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Résumé 
Caractérisation Biophysique des réseaux de neurones humains avec des 

simulations d’EEGs dans la bande γ en utilisant LFPy 

Par 
Mémoire présenté à la Faculté de médecine et des sciences de la santé en vue de l’obtention 

du grade de maitre ès sciences (M. Sc.)/ Sciences des radiations et imagerie biomédicale Faculté 
de médecine et des sciences de la santé, Université de Sherbrooke, Sherbrooke, Québec, 

Canada, J1H 5N4 
 

Le déséquilibre entre les neurones excitateurs et inhibiteurs est la cause connue de multiples 
troubles neurologiques et psychiatriques. Lorsque de tels maladies surviennent, les 
professionnels de la santé se retrouvent avec des outils d'imagerie médicale qui ne fournissent 
qu'une représentation macrostructurale ou fonctionnelle du cerveau sans fournir 
d'informations détaillées sur la cohabitation entre les neurones excitateurs et inhibiteurs. En 
utilisant l'imagerie fonctionnelle, c'est-à-dire l'électroencéphalographie (EEG), les recherches 
présentées dans ce mémoire commencent par l'introduction de LFPy, une librairie du langage 
de programmation python, utilisée pour la simulation informatique de réseaux de neurones 
réalistes et la mesure d’électroencéphalogrammes sur ceux-ci. Deuxièmement, cette étude 
présente la méthode Bhattacharya comme un outil puissant pour comparer des EEG réels 
enregistrés sur des patients humains en bonne santé en laboratoire avec des EEG simulés en 
utilisant LFPy. Enfin, cette étude procède à la rétro-ingénierie d'EEG enregistrée au laboratoire 
sous forme de combinaison de plusieurs paramètres en l’occurrence un rapport (R) du nombre 
de neurones excitateurs sur les neurones inhibiteurs (E / I) et quatre probabilités de 
connexions, c'est-à-dire la probabilité de connexion entre neurones excitateurs (E-E), entre 
neurones inhibiteurs (I-I), entre neurones excitateurs et inhibiteurs (E-I), et enfin entre 
neurones inhibiteurs et neurones excitateurs (I-E). Comme résultat, cette étude présente la 
possibilité de combiner les probabilités de connexion entre les différents types de neurones 
dans une simulation computationnelle afin de pouvoir des réseaux de neurones présents dans 
le cerveau de personnes bien portantes. Ainsi les travaux sont achevés par un modèle de 
régression linéaire qui pourrait être utilise pour déterminer la valeur d’une crête de fréquence 
en fonction des différentes probabilités de connexion.  
 
Mots clés: Déséquilibre neuronal, neurones excitateurs, neurones inhibiteurs, ratio E/I, 
méthode Bhattacharya, LFPy, probabilités de connexion (E-I, I-E, I-I, E-E) 
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Summary 
Biophysical Characterization of Human Neural Networks through γ-

band EEGs Simulations using LFPy 
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The imbalance between excitatory and inhibitory neurons is the known cause for multiple 
neurological and psychiatric disorders. When such disorders occur, medical professionals are 
left with medical imaging tools that provide only a macrostructural or functional representation 
of the brain without providing detailed information about the cohabitation between excitatory 
and inhibitory neurons. Using functional imaging, i.e., electroencephalography (EEG), the 
research presented in this thesis starts by introducing LFPy, a python language package used for 
computer-based simulation of realistic neural networks and measuring EEG on them. Second, it 
presents the Bhattacharya method as a powerful tool for comparing real EEG recorded on 
healthy human patients in the lab against LFPy-simulated EEGs. Finally, this study proceeds to 
reverse-engineer the recorded EEG from the lab into a combination that corresponds to a ratio 
(R) of the number of excitatory neurons over inhibitory neurons (E/I) and four probabilities of 
connections, i.e., probability of connection between excitatory neurons (E-E), between 
inhibitory neurons (I-I), between excitatory and inhibitory neurons (E-I), and between inhibitory 
neurons and excitatory neurons (I-E). As a result, this study presents the possibility of 
combining the connection probabilities between the different types of neurons in a 
computational simulation to analyze the neural networks present in the brains of healthy 
people. The work is completed with a linear regression model that could be used to determine 
the value of a peak frequency, based on different connection probabilities. 
 
Keywords: Neural imbalance, excitatory neurons, inhibitory neurons, ratio E/I, Bhattacharya 
method, LFPy, connection probabilities (E-I, I-E, I-I, E-E) 
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Introduction  
 
 
The imbalance between excitatory and inhibitory neurons is of capital importance in modern 
neuroscience because it is attributed to neurological pathologies such as epilepsy [1], autism 
spectrum disorder (ASD) [2] and psychiatric pathologies such as depression, schizophrenia, 
bipolar disorder [3], etc. Sadly, the diagnosis of such disorders is often followed by a lengthy 
period of uncertainty when it comes to finding the most efficient drugs to alleviate patients’ 
symptoms. This is the reason why it is imperative to produce an efficient way to establish a 
mathematical correlation between excitatory and inhibitory neurons in human brains in a 
timely manner without being invasive. To succeed in this mission, electroencephalography 
(EEG) was chosen as the ultimate tool to record the electrical activity in the brain of healthy 
patients. EEG has been used since 1929, when it was invented by the German neurobiologist 
Hans Berger to record electrical activity of the brain. Although it is the most effective non-
invasive tool to acquire electrical signals resulting from brain activity, EEG fails to provide 
details such as the number of neurons, the types of connections that exist amongst excitatory 
and inhibitory neurons, and the rate of connection of such neurons in a given brain.  
 
In this thesis, we will first establish a background literature for the mechanism by which 
neurons communicate and explain why EEG is the ideal tool for the problem we are trying to 
solve. Here, we will also elaborate more on the previous research done using EEG on both 
animal and human models, which constitutes the foundation for our research. Second, we will 
discuss the material and methods used in the research. It is in this section that we will explain 
how neurons can be morphologically discretized into physical objects on which large-scale 
simulations can be run using powerful computer programs. Third, we will present our findings 
in the Results section and introduce an EEG comparison tool that compares real EEG recorded 
on humans to simulations and returns matching biophysical parameters for the neural network 
of the human. We conclude this paper by discussing our results and providing alternative 
strategies that could be used to build the same tool described here. 
 
 
Problem description 
 
Despite offering a high temporal resolution about the brain’s electrical activity, EEG does not 
provide any information about the neuro-physical configurations that produce the electrical 
patterns being recorded. Hence, this makes the diagnosis of many neurological and psychiatric 
pathologies a lengthy and complex process. This thesis will focus on running computer-based 
neural simulations and recording EEG on various biophysical neural networks before comparing 
such networks to real healthy human EEG. Following these comparisons, we examine the 
parameters that most accurately describe the biophysical configurations of real human brains 
that generate such EEGs. This study is of interest to gain more information about how to  
estimate the physical neuronal composition of human brains in order to provide faster and 
more targeted care when anomalies in the brain’s neural networks are diagnosed. 
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Research questions 
 
The following research questions are investigated in this paper: 
 

1- How do we simulate a real EEG recording using LFPy? 
2- How do we reverse-engineer a recorded human EEG in the gamma band to accurately 

match a computer-simulated EEG and then return the biophysical configuration of the 
real human network? 
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1 – Background literature 
 
1-1 The human brain and its building blocks 
 
The human brain is primarily composed of two (2) types of cells: neurons and glial cells. While 
glial cells regulate homeostasis by providing a support and protection system inside the brain, 
neurons play a communicative role by exchanging electrical signals with each other. Each 
neuron can produce an electric output depending on the input that it receives from a source 
that can either be another neuron or a muscle. Morphologically constituted by a cell body or 
soma connected to an axon coated in chunks of myelin sheaths followed by an axon terminal, 
neurons are estimated to number about 86 billion in the human brain [5]. It is precisely the 
electrical sum generated by the synchronous activity of various combinations of these neurons 
that is recorded on the scalp by using electroencephalography  (EEG). Figure 1.1 depicts the 
morphology of a typical neuron. 
 

