positive or negative values to the assigned weights. In a similar manner, one can connect 
erator, which generates trains of spikes drawn from a Poisson 

distribution and is used to represent neuronal input to the network. 
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3.1 Connections, weights and input parameters 
 

   The network model of this thesis is a theoretical model of a piece of cortex, divided both 

vertically - in columns - and horizontally - in layers. The vertical (columnar) segregation 

consists of two levels: the minicolumns and the hypercolumns, with each hypercolumn 

consisting of minicolumns. Here, we consider three layers of the cortex in an attempt to 

simplify the computational aspects of this work. Thus, we have Layers 2&3 as the first layer, 

Layer 4 as the second and Layers 5&6 as the third one3. Moreover, three hypercolumns are 

chosen to represent the vertical organization and they are comprised of four minicolumns each. 

It is logical to acknowledge that not all levels of connectivity patterns are known. It has been 

assumed that 70% of the connections originate from outside the hypercolumn and 30% from 

inside, thus giving emphasis on the importance of horizontal connections [44, 45]. The 

networks have been balanced in their static nature (as synaptic matrices), in a way that the total 

sum of excitatory weights equals to the total sum of inhibitory weights4. 

   This results in three levels of structural organization:  

a. Layers 

b. Minicolumns 

c. Hypercolumns 

 

   What we want to discover is, which 

f we were to remove 

combinatorially each level (two remaining levels), or each pair of levels (one remaining level)? 

Distinct architectures are created, where we preserve only one structural level (e.g. a model 

segregated only in layers), or two (e.g. a model segregated in layers and minicolumns). Finally, 

there is the case of a random network, where there is no structural organization, and along with 

the archetype model (all structural levels) count for eight unique network architectures. They 

are going to be named with the initials of the structural levels they hold, namely LH, is a model 

segregated in Layers and Hypercolumns, and R for the Random network. All the specific names 

and their corresponding organizations can be seen in Table 1. 

   In the models that contain hypercolumnar or minicolumnar structure, a number of three 

hypercolumns has been established and four minicolumns in each one of them. For the cases 

that there are only minicolumns present, then twelve minicolumns are considered to emphasize 

on the higher quantities of minicolumns that are expected to exist in the brain. The columnar 

part of the models have not been created in the conventional manner that is usually studied [17, 

25, 26], since the data used does not fit those architectures and emphasis was also given to the 

                                                             

3  The choice for these specific layers was made because connectivity data for these layers is available and as 
mentioned above, due to similarities in the function of some layers, they are ordinarily chosen to be modeled 
in this way. 
4 For the balancing operation, the mean difference between the sums of excitatory and inhibitory weights was 

calculated and subtracted from each inhibitory neuron. This makes the inhibitory weight distribution move 

towards more negative values and the total sum of the synaptic matrix becomes zero. 
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horizontal connections of each layers, thus, it was not suitable to consider columns as 

individual vertical structures. 

   These networks are homogeneous, meaning that they are comprised of a single neuronal 

model, which is not an ideal representation of the cortex. However, homogeneous networks 

allow for lessened computational costs. Moreover, since every neuron is the same, they can be 

considered interchangeable in terms of their position, connections, or function to any other 

neighboring neuron. Therefore, if one is able to capture the dynamics of a group of neurons, 

there is a high probability to capture the true dynamics of a whole network. 

 
Code Names Structural Levels 

LMH Layers, Minicolumns, Hypercolumns 

LM Layers, Minicolumns 

LH Layers, Hypercolumns 

L Layers 

R Random network 

H Hypercolumns 

M Minicolumns 

MH Minicolumns, Hypercolumns 
Table 1. The 8 different models. The code names and their structural levels 

 

 

3.2 Software, Tools and Methods  
 

   Mathematical modeling and numerical simulations help us improve our understanding of 

experimental findings, since we can extract more information per experiment with good models 

of a biological system. There is no global definition for ethos, as it can vary among groups and 

societies, but there are common grounds, usually regarding the sacrifice of living animals, or 

their natural independence, in biological experiments. However, it is becoming more and more  

clear that computer-based simulations of biological processes, are an assistive tool that could 

probably even replace a number of in vivo experiments on living animals in the future. Namely, 

repeatability of similar experiments with known parameters, will no longer need to involve 

living animals, and by sharing of experimental data, less ethical conflicts will be produced. In 

the present work, for example, experimental data was used, without the need to conduct further 

experiments. 