 
Fig. 1.1 Morphology of a typical neuron 
 
 
With such a high population of neurons, it is crucial to establish some preambles that will set 
the basis for the biophysical interpretation that is made of the brain structure in the scientific 
community. Therefore, let us introduce the notion of neuron signaling, which is the mechanism 
by which neurons communicate. 
 
 

Soma or cell body

Dendrite

Axon

Axon terminal

Myelin sheath
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1-2 Neurons and signaling 
 
Before we explain how neurons exchange signals with each other, the following paragraph 
describes some premises that will set the tone for understanding this complex process.  
 
Neural networks are composed of millions of neurons connected to each other throughout 
different regions in the brain; thus, different inputs, e.g., visual, auditory, tactile, gustatory or 
olfactory, activate different regions and different neural networks of the brain. We define a 
network of neurons as a group of neurons that receives an input that is translated into an 
electrical signal and routed to a target. 
 
The second premise is that a single neuron can be connected to thousands of other neurons via 
hypothetical non-mechanical (contactless) regions called “synapses.” Indeed, neurons exchange 
signals without physically touching each other [6]. Figure 1.2 depicts a synapse, or synaptic 
cleft, and the mechanism through which signals are exchanged.  
 

 
Fig. 1.2 Neuron signaling process at a synapse adapted from Britannica encyclopedia   [62] 
 
For simplicity purposes, in this thesis, we will refer to pre-synaptic neurons as neurons that 
bring an input to the synapse and post-synaptic neurons as neurons that capture the chemical 
(neurotransmitter) released into the synaptic cleft. The neurotransmitter will in turn induce 
some electric change in the post-synaptic neuron. It is important to note that neurons can be 
connected via electrical or chemical synapses [7]. The less common type of neural connections 
is an electrical synaptic interaction where an electric current travels from a pre-synaptic neuron 
to a post-synaptic neuron without the intervention of any neurotransmitters. It is, therefore,  
the chemical synapses that account for most of the neuron-to-neuron connections in the brain. 
Hence, our research will be solely focused on these types of synapses and the neuron 
classifications that result from them. In the next section, we will discuss the action potential, 

Synapse
Pre-synaptic 

neuron

Post-synaptic 
neuron

Neurotransmitter released
into synapse

Receptor of
neurotransmitter

Neurotransmitter 
stored in vesicles
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which is a process that may or may not occur after a post-synaptic neuron receives a 
neurotransmitter.  
 
1.3 The action potential 
 
Neurons communicate with each other via a binary input technique1 called the “action 
potential.” Upon receiving some type of stimulus, a neuron may respond by generating an 
electrical signal that travels from the soma down to the axon terminal.  
 
When looking at signal transmission within a neuron, we use the mathematical concept of cable 
theory [8] to approximate the axon as a cable within which a graded electric potential will 
travel passively [9]. Such propagation follows a decreasing exponential function of distance 
with a length constant lambda (λ) that depends on the axial resistance of the cable and the 
nature of the biological matter considered. Neuronal compartment neurons have different axial 
resistances, which affects signal propagation depending on the origin. Therefore, a signal will 
propagate differently in the soma than in the axon. This was studied by Hu and Bean (2018) [10] 
who used patch-clamp recording of both the soma and the axon to demonstrate that the same 
signal generated at the axon initial segment (AIS) would be much stronger in the axon than in 
the soma. Similarly, Thome et al. (2018) [11] also showed that biophysical discrepancies 
between the somatodendritic area and the axon affect the speed of the propagated signal. At 
this point, it is important to note that due to such biophysical differences, a signal may be more 
attenuated in one region than another, depending on its point of origin, thus potentially 
affecting the synapses (i.e., point of electrochemical interaction between two neurons) or 
contributing to their regulation. 
 
Other than the length constant, the action potential relies on complex machinery, comprising 
channels that only open to specific chemical compounds under certain circumstances [12]. 
These channels play an important role in signal propagation [13] and determine signal intensity 
and waveform [14]. Now that we have more knowledge about the physical and mathematical 
implications of the action potential, we will discuss the steps of this process.  
 
The action potential mechanism can be broken down into four steps.  First, a neuron at its 
resting potential of about −70 mV receives a signal from a source (either a muscle or another 
neuron) via its dendrites. Next, the cumulative stimuli must pass some “gates.” Indeed, if the 
received signal does not raise the membrane potential above the threshold, then no action 
potential is fired. Otherwise, if the stimulus is strong enough to raise the membrane potential 
of the neuron receiving the signal above the threshold of −55 mV, then an electric signal (action 
potential) is propagated down the axon toward the axon terminal. The axon hillock (or the base 
of the axon) is the point from which the decision to fire an action potential or not, is made. 
Third, after the action potential has been transmitted, the membrane potential drops below 

 
1 It either occurs or it does not 
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the initial resting potential. This is the repolarizing phase. During this phase, no action potential 
can be realized until the membrane potential returns to its resting potential during the 
refractory period. After the refractory period, if there is an input, then the cycle repeats itself. 
Once the signal sent during the action potential reaches the axon terminal, it stimulates 
biochemical processes that result in the release of neurotransmitters into the synaptic cleft. 
Finally, the neurotransmitters are captured by receptors on the surface of the post-synaptic 
neuron. Figure 1.3 depicts the steps involved in the action potential.  
 

 
Fig. 1.3 Action potential process. Adapted from “Physiology, Action Potential” by Grider et al. 
(2021). 
 
NB: Even though the action potential is usually thought to be unidirectional from the axon 
hillock to the axon terminal, research has indicated that some current and, hence, the action 
potential can go in the opposite direction. Indeed, direct recordings from the Calyx of Held and 
extra simulations from parent neurons [15] show that axonal voltage changes can travel back to 
the soma (anti-dromically). In this paper, we will not make an emphasis on such currents. 
 
 
1.4- Excitatory neurons and inhibitory neurons 
 
Chemical synapses impose that we classify neurons as either excitatory or inhibitory. An 
excitatory neuron is a neuron that triggers a positive change (increase) in the membrane 
potential of the post-synaptic neuron. The resulting electric potentials are called “excitatory 
post-synaptic potentials”  (EPSPs). Conversely, an inhibitory neuron is a neuron that triggers a 
negative change (decrease) in the membrane potential of a post-synaptic neuron.  
Such negative changes in potential are known as “inhibitory post-synaptic potentials”  (IPSPs).  
Figure 1.4 depicts the difference between excitatory and inhibitory neurons.  
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Fig. 1.4 Difference between excitatory and inhibitory neurons  
 
Before discussing how excitatory and inhibitory neurons work together over a network of 
neurons, we will first discuss how they work together at the single-cell level in a process 
commonly called “neural computation.” Neural computation is the mechanism by which 
neurons convey a combined functional output message after receiving an input [12]. 
 
 
1.5- Neural computation  
 
Let’s consider a cluster of neurons where the post-synaptic neuron will be connected to many 
other excitatory and inhibitory neurons as exemplified in Fig. 1.5. Different neurons bring their 
input to the post-synaptic neuron. In Fig. 1.5, the red cells are excitatory neurons and the blue 
cells inhibitory neurons. The red cells individually bring positive change to the cell membrane 
potential of the post-synaptic neuron while the blue cell brings a negative change. It is, 
therefore, the cumulative number of the positive (EPSPs) and negative (IPSPs) inputs that 
creates the net input charge capable of generating an action potential or not.  
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Fig. 1.5 Neural computation at a single post-synaptic neuron  
 
 
Various ways of interpreting the net input into a post-synaptic neuron have been used in the 
literature. However, the most common is the evaluation of the ratio E/I, where 𝐸 represent the 
sum of EPSPs, and	𝐼 represent the sum of IPSPs. For instance, Adesnik et al. (2017) [16] 
conducted an experiment in which they meticulously planted electrodes in a single neuron of 
awake mice and then presented such mice with a screen while changing the contrast level on 
the screens. Their experiment demonstrated a balance between excitatory and inhibitory 
neurons in mice. Similarly, Dehghani et al. (2016) [17] showed that excitatory and inhibitory 
neurons are tightly balanced across all states of wake–sleep state for humans. However, there 
were some exceptions to these findings during epileptic seizures.  
 
Knowing how neural computation works at a single post-synaptic level allows us to extrapolate 
this knowledge on larger neural circuits. We will also start our research on the basis that there 
exists a balance between excitatory and inhibitory neurons in the human brain. 
 
1.6- Evaluation of the neural connectivity human neural networks: the ratio E/I 
 
To evaluate the ratio E/I as a contribution of EPSPs and IPSPs, scientists usually use 
electroencephalography (EEG) because it is a relatively non-invasive procedure. Indeed, EEG 
does not require placing an electrode inside of the human brain as with the mice in [16]; 
instead, electrodes are placed on the scalp to detect cumulative electrical output resulting from 
brain activity, which is recorded.  
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1.6.1 Historical background of EEG 
 
The first scientist to describe electrophysical properties emerging from animal brains was 
Englishman Richard Caton (1842–1926) who used a sensitive galvanometer to measure the 
electrical activity produced by the brains of animals while they were asleep and after death. His 
research showed some activity during sleep and no activity at all after death. This discovery set 
the basis for what is now called electroencephalography. It was not until 1924 that the German 
neurobiologist Hans Berger recorded the first human EEG on a 17-year-old boy during a 
neurosurgery performed by a colleague (Gloor, 1969) [18]. As a result of the recordings, he 
developed a recording technique that involved placing electrodes on the scalp to make the 
recording non-invasive (surgery non-required). This recording technique was used on multiple 
patients of various ages and gender. He coined the terms “alpha” and “beta” waves to 
designate the recording that he observed from these experiments and published his research 
[18]. Since its first use by Berger in 1924, the electroencephalograph (EEG) has been extensively 
used to measure the electrical activity in the human brain. In the next section, we will discuss 
how EEG is effective in measuring EPSPs and IPSPs.  
 
 
1.6.2 Measuring EPSPs and IPSPs with EEG 
 
In the human brain, after being generated in the cerebral cortex, the electrical signal must 
travel across four layers as depicted in Fig. 1.6. Hence, it is important to note that between the 
scalp, where the electrodes are placed, and the cerebral cortex, there are two (2) other layers: 
the CSF (cerebral spinal fluid) and the skull (the bone part of the head). This complex structure 
comprises layers of different physical properties and constitutes a barrier for the signal that can 
be measured on the scalp using EEG. In fact, in an open-head surgery where the skull is cracked, 
leaving space to directly be in contact with the cerebral cortex, surgeons can use 
electrocorticography (EcoG) to directly measure the electrical activity by using a plate of 
electrodes. However, the whole purpose of using EEG is to avoid performing surgery just to 
measure the electrical activity. Another barrier that exists is internal to the cerebral cortex. In 
fact, the billions of neurons with different length and physical characteristics are not all ordered 
in the same direction; instead, we could picture the arrangement of these neurons as a large 
set of entangled cables where some are oriented in the same direction and parallel to each 
other and some are simply not. Hence, this arrangement can conceptually make measuring 
EPSPs and IPSPs difficult. This raises the question of whether it is all neurons in the brain that 
generate the electrical activity measured on the scalp or if it is only a few neurons. Figure 1.6.a, 
extracted from Hagen et al. (2018) [20], illustrates the various electrical signal measurements 
that are possible on the human brain.  
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Fig. 1.6.a Illustration of the various electrical measurements that can be recorded on the 
human brain (Hagen et al. 2018) 
 
 
Research conducted by Luck (2014) [20] and Buzasaki et al. (2012) [21] indicates that it is the 
synchronous activity of pyramidal cells that generates the electrical activity recorded on the 
scalp. This is only possible for three reasons. The first is that pyramidal cells are characterized 
by long apical dendrites heading toward the cortical surface to which they are perpendicular. 
The second reason is that their cell body heads away from the surface. Finally, the third reason 
results from the first two reasons in addition to their orientation within the cortex. Indeed, all 
pyramidal cells are oriented in the same direction; hence, positive and negative charges do not 
cancel. Figure 1.6.b illustrates the physical and spatial orientation of pyramidal neurons that 
allows us to record electrical activity on the scalp. We must note that if the neurons were 
parallel to the surface, then no activity could be recorded. This fundamental principle of physics 
will be explained in the Methods section.  
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Fig. 1.6.b Illustration of the physical and spatial orientation of pyramidal neurons in the 
cerebral cortex 
 
 
1.6.3 Frequency bands recorded by EEG 
 
The electrical activity recorded by EEG is highly dependent on the action that is being 
conducted. For instance, a sleeping person would have an EEG that is different from someone 
reading a book. The differentiation of patterns classifies wave bands as illustrated in Fig. 1.6.c, 
extracted from Abhang et al. (2016) [22].  
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Fig. 1.6.c Illustration of the wave bands recorded with EEG adapted from Ahbang et al. [22] 
 
Our research will be focused on the gamma band because the data provided for the healthy 
patients were obtained while the patients were concentrating on a screen; hence, all the 
recorded frequencies were above 35 Hz.  
 
 
1.6.4 EEG considerations and evaluation of EPSPs and IPSPs in the ratio E/I in our research 
 
In this thesis, the ratio E/I is not evaluated in terms of EPSPs and IPSPs; instead, it is evaluated 
in terms of the number (numerical quantity) of excitatory neurons over number of inhibitory 
neurons in each network. This is rendered possible thanks to the package LFPy [19] that will be 
discussed throughout the Methods section.  
 
Because the EEGs are recorded on healthy patients, Wildenberg et al. (2020) [23] estimate that 
the ratio E/I in a healthy primate brain is about 3.8 (»4). We could consider abnormalities to be 
caused by an imbalance of this ratio or other anomalies in neural networks.  
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1.7 Literature survey 
 
Very few researchers have ventured into decomposing the biophysical composition of the brain 
using neural simulation for various reasons amongst which we can cite the slowness of 
computers and their underperformance until recently, which would cause computations on 
vast networks of neurons nearly impossible. Another problem is the complexity of every single 
brain, which makes projects like the Blue Brain project [24] daunting. Beside these issues, some 
studies have strived to produce computer-based packages that make the process of running 
simulations on neural networks easier. 
 
Hagen et al. (2014) [25] have taken upon themselves to create realistic biophysical 
approximations of neurons and neural networks using a preexisting package developed at Yale 
University, called “NEURON.” This has opened the door for running simulations on complex 
biophysical networks and has made the process of evaluating such networks in terms of EPSPs 
and IPSPs easier. Therefore, we have chosen to use the python package (LFPy) that resulted 
from their work in this thesis. 
 
 
 
 
1.8 The importance of biophysical decomposing of the brain  
 
As of December 2021, performing brain imaging requires one to either acquire structural 
images (shapes of subject matter inside the brain) or functional images (with regard to how the 
brain reacts when various areas are being stimulated). Sadly, none of the imaging tools 
currently used provides enough information about the biophysical composition of the brain. 
This opens a window to lots of uncertainty with regard to the type of treatment and dosage 
when the diseases mentioned in the introduction are diagnosed. The purpose of depicting the 
brain according to its biophysical composition is to shorten the waiting period that follows 
diagnosis of diseases caused by an imbalance between excitatory and inhibitory neurons. By 
knowing the biophysical composition of a sick patient’s brain, medical professionals will be able 
to provide a treatment in a timely manner to balance the brain back to a healthy configuration. 
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2- Methods 
 
The goal of this chapter is to schematize the process through which EEG recordings are reverse-
engineered into the biophysical configuration of the neural networks that produced them. First, 
small cellular interactions are broken down into dipoles. Second, we integrate the resulting 
dipoles at higher-scale processes to volume conductors. Third, extracellular and 
transmembrane currents are measured from the physical abstractions of those neural 
processes. Fourth, the method by which EEG can be measured at a distance far away from the 
source of electrical activity in the brain using simulated neural networks is explored. Finally, the 
Bhattacharya distance, a highly precise distance measurement, is introduced as a tool for 
comparing the distance between real EEG and simulations.  
 