   The connection data that was used for this model, were drawn from [30]. An interesting 

analysis of Lamina-specific cortical models using these data is made at [31] (also look at Figure 

7).  
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Figure 7. Cortical microcircuit template according to Thomson et al. (2002)  

[30, 31] 

    The number of neurons used for all the simulations at first was 780, but this number 

increased to the final of 2880 neurons to limit the appearance of finite size effects. Our neuronal 

population consists of excitatory and inhibitory neurons with a ratio of 4:1 

activity. One notion that can be used here is that, instead of analyzing the spike trains of 

individual neurons, one can count the number of spikes in a small time step  across all the 

population. Thus, dividing by  (time step) and  (number of neurons), one can arrive at the 

population activity .  

   Furthermore, in order to understand the data retrieved from the simulations, the Fano factor 

and the coefficient of variation of inter-spike intervals are taken into account and evaluated for 

each case individually. The Fano factor, is a measure that characterizes variability of the spike 

counts across trials. Namely, an experimentalist performs numerous trials and observes the 

spikes produced by a single neuron in a time interval . Let  

spike counts in k-th trial of duration T, and  be the mean spikes among trials. Also, the 

deviations from the mean are denoted by  =  -  [33]. Now the Fano factor can 

be defined as the variance of the spike count divided by its mean: 
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   The coefficient of variation (CV), like the Fano factor, is a measure of dispersion. An 

interesting measurement, is the dispersion of inter-spike intervals (ISI), which denote the time 

distance between two subsequent spikes. The CV of the ISI distribution quantifies the 

regularity of spike trains. It is given by: 

     

where ,  denote the mean and the standard deviation of the ISI distribution respectively [33]. 

  The NEST-simulator (PyNEST) [32] was used to model the network parameters, its 

connections and simulate its behavior. The neuron model chosen for our simulations is called 

iaf_cond_alpha chapters 3.2.1, 3.2.2 and 3.2.3). Specific parameter values can be found 

in the Appendix at the end of this document (see Appendix B).  

   Scientific packages of Python programming language (numpy, matplotlib, scipy, pandas) 

were also used to help with the retrieval, analysis and plotting of data. These data are 

predominantly spike event times (spike trains) matched with neuron IDs, saved automatically 

after each simulation, in .gdf file format by NEST.  
 

3.2.1 Integrate-and-fire 
 

   The integrate-and-fire (IAF) neuron model is one of the most widely used neuron models for 

modeling the behavior of neural activity. The description of a neuron is done based on its 

membrane potential, in terms of the inputs it receives from either synapses or injected current 

embrane 

potential reaches the threshold value ( ). Immediately after, the potential is reset to a  

value below the threshold. This represents the refractory period of the action potential, during 

which the neuron is insensitive to any input and does not fire any other action potentials. Thus, 

. For an animated illustration of the model follow this link. The IAF model 

describes a class of neurons and does not include any specific implementation with 

corresponding equations. One of the first models of a neuron was proposed by Louis Lapicque 

in 1907, where a neuron is represented in time by: 

  

which is the time derivative of the law of capacitance ( ). Here  is the input current, 

 is the membrane capacitance and  the membrane voltage. 
 

3.2.2 Synapse Model 
 

   Alpha-shaped synapses are used in the simulations of this work. In particular, the alpha 

function is used to model the conductance change in the post-synaptic neuron that results from 

the binding of neurotransmitters (to specialized receptors) released from the pre-synaptic 

neuron. The shape of the alpha function can be seen in Figure 8 below. 
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Figure 8. Shape of the alpha function that is used to model conductance change through synapses 

 

3.2.3 Conductance-Based Integrate-And-Fire Model 
 

   The specific model that is used in this thesis is an implementation of a neuron using IAF 

dynamics with conductance-based synapses. The conductance based IAF model uses a 

deliberately complex equation to model the impact of an incoming spike. In this model, the 

effect of an incoming spike is dependent on the membrane potential of the neuron, whereas in 

the current based IAF model, each spike has the same effect on the membrane potential 

irrespective of the previous membrane potential. This model, includes a passive leak (this is 

why it is also called Leaky IAF) with reversal potential  and time constant . The 

excitatory/inhibitory synaptic conductances are perceived as Poissonian trains of delta pulses 

(  and ): 

  

   The present model also comprises reversal potential for excitatory/inhibitory synapses 

( / ). The /  variables are used to define the scale of post-synaptic potential amplitudes. 