2.1 Modeling unit-cellular neural electrical activity as dipoles 
 
In the attempt to conceptualize electrical activity in the brain, neurons are physically 
approximated by dipoles. A dipole is a pair of equal and opposite point charges (positive and 
negative electric charges) separated by a small distance. In such settings, electric fields 
originate from the positive charge and converge to the negative charge. Simultaneously, there 
are equipotential lines of electrical fields that are perpendicular to the electric fields emanating 
from the positive charges. Point charges and electric fields around an ideal dipole are depicted 
in Fig. 2.1.a.  
 

 
 
Fig. 2.1.a Illustrations of the difference between point charges and dipoles 
 
Dipoles have key characteristic properties that impinge on the predictability of the electric 
potential measured on electric fields at a local scale (near the source where they are generated) 

+

B. Electric fields in a dipoleA. Electric fields in a single positive charge
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and a global scale (further away from the source). To better understand these characteristics, 
dipoles are first subdivided into two-point charges, i.e., a pair of two individual point charges. 
An electric potential is defined as the amount of work needed to move a unit of positive charge 
from a reference point to a specific point inside an electric field without producing acceleration. 
To obtain the electric potential resulting from a point charge q located at distance r from that 
charge, we use the formula in Eq. (1): 
 
 

𝑉 = 	 !
"#$!

			%
&
,    Eq. (1) 

 
where eo is the permittivity of free space. 
 
Before moving further, one needs to differentiate between vectors and scalars. An electric field 
vector is a quantity that has magnitude and direction at any location, whereas an electric field 
scalar is a quantity that only has magnitude at any location. The electric potential is a scalar 
field vector whose slope vector or gradient becomes the electrostatic vector field. Hence, in a 
system with more than one electric charge the electric potential at a point p is obtained by 
superposing or summing all the individual point charge potentials of each charge. The electric 
potential is, therefore, given by the formulas: 

 
𝑉'() = ∑ 𝑉** , 
 
𝑉'() =	

!
"#$!

	∑ %"
&"* ,    Eq. (2) 

 
where Vi is the electric potential contribution of every individual charge in the system.  
 
Knowing how to obtain electrical potential for a system composed of more than one charge, we 
can apply this equation to a system of two charges (a dipole). Hence, let r-, r+ and r, 
respectively, be the distances between the point P and the negative charge Q-, between point P 
and the positive charge Q+, and between point P and midpoint between the positive the 
negative charges. Let q be the inclination between the axis of the dipole and the vector along 
the axis of the distance r. Figure 2.1.b depicts an electric system with a single charge as well as 
a dipole. 
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Fig. 2.1.b illustration of Electric systems 
 
In the case of the dipole, Eq. (2) becomes: 
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For cases where r is sufficiently large, meaning point P is located far away from the dipole, we 
can approximate as follows: 
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In Fig. 2.1.b, the red line is perpendicular to r- from Q+, allowing us to approximate the 
distance: 
 
𝑟- 	− 	𝑟,	»	𝑑	. 𝑐𝑜𝑠	q. 
 
This yields the formula: 
 

𝑉 = 	
𝑞

4𝜋𝜀.
		*
𝑑 𝑐𝑜𝑠 𝜃
𝑟/

..		 

 
Because the magnitude of the dipole moment is given by the formula 
 

6	
0
→		6 = 𝑝 = 	𝑞 ∙ 𝑑, 

 
the formula for calculating the potential becomes  
  

𝑉 = 	 !
"#$!

		0 1234
&#

         equation (2). 

 
If point P is located far enough from the dipole, then the electric potential falls off:  
 

𝑉»
1
𝑟/
. 

 
This is because a dipole has an axis (the line connecting the two charges) along which its electric 
field is the strongest. Indeed, moving further away from the axis of the dipole causes the 
voltage to decrease rapidly. This physical fact is very important as it forms the basis for the 
steps of physically conceptualizing neurobiological processes. Indeed, neurons are modeled as 
dipoles because after an action potential travel from a pre-synaptic neuron to a post-synaptic 
neuron, the continuous change in charges observed on each side of the membrane of the post-
synaptic neuron exhibits the same characteristics as a dipole.  
 
In the next section, we will introduce the concept of volume conduction on neurons.  
 
 
2.2 Volume conductors and volume  
 
A volume conductor is a region of space in which a current may spread [26].  
Just like any tissue in the body, neurons exist as three-dimensional structures that can be 
modeled as volumes. This first observation marks the first premise to consider in identifying 
neurons as volume conductors. Second, section 2.1 shows that neurons can conduct electricity; 
hence, these two characteristics qualify neurons as volume conductor. In a volume conductor, 
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electricity spreads just like in a dipole. However, the spread is continuous until there is equal 
potential at every point in the volume. This is also known as isopotence. Figure 2.1.a shows the 
process by which current flows in a neuron. First, pre-synaptic neurons create voltage changes 
in post-synaptic neurons by pushing some ions into them. Such ions could either cause positive 
or negative voltage changes in the post-synaptic membrane. If the voltage changes are positive, 
then we call this “excitatory post-synaptic potential” (EPSP) and if they are negative, we call it 
“inhibitory post-synaptic potential” (IPSP). Second, the influx of ions into the post-synaptic 
neuron will flow down into the soma and then back out. The process by which ions flow in this 
direction allows the onset of the primary and subsequent volume current. In fact, potential 
changes at different points of the neuron will make various points across the volume more 
negative or more positive, thus forming a dipole in which the current along the axis is stronger. 
Finally, volume current resulting from the first two steps will flow in the extracellular space.  
 

 
 
Fig. 2.2.a Illustration of intraneuronal electrical activity and the primary currents that 
generate the extracellular potentials which sum-up to be recorded on the scalp 
 
From Fig. 2.2.a, observations can be made that when active, a neuron produces intracellular 
and extracellular currents in the manner of a dipole. In vitro, the resulting intracellular 
potentials can be measured by inserting an electrode in a neuron. When it comes to 
extracellular potential, the recording process is different because such electric potentials sum-
up to the so-called “local field potential.” Hence, it is necessary to understand the concept of 
volume conduction.  
Volume conduction describes the complex steps that have to be taken into consideration when 
interpreting extracellular currents detected at a distance from the source [27]. When it comes 
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to measuring such potentials, we must introduce the notions of far-field potentials and near-
field potentials. A near-field potential is one that is recorded with an electrode placed in the 
relative vicinity of the signal source. In contrast, far-field potentials are recorded far away from 
the source. For example, in the case of EEGs, the electrodes are placed on the scalp while the 
signal comes from the cerebral cortex after traveling through various volumes and layers, each 
with their own physical properties.  
 

 
Fig. 2.2.b. Illustration of electrical activity measured at the surface of the brain using EEG 
electrodes placed on the scalp 
 
 
Assuming negligible capacitive effects in the head [28, 29, 30] and the fact that electric signals 
decouple [31], we use the Maxwell equations in their quasi-static form to calculate extracellular 
electric potentials [32, 33, 34]. Because we can envision the head as a three-dimensional 
volume conductor, the total current density j is given by the formula:  
 
𝐽 = 	𝐽𝑝	 + 	𝜎𝐸,      Eq. (3) 
 
where J is the sum of the primary current density Jp and the ohmic volume current σE [35], σ is 
the conductivity of the dipole and E is the electric field.  
 
 
Figure 2.2.a shows that Jp is only non-zero in the source region. If we apply current conservation 
law to Eq. (3), then we obtain the Poisson equation for computing extracellular potentials 
(Griffiths, 1999) [36]: 
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∇ ∙ 𝐽 = 	∇ 	 ∙ 	 (𝜎∇∅).	   Eq. (4) 
 
The process by which medical professionals can predict electric fields generated in the brain by 
approximating these fields by a dipole is called the forward problem.  
 
In the next section, the processes by which the brain is reduced to a set of organized 
compartments from which transmembrane/extracellular currents can be obtained will be 
discussed.  
 
 
2.2.1 Compartment-based approach to transmembrane, extracellular potentials  
 
Previously, we discussed how regional electrical activities in the brain can be approximated by a 
dipole and, hence, presented the forward problem to measure the electrical activity as a far-
field potential. Indeed, the forward problem is decomposed into two steps. First, we build a 
multicompartmental neuron (a realistic computational approach of neuron that has the 
morphology of a real neuron) and incorporate in its morphology the ability to calculate 
transmembrane currents [37, 38]. Second, the Poisson equation is solved under the assumption 
that the extracellular medium is an infinitely large, linear, ohmic, isotropic, homogeneous and 
frequency-independent volume conductor [31]. As in Fig. 2.2.a, the transmembrane currents 
that enter the volume and escape in the extracellular environment can be seen as current 
sources and sinks that give rise to the extracellular potential ø at the electrode location rn: 
        

∅	(𝒓) = 	 !
"#5

	∑ 6$
|&-	&$|

,8
'9!     Eq. (5) 

 
where rn is the location of transmembrane current In, N is the number of transmembrane 
currents and σ is the extracellular conductivity. 
 
2.2.2 Equivalent current dipole (ECD) 
 
From electrodynamics, it is known that the volume of current sinks and sources can be precisely 
described by expressing a multi-pole expansion [34]: 
 
    

∅	(𝑅) = 	 :%&$&'&()

;
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;/
+⋯	,   Eq. (6) 

 
 
where R is the distance from the center of the volume to the measurement point that is located  
further from the center than the most peripheral source [39]. Due to current conservation in 
the neuron, the intracellular currents sum-up to zero [40, 41]. In addition, the quadrapole, 
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octopole and higher-order terms have a negligible contribution to ø compared to the dipole 
when R is sufficiently large. From Section 2.1, we can approximate extracellular currents by a 
dipole and derive Equation (7) from Equation (2).  
 
    

∅	(𝒓) = 	 :*"'&()
;#

=	 !
"#5

	 |0| 1234
<&-&'<

# ,      Eq. (7) 

 
 
where p is the current dipole moment in a medium with conductivity σ and R = |R| = |r − rn| is 
the distance between the current dipole moment rp and the electrode location r. The current 
dipole moment p is given by the formula p = Id, where I is the axial current inside a neuron and 
d is the distance traveled by that axial current. Because we are trying to measure the neural 
electrical potential far away from the cortex, we have to methodically apply a far-field limit that  
R is much larger than the dipole length d = |d| [34].  
 
The cortex is subdivided into small cortical regions, each approximated to a dipole. Within each 
dipole, the current dipole moment can be obtained for every single-axial current in neighboring 
compartments in the neuron: 
 
 
𝑷=	 =	 𝐼=>?*>6	𝒅=,                               Eq. (8) 
 
where, IKaxial is the axial current traveling along distance dk, resulting in a current dipole moment 
pk.  
 
Subsequently, these dipoles are summarized to an equivalent current dipole (ECD) where the 
current dipole moment is a position-weighted sum of all transmembrane currents [34]:  
 
𝒑	(𝑡) = 	∑ 𝑷=@

=9! 	(𝑡) = ∑ 𝐼𝒌>?*>6@
=9! 	(𝑡)𝒅=,                   Eq. (9) 

 
 
where M is the number of axial currents or the equivalent position-weighted sum of all the 
transmembrane currents Equation (9) [34] is equivalent to the following equation:  
 

𝒑	(𝑡) = 	I 𝐼=)&>'B
8

=9!
	(𝑡)𝒓=, 

 
where N is the number of compartments and rk is the position of transmembrane current  
Ik

trans(t). 
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The complete steps taken in order to accomplish such results are described by Hagen et al. 
(2018), where they provide extensive explanations about how transmembrane currents are 
obtained from dipole approximations and, hence, extracellular potentials are calculated.  
 
After obtaining the ECD, we are equipped for calculating EEG signals from simulations.  
  
 
2.2.3 EEG calculations from dipole approximations 
 
EEG signals are measured by placing electrodes on the scalp, which is the skin layer of the head. 
However, because the electrical signal is generated by pyramidal neurons on the cerebral 
cortex, the ECD obtained from approximating the neural activity by a dipole must take into 
consideration four shells, each of which has their own physical properties in terms of 
conductivity. From the source where the signal is generated to where the electrodes are 
placed, the first layer is the cerebral cortex, second is the cerebrospinal fluid (CSF), third is the 
skull, and fourth is the scalp. The cerebral cortex region of the brain, composed of white and 
grey matter, is the origination source of electrical activity recorded by EEG. The cerebrospinal 
fluid (CSF) is a protective liquid that separates the cerebral cortex and the skull. Finally, the 
scalp is the skin on the head. Table 2.1 shows the physical properties of the four concentric 
shells that are considered during the process of approximating the brain to a dipole as well as 
their respective conductivity.  
 

 
 
Table 2.1 Human Head Layers and Their Physical Properties  
(adapted from Nunez & Srinivasan, 2006; Næss et al., 2017) 
 
 
At this point, it is important to note that throughout this thesis, the process of reconstructing 
neural networks following the two-steps forward model is fully based on the python package 
called LFPy [19] available on Github [60], which takes into consideration all the complex 
structures required to build morphologically realistic neural networks on computers and create 
simulations based on those networks. LFPy comes with functions that allow us to measure EEG 
 
on simulated networks based on the parameters of interest. Such parameters will be discussed 
further in this thesis. Meanwhile, this thesis will use the four-sphere head model by reducing 
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the head into a four-sphere volume conductor where each sphere represents one of the shells 
described above.  
 

 
 
Fig. 2.2.1 Illustration of the physical approximation of the cortical electrical activity into a 
dipole  
 
 
2.3 Simulation of neural activity 
 
To effectively perform computational neuron simulations that match the biophysical 
parameters of real neurons in the nervous system, we have used LFPy 2.0 [19].  
In this thesis, simulations are based on reconstructed networks that use model files provided by 
creators of the LFPy package. These files are based on the ball-and-stick type morphology, 
which meticulously respect the typical morphology of neurons where the ball represents the 
soma and the stick represents the axon. Each neuron features active Hodgkin–Huxley channels 
inserted in the soma and passive-leak channels distributed throughout the apical dendrite. The 
network is randomly connected and has multiple random net current dispatching points along. 
Hence, neurons can either be excitatory or inhibitory based on the source. Consequently, by 
the time the input reaches the target, multiple processes have intervened. 
 
 
What type of EEG simulation is this thesis based on? 
 
We are trying to computationally reproduce as accurately as possible the processes 
corresponding to viewing of visual stimuli as performed in a laboratory experiment in the paper 
titled “Decorrelated Input Dissociates Narrow Band γ Power and BOLD in Human Visual Cortex” [42].  
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Butler et al. (2017) [42] conducted an experiment that consisted in presenting 22 healthy patients with 
visual stimuli and recording the EEG. Stimuli were generated using the Psychophysics Toolbox [61] 
and presented on a gray background with luminance equal to the mean luminance of the 
stimulus (Fig. 2.3.a). At the time of recording, none of the 22 patients presented psychiatric or 
neurological symptoms. 
 

 
 
Fig. 2.3.a CRT monitor presented to healthy patient while recording EEG. EEG data were acquired on 
a 64 channel EEG system while the patient was comfortably seated in a standard office chair.  
Properties of the CRT monitor were (resolution 800x600 pixels, frame rate 85 Hz). The stimuli 
were presented at a rate of 1 stimulus every 5 s and each of the 6 stimulus types was presented 
135 times in a pseudo-random fashion for a total of 810 trials per subject. Adapted from Butler et 
al. (2017) [42] [42]. 
 