The model attempts to give a more realistic view of a biological neuron by including the main 

features of dynamic conductance, time constant changes, and voltage-dependent post-synaptic 

potential amplitudes [35]. Moreover, the conductance based IAF model is able to model so 

called high- and low-conductance states, and since these states have an impact on the neural 

processing (e.g. on the temporal resolution, the synaptic efficacies, the responsiveness and gain 

modulation) and have been seen in in-vivo experiments, this model can be regarded as more 

biologically plausible [36].
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Chapter 4 
 

Results 
 

4.1 Eigenvalues and Eigenvalue Spectra 
 

   In neural networks, the interconnections of each neuron are represented by a synaptic matrix. 

The eigenvalue distribution of this matrix has been proven useful to study the dynamics of 

these networks, since they are affected by the eigenvalue spectra [37]. Stability of linear 

dynamical systems can be determined by eigenvalues and the stability of nonlinear dynamical 

systems can be locally evaluated using their spectra [37].  

   Moreover, hierarchical modularity can be fingerprinted using the spectrum of its largest 

eigenvalues and gaps between clusters of closely spaced eigenvalues that are well separated 

from the bulk distribution [38].  

   Some generic points can be drawn from the following two figures, regarding the expected 

behavior of a dynamical system according to its eigenvalues. 

 

                       Figure 9. Example of the eigenvalue spectra of a sparse random matrix 
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Eigenvalue Effect on system when disturbed 

Positive real number Driven away from steady-state value 

Negative real number Driven back to steady-state value 

0 Remains at position to which it was 
disturbed 

Identical to another eigenvalue Effects cannot be determined 

Complex, positive real number Oscillates around steady-state value with 
increasing amplitude 

Complex, negative real number Oscillates around steady-state value with 
decreasing amplitude 

Imaginary Oscillates around steady-state value with 
constant amplitude. 

Table 2. Eigenvalues with their corresponding effect on the system when disturbed 

 

   In order to gain some insight of whether we are able to draw some conclusions about the 

network dynamics using its eigenvalue spectra, we generated the synaptic matrices of each one 

of the 8 different cases of structural organization and next, a 2d-histogram of their eigenvalue 

spectra was plotted as seen in Figure 10.
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Figure 10. 2D-histograms of eigenvalue spectra for each of the eight models. Left column: Models without layers. 

Right Column: Models with Layers 
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   Interestingly, only the models that had a laminar segregation contained eigenvalues outside 

of their bulk distribution. This could be an indication of hierarchical modularity detection [38] 

or a hint that the laminar level of organization has, indeed, the largest effect on the network 

dynamics, which can also described as our working hypothesis. However, it is evident that 

static graph representations can expose significantly different effects than the ones that can be 

observed during simulation. Therefore it is essential to perform simulations in which various 

parameters will be tested to observe several network behaviors and obtain a more spherical 

view of the dynamics. 
 

4.2 Network dynamics 
 

   In pursuance of proving valid our working hypothesis, simulations for the eight models were 

performed, while changing signif

parameters are the excitatory, inhibitory weights and the rate of the Poisson generator that is 

11, simulated raster plots of the eight 

models can be seen. All models were simulated under same sample parameters. 
 

  

  



20 
 

  

  
Figure 11. Raster plot examples of the eight models. Left column: Models without layers. Right 

Column: Models with Layers. Here, all the plots show simulations performed with the same 

parameters for each model (exc. weights = 1.3, inh. weights = -22, Poisson rates = 4400). X-axis shows 

the Neuron IDs and Y-axis shows time in ms. Raster plots start from a value later than 0, to avoid 

including the unnatural behavior of simulated networks during initialization. 

 

 

   An interesting measure to evaluate 

is the Fano factor - that was explained earlier. Thus, colormap plots of Fano factors were 

generated, with data drawn from simulations of these eight different models under specified 

conditions (that can be seen on the plots, Figure 12). 
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Figure 12. Fano factors of simulated experiments of the 8 different models studied. Each row shows 

the results for the model indicated to the left. Each column shows the simulations with the indicated 

weights, respectively. The color scale has been limited to the range [0,3], to show the qualitative 

difference among all subplots 
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Moreover, in order to gain an insight about the local activity regime, the mean firing rates 

among neurons were calculated and plotted in a similar way to the Fano factor evaluation (see 

Figure 13). 