After conducting this experiment, it was observed that all the EEGs yielded power spectra with 
peak frequencies located in the gamma band, i.e., from 35 to 85 Hz (and mostly with peak 
frequencies concentrated between 50 and 75 Hz). It is crucial to note that this range will play a 
capital role in determining whether the parameters involved in EEG simulations with LFPy are 
accurate. Figure 2.3.b shows processed power spectra resulting from real recordings on 
patients 1–12. 
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Fig. 2.3.b Power spectra resulting from EEG in the gamma band recorded from 12 patients 
 
Even though experiments can be performed to emulate EEGs having power spectra with peak 
frequencies in the gamma band, we are limited when it comes to understanding how the underlying 
biophysical configurations in healthy patients can generate such EEGs. This research was focused on 
four parameters against which multiple assumptions and hypotheses were extensively tested. 
The five parameters that were expected to play a key role in our simulations were the ratio E/I 
and the probabilities of connections E-I, E-E, I-I, and I-E. Moving forward, more details will be 
provided about these parameters. 
 
2.3.1 The ratio E/I as a parameter 
 
The ratio E/I refers to the contribution of excitatory and inhibitory neurons in a network. We 
can comprehend this ratio as the combined positive and negative electric forces that contribute 
to balancing the processes that make any neurophysiological process possible. Over the past 
decades, extensive research has been done to quantifiably correlate the existence of E/I 
balance in various cortical circuits. For instance, when it comes to the process of learning or 
training, synaptic plasticity at both excitatory and inhibitory neurons plays a central role [43, 
44]. The ratio E/I can range from a local process (a specific target cell) to a larger scale 
(completing a specific task that involves a more complex neural network). Before moving on, it 
is important to understand the difference between an excitatory and an inhibitory neuron.  
 
An excitatory neuron is a pre-synaptic neuron that will increase (make more positive) the 
membrane potential of a post-synaptic neuron while an inhibitory neuron is a neuron that will 
decrease (make more negative) the membrane potential of the post-synaptic neuron. Both 
excitatory and inhibitory neurons work by generating EPSC and IPSC, which, respectively, are 
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the excitatory currents (positive) and inhibitory currents. From the previous section, we easily 
deduct the resulting field potentials resulting from such currents over time on a single neuron 
[45]. However, in vivo, making the distinction between such currents proves to be a difficult 
task. Hence, researchers use a voltage-clamp recording technique on the target neuron to 
record the excitatory and inhibitory current inputs. When it comes to computational 
simulations, however, the process is slightly different. For the purpose of this thesis, the ratio 
E/I is rather evaluated as a positive numerical integer that constitutes the ratio between the 
number of excitatory and inhibitory neurons. For instance, on a network of 10,000 (ten 
thousand) neurons, a ratio 4E/I will mean: 
 

a- There are 4 times more excitatory neurons than inhibitory neurons: 8,000 excitatory 
neurons and 2,000 inhibitory neurons.  

b- The connections between those neurons are random, i.e., any neuron can be connected 
to any other neuron and one neuron can be connected to many other neurons.  

 
 

 
 
Fig. 2.3.1 Illustration of a network containing excitatory and inhibitory neurons. The network 
contains 20 neurons. In this network, we have 16 excitatory neurons and 4 inhibitory neurons, 
yielding a ratio of 4E/I.  
 
LFPy comes with a predisposition to simply alter the ratio E/I by setting the number of 
excitatory and inhibitory neurons that contribute to the total population in the network.  
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Previous studies have established that in the brain of primates, the ratio E/I is roughly 4/1 [17]. 
This information is very essential as it provides a basis upon which researchers can center their 
research when it comes to the ratio E/I in computer simulations. For example, realistically, it 
will not make much sense to test a probability of 50E/I.  
 
In the next section, we introduce the connection probabilities between neurons, which play a 
vital role in this thesis. 
 
2.3.2 The probability of connection between the main parameters with a fixed ratio E/I 
 
The notion of probability comes from the mathematical concept that bears this name; hence, 
probability is the likelihood that something will happen. When it comes to neural networks and 
given that we have two types of neurons, there are four connection probabilities possible: 
 

a- Connection probability E-E: the likelihood of two excitatory neurons connecting with 
each other. 

b- Connection probability I-I: the likelihood of two inhibitory neurons connecting with each 
other.  

c- Connection probability E-I: the likelihood of an excitatory neuron connecting with an 
inhibitory neuron. 

d- Connection probability I-E: the likelihood of an inhibitory neuron connecting with an 
excitatory neuron. 

 
2.3.2.1 Connection probability E-E 
 
In a network that contains thousands or millions of neurons, if we have more excitatory 
neurons that are connected with each other than we have excitatory neurons connected with 
inhibitory neurons, then it would be fair to think that the net output in terms of local field 
potential will be higher. Figure 2.3.2A shows a sample network with one E-E connection.  
 
 

 
Fig. 2.3.2 Illustration of a typical E-E connection in contrast with an I-I connection 
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2.3.3.b Connection probability I-I 
 
Similar to E-E connections, in a network of neurons, if we have more inhibitory neurons 
connected with each other than inhibitory neurons connected with excitatory neurons, then it 
would be fair to think that the net output in terms of local field potential will be lower. Figure 
2.3.2.B  (in section 2.3.2.1) shows a sample network with one I-I connection.  
 
 
2.3.4 Connection probabilities E-I and E-I 
 
Connection probabilities of E-I can be literally pictured as a link from an excitatory neuron to an 
inhibitory neuron. Along the same line, we can also picture an I-E connection as a neural link 
from an inhibitory neuron to an excitatory neuron. Figure 2.3.4 depicts a sample network with 
E-I and I-E connections.  
 
 

 
Fig 2.3.4 Illustration of a typical I-E connection in contrast with an E-I connection 
 

NB: At this point, one may think that the probability of connection E-I is the same as the 
probability of connection I-E; however, they are not the same. In fact, they are different in the 
resulting current yielded. Using mice models, [46] showed that even though the correlation of 
EPSP and IPSP persists reciprocally for connections E-I and I-E independent of their respective 
stimulus response, the connection probabilities are not reciprocally identical.  

They also showed that individual inhibitory neurons receive stronger input from nearby 
excitatory neurons than they send to inhibitory neurons. Figure 2.3.5 (adapted from 
Znamenskyi et al., 2018) [46] shows the dissimilarities between E-I and I-E connections.  
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Fig. 2.3.5 Illustrating the heterogeneity of synaptic strength of inhibitory neuron connections 
(adapted from Znamenskyi et al., 2018) 
 
 
2.4 Analytical data comparison 
 
After making the simulations, we need to match them with the data recorded in the laboratory 
in order to reverse-engineer the process and obtain possible combinations of the neural 
network being analyzed. The process, as illustrated in Fig. 2.3.6, can be broken down into two 
steps: 
 

1- Processing step: Process the raw data obtained from the simulations. 
2- Matching step: Compare the experimental data with the simulation data using some 

mathematical functions that compute the distance and return the top best fit.  
 
 
 
 
 
 
 
 
 

Pyr = Excitatory neuron

PV = Inhibitory neuron
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Fig. 2.3.6 Illustration of the steps that describe the big lines of the methods used in our 
research 
 
2.4.1 – The processing step 
 
It is important to remember that we simulate EEGs that yield arrays corresponding to the 
electric potential resulting from electrical activity from the network being simulated. 
Consequently, some issues may arise if we were to compare the raw data immediately to the 
simulations. For instance, we can expect a network containing 1,000 neurons to yield 
measurements that will be considerably less significant than networks containing 1 million 
neurons, which in reality is often the case in the brain. By failing to tackle this problem, the 
comparison will not be appropriate. This is why neuroscientists often compare power spectra to 
time density when it comes to comparing EEGs. The power spectrum describes the general 
distribution of a signal its various frequency components. In fact, power spectrum results from 
the numerical analysis fact in mathematics that stipulate that any function can be decomposed 
as a combination of sine and cosine functions. Hence, by grouping the oscillatory frequencies 
within a signal, we can obtain more accurate information about various functions on the same 
grounds that allow us to effectively perform a thorough analysis. The process by which a power 
spectrum can be obtained from an electrical signal is fairly common in numerical analysis and, 
hence, computational neuroscience. The mathematical expression of the power spectrum is 
defined as follows: 
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𝑋	(𝑘) = 	I 𝑥	(𝑛)𝑒-C(/#/8)='
8-!

'9.

	 , 𝐾 = 1, 2, … , 𝑁,	 

where X(k) is the output of the transform and k indicates the frequency index. 
 
This process is well described in a paper called “Interpreting the Electrophysiological Power 
Spectrum” by Gao (2016) [47]. We can now confidently use the power spectrum as the initial 
processing step before any comparison. 
 
Another issue remains, however: the power spectrum is time-dependent and if we are to 
compare our simulation data with experimental data obtained from the laboratory, then we 
need to make sure that our simulations data are well pre-processed to first remove noise that 
could be present in the signal based on the initial abrupt change in potential at the beginning of 
the experiment. Second, we need to make sure that we properly align our simulation data in 
the same timeframe as the laboratory data. Figure 2.4.1 shows the resulting smoothed power 
spectrum from one simulation. It is important to note that the spectrum in this figure is a raw 
spectrum that has not been smoothed or normalized and is used purely for illustration.  
 
 

 
 

Fig. 2.4.1 Example of obtaining the power spectrum resulting from a simulated EEG 
 
 
2.4.2 – The matching step 
 
The process of matching experimental data with simulation data requires establishing a 
similarity measure between the two. If we take n data samples amongst which we have one 
experimental data (named P, to make it simpler) and n-1 simulation data (named Qi, where i 
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represents the index of all simulation data), then we can calculate a similarity function defined 
as s{P, QI}, which will be equal to a similarity factor sj. Such a similarity sj is defined as follows: 
 
Let s{𝑃, 𝑄𝐼} 		= 	𝑠𝑗		𝑎𝑛𝑑	𝑠{	𝑃, 𝑄𝐼 + 1} 		= 	𝑠𝑗 + 1 ∶		

	
(i) 𝑖𝑓	0	 < 	𝑠𝑗		 < 		𝑠𝑗 + 1	𝑡ℎ𝑒𝑛	𝑃	𝑖𝑠	𝑚𝑜𝑟𝑒	𝑠𝑖𝑚𝑖𝑙𝑎𝑟	𝑡𝑜	𝑄𝐼	𝑡ℎ𝑎𝑛	𝑄𝑖 + 1,	
(ii) 𝑓𝑜𝑟	𝑒𝑣𝑒𝑟𝑦	𝐼	 = 	1, 2, … . . , 𝑗, … . , 𝑛	, 0	 < 	𝑠𝑗	 < 	1	.	

 
However, if we are to compute similarities between power spectra because the peak frequency 
of each spectrum will highly affect such comparisons, then we need to normalize our data to fit 
some criteria. The first thing to keep in mind is the fact that if we want the similarity factor to 
always be a value between 0 and 1, then we need to find a proper metrics calculation between 
distribution that will be unbiased by the values that make the signal of the power spectrum. 
The best way to do this will be to 
 

a) convert the power spectrum into a probability distribution, 
b) use a proven metric distance measurement that will return the similarity factor that 

matches the criteria stated above. 
 
 
When it comes to converting a continuous distribution like a power spectrum resulting from an 
EEG into a probability distribution, we use the Softmax function. After normalizing a power 
spectrum using the Softmax function, each value in the resulting array must be in the interval 
(0, 1), i.e., both the values 0 and 1 are excluded. Also, if we add up all the values in the resulting 
normalized array, the total sum will be 1. The Softmax function is defined as  
 
 
 
 
 
𝜎:	ℝG	 →	 [0,1]G,  
 
𝜎(𝒛)* =	

(𝒛𝒊
∑ (234
356

  for i = 1, … , K ,and z = (𝑧!, … , 𝑧G) 	 ∈ ℝG	. 

 
 
 
 
Now that all of our power spectra have been properly normalized, we can apply a proven 
metric measurement that effectively measure the distance between two power spectra 
resulting from an EEG. For this, we have used the Bhattacharyya distance. In a paper titled 
“Anomaly Detection in EEG Signals: A Case Study on Similarity Measure” [48], the authors 
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compared various EEG using the same steps that we are describing in this section to distinguish 
between EEG resulting from normal cortical activity and that from abnormal cortical activity. 
The authors found that the best two functions that give high accuracy when it comes to 
comparing EEG signals are the Bhattacharyya distance and the Hellinger distance. The 
Bhattacharyya distance between two probability distributions P and Q is defined as follows:  
 
 
𝑠(IJ) =	− lnm𝐵𝐶	(𝑃, 𝑄)p, 
where BC (X,Y) is the Bhattacharyya coefficient and 
 

𝐵𝐶	(𝑃, 𝑄) = 	I qr𝑝	(𝑘)𝑞(𝑘)s
G

=9!

	. 

 
Once the Bhattacharyya distance has been calculated between one experimental dataset and a 
set of simulation data, we can obtain an array filled with values corresponding to the similarity 
factor. From there, we only consider the top 5% for human analysis. This means that we return 
the top 5% in the array so that the neuroscientist can analyze them and make a conclusion. The 
full source code describing all the steps taken will be available in the annex of this document.  
 
Once the comparison is completed, it is important to establish a correlation between the peak 
frequency and the parameters identified to play a key role in determining where such a peak 
occurs.  
 
 
2.5 Establishing a mathematical model between the peak frequency and the probabilities of 
connection: Linear regression 
 
Linear regression is a mathematical model that establishes the correlation between a 
dependent variable Y and one or more independent variables [49]. If it is proven that only one 
variable determines where the peak frequency of an EEG lies, then the corresponding linear 
regression model will be a univariable linear regression model where the peak frequency Y will 
be determined based on a parameter X. The mathematical equation that describes such a 
relationship can be written as follows: 
 

𝑌 = 𝑎 + 𝑏𝑋	, where a is the y-intersect of the line and b is the slope 
 
Because our research takes four (4) connection probabilities into consideration as well as the 
ratio E/I, if the peak frequency proves to be determined by more than one or all of these 
parameters, then the linear regression mode will be a multivariable linear regression model. A 
typical multivariable linear equation is written as  
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𝑌 = 𝑎 + 𝑏!𝑋! +	𝑏/𝑋/ +⋯+	𝑏'𝑋',	 
 
where bi represents the regression coefficient for each independent variable Xi. 
     
 
Linear regression is often used in medicine to study the correlation between pathologies and 
some independent variables. For instance, Muller-Wirtz et al. (2021) [50] used linear regression 
to establish a relationship between tissue propofol concentrations and exhaled propofol 
concentrations in the case of obesity.   
 
 

3- Results 
 

The first goal of this research was to identify the key parameters that play a definitive role in 
shifting the peak frequency of the power spectrum in an EEG so that we can accurately 
generate EEGs in which peak frequencies span across the gamma band. Subsequently, the next 
step was to compare real human data recorded from the lab with the simulation generated 
with LFPy. In this section, the steps taken toward achieving the scope of this project will be 
explained progressively with highly qualitative and convincing results. Initially, a unidimensional 
approach, consisting of testing whether it was the ratio E/I or the probability E-I that played the 
most important role in the simulations, was explored. Subsequently, a multidimensional 
approach with a combination of all the factors that were discussed in the Methods section will 
be explored and the results discussed. Third, the resulting tool for accurately comparing real 
human EEG against simulated EEGs to characterize real human neural networks by using the 
Bhattacharya comparison metric will be discussed. Finally, a linear regression model for 
characterizing the peak frequency with respect to identified key parameters will be exposed. 
 