 

 

Figure 13. Mean neuronal frequency of simulated experiments of the 8 different models studied. Each 

row shows the results for the model indicated to the left. Each column shows the simulations with the 

Inhibitory weights, respectively. The color scale has been limited to the range [0,6] to show the 

qualitative difference among all subplots 

 

 

   Evidently, the layered network models have a lower threshold to synchronization. Namely, 

it is easier for those networks to switch to highly oscillatory states compared to models that 

either have no structure at all, or they are only structured with columnar modules. Additionally, 

minicolumns have a role of counteracting unstable dynamics, since networks with layers and 

minicolumns are obviously more stable and less prone to synchrony and irregularity. 
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4.3 Degree Correlations 
  

   What would be the reason for the observed highly synchronized network behaviors? One 

possible cause is correlations among neurons, due to the sharing of their synaptic inputs. It is 

believed that the connectivity patterns imposed by the layers, could divide neurons into small 

activity and subsequently  

   

counting for each neuron how many shared connections it has with each other neuron. The 

percentage of pairs of neurons and the number of shared connections were plotted in a 

histogram, for each one of the eight models, as seen in Figure 14. 
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Figure 14. Degree correlations for the eight models. The percentage % of pairs along with the number 

of shared connections are shown 

 

Indeed, it is clear that layered networks seem to have more pairs of neurons that share large 

numbers of connections. This idea about the effect of degree correlations on synchronizability 

has been studied before for biological and other types of networks [46].  
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Chapter 5 
 

Conclusion and Discussion 
 

   The present thesis examined the dynamics of cortical network that have been structured as 

balanced random networks and studied in various cases of architectural modularities (layers 

and columns). The eight different cases that were evaluated, were created by combining 

different levels of structural organization i.e. layers, minicolumns and hypercolumns. 

   Firstly, an initial estimation was made based on the calculation of the eigenvalue spectra for 

eigenvalues outside the bulk distribution, which could be a sign of unstable dynamical nature. 

   An interesting finding was that after performing several simulations (while changing 

connection, weight and input parameters), the layered networks seemed to have a lower 

threshold when it comes to switching dynamical activity regimes [10], namely they transitioned 

from asynchronous to synchronous states in the global network level, and from irregular to 

regular states in the local neuron level far more swiftly than models that were not segregated 

in layers. Moreover, minicolumns were shown to have a balancing effect on the dynamics, 

since networks with both layers and minicolumns were more stable both in terms of synchrony 

and regularity. 

   In a previous study [52], the main reason for synchronization was attributed to high 

recurrence in the layer 2/3. What was hypothesized in this work, was that the reason for this 

observed unstable dynamics were the degree correlations among neurons. It was shown that 

there was an increased percentage of pairs of neurons that share several connections in the 

layered networks. This could have the effect of having a lot of neurons sharing their inputs, 

which is a cause for correlated activity. Correlations among neurons induced this way and 

probably in combination to high recurrent activity in layer 2/3, explain this instability that is 

observed for the particular networks and not for the other cases.  

   The effect of degree correlations could decrease in larger sized networks, which are closer to 

realistic cortical networks. What we observed here might be produced partly due to finite size 

effects, which would be a good further extension of this study. Therefore, future related work 

could emphasize on studying the dynamics of similar networks by increasing their size. 

   Furthermore, one can also induce more realistic input patterns to the networks. It is known 

that layer IV takes most of the input, as it is seen in Figure 7. Thus, it is interesting to study the 

stimulus responses by observing the activity regimes that our networks lie in when disturbed 

specifically in layer IV.  

   There are computational advantages of layered cortical networks according to a paper 

studying the performance of non-layered and layered models on various tasks [31]. Along with 

the results of this thesis, that could mean that a layered architecture has a large effect on brain 

dynamics and perhaps plays a significant role for the existence of more complex and superior 

function in the mammalian cortex. This type of information processing that is created by layers, 

could be related to higher cognitive skills, which is also supported by the fact that similar 
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information processing flow is taking place in the cortex of intelligent avian species [4], even 

though they do not have layers. 

   Concluding, modularity seems to play a significant role in the dynamics. The 

compartmentalization effects created by layers (and clusters in the avian brain) are affecting 

the dynamics of cortical networks and they are a subject that needs further analysis and study. 
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Appendix A 
 

Synaptic Matrices 
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Table 2. The synaptic matrices for all the models tested in this work 

 

 

Appendix B 
 

Parameters used in the neuron model 
 

 

Symbol Meaning Value 

 Membrane potential 

threshold 

-55.0 mV 

 Membrane time constant 10 ms 

 Reversal Potential -70.0 mV 

 Conductance (  16.6  S 

 Refractory period 2.0 ms 

 Membrane Capacitance 250.0 F 

Table 3. Neuron parameters used in this work 