  
Definition of importance of a parameter: 
 
Before identifying whether a parameter plays an important role in defining where a peak 
frequency is in the gamma band, it is crucial to verify that any incrementalization of such a 
parameter will shift the peak frequency such that the light red zone below is accurately covered 
(the zone between ~50 and ~80 Hz).  
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Fig. 3: Illustration of the expected zone to be covered by peak frequencies in simulated EEGs 

 
 
NB: For preliminary experiments 3.1 and 3.2, the neural networks are composed of 1,000 
neurons.   
 
 
3.1 Preliminary experiment 1: The influence of the ratio E/I on EEG  

 
In the beginning of this research project, it was believed that the ratio E/I could be the main 
factor that causes peak frequency shifts in the power spectral density of EEGs. The reason for 
this hypothesis was based on Dehghani et al. (2016) [17], which showed that for healthy 
humans, the balance between excitatory and inhibitory neurons was guaranteed by a 
population of excitatory neurons four times larger than that of inhibitory neurons. This leads us 
to believe that in the occurrence of a ratio discretely above or below 4E/I, pathologies would 
possibly be observed. Hence, it was necessary to validate or disprove the assumption that with 
all parameters unchanged, a low or high ratio E/I below or above 4E/I could be responsible for 
an early occurrence of the peak frequency in the power spectrum of a recorded human EEG. 
Such a configuration would mean that there is more excitation that inhibition overall in the 
network and, therefore, a fast EEG. If this was to be proven true, then it would mean that while 
performing the same activity, an unhealthy brain would experience a higher proportion of 
excitatory neurons operating in synchrony while the inhibitory neurons would fail to match the 
electric strength of the latter. If this assumption was to be revealed true, then the research 
project would be a clear breakthrough for patients suffering ailments such as epilepsy because 
it would make sense for healthcare practitioners to test for the ratio E/I in cases where a neural 
disorder is suspected.  
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To test how the ratio E/I affects EEG spectral densities, 11 simulations ranging from a ratio of 
2E/I to 12E/I with incremental shift were run. These ratios were chosen in reference to 
Dehghani et al. (2016) [17]. On this basis, ratios up to 3 times higher than 4E/I were tested to 
see if patterns could be observed that would validate the definition of importance of a 
parameter. 
 
NB: It is necessary to point out that besides the ratio E/I, the LFPy package requires the 
researcher to provide a probability of connection between the two (2) categories of neurons in 
the network and the resulting connections that exist in such networks. However, because those 
connections are not being actively tested as key parameters in the simulated networks, they are 
attributed the value of 0.1, where 0.1 represents a poorly connected network with regard to the 
specific parameter while a value of 1 would be considered excellent. 
 
In the conducted experiments testing a specific probability of connection, a connection 
probability value of 0.7 is used to classify a mid- to high strongly connected network.  
 
For instance, to test the influence of the probability of connection E-I over the network 
compared to other probabilities of connection, we set E-I = 0.7. However, in this section, the 
goal is to set static connection probabilities across the network while changing the ratio E/I. The 
resulting experiment is summarized in Fig. 3.1, which schematizes the experiment conducted 
during this preliminary phase.  

 

 
 
Fig. 3.1.a Schematization of the experiment designed to test the assumption that the 
ratio E/I as a single parameter can create an observable pattern that defines where 
the peak frequency of the power spectrum is located. 
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The results from the experiment described in Fig. 3.1.a are reported in Fig. 3.1.b. 

 
 

 
 

Fig. 3.1.b Illustration of the influence of the ratio E/I on the peak frequency 
 

 
 

The first observation to be made from Fig. 3.1.b is that the difference between the smallest 
maximum peak frequency that occurs at a ratio of 4E/I (~64 Hz) and the peak frequency that 
occurs at 7E/I (71 Hz) is only 7 Hz. The second observation is that the plot of the moving 
average (with three (3) points) of the maximum frequencies shows that the variance between 
the highest value (~70 Hz) and the lowest value (~67 Hz) is less than 3 Hz, which makes it nearly 
negligible. Lastly, by fitting a line between the maximum peak frequencies, we can clearly show 
that there is no clear correlation between the ratio E/I and the maximum peak frequency. 
Indeed, if there was a steady gradual change (increase or decrease) in the intensity of the peak 
frequency as the ratio E/I increases or decreases, then the ratio E/I would be considered an 
important factor in the simulations. For instance, the peak frequency at 9E/I (~66 Hz) is smaller 
than the peak frequency at 6E/I (~70.5 Hz).  
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Referring to figure 3, it is clear that when taken as an isolated parameter, the ratio E/I does not 
play a significant measurable role in defining where the peak frequency will occur in the power 
spectrum as incremental ratio changes fail to span ranges between 50 and 64 Hz, 
 
 
and the variance between the highest and the lowest peak frequencies does not exceed 3 Hz.   

 
This preliminary experiment led to subsequent tests run solely on the other parameters that 
are the center of our research: the probabilities of connection.  

 
3.2 Preliminary experiment 2: The influence of the probability E-I taken as an isolated 
parameter 

 
Given that the ratio E/I taken solely as a variable did not reveal to be the only determining 
factor for EEG patterns and power spectra peak frequencies, the focus was placed on the 
probability of connection E-I, which initially was believed to be the other most important 
parameter in LFPy simulations. Inspired by Atallah et al. [51] who used animal models to 
confirm that gamma band frequencies can be modulated by balancing between excitatory and 
inhibitory neurons, we decided to run experiments with the probability of connection E-I being 
the most important variable within these simulations while other parameters remained 
constant at a value of 0.1. The experiment is summarized in Fig. 3.2.a 

 

 
 
Fig. 3.2.a Schematization of the experiment designed to test the assumption that the 
probability of connection E-I as a single parameter can create an observable pattern 
that can define where the peak frequency of the power spectrum is located.  
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The results from this experiment are plotted in Fig. 3.2.b.  
 

 

 
Fig. 3.2.b Influence of the probability of connection E-I on peak frequency.  

 
Here, similar to the observations made with only the ratio E/I as a parameter and as the 
probability of connection E-I increases, there is no consistent increase or decrease to be 
observed. However, in contrast to the results with the ratio E/I, Fig. 3.2.b shows the highest 
maximum frequency at a probability of connection E-I = 0.5 and other maximum peak 
frequencies occur below it to the left and the right. Both on the left and the right, the patterns 
are continuously regular whenever they increase or decrease. Also, the smallest maximum peak 
frequency occurs at the probability of connection E-I = 1. The variance between the smallest 
maximum peak frequency(~63 Hz) and the highest peak frequency (~70 Hz) on the moving 
average plot is approximately twice (~7 Hz) that observed with the ratio E/I observed in the first 
preliminary experiment.  

 
Based on the definition of importance of a parameter and Fig. 3, key information is to be taken 
into consideration in generating realistic simulations with LFPy; hence, the probability of 
connection E-I appears to be more important than the ratio E/I. Even though it does not seem 



 

40 

 

to be the sole most important factor, the connection probability E-I seems to be a much more 
determining factor than the ratio E/I. Hence, it must be taken into consideration in future 
simulations.  
 
 
The preliminary experiment 1 results show that the ratio E/I taken solely does not play a key 
role even though its role is not to be neglected while defining where the peak frequency should 
be. The results in preliminary experiment 2 show that the probability of connection E-I is a 
parameter to be closely monitored in future simulations. These observations will set the basis 
for running two-dimensional experiments where all simulations consider at least two variables.  
 

 
Definition of success in identifying key parameters for bifactorial simulations:  
A combination of two parameters will be considered viable if peak frequencies can be 
observed within the range of ~50 to ~80 Hz while the two parameters are combined 
before the simulation. Figure 3 still applies. In addition, because two (2) parameters are 
being combined, the results will be represented as a heatmap in order to observe some 
of the scenarios illustrated in Fig. 3.2.c. 
 
 

 
 
Fig. 3.2.c Illustration of the definition of success. Brown rectangles indicate that the 
peak frequencies are higher and blue rectangles indicate that the peak frequencies are 
lower.  
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Moving forward, the definition of success will be validated if one of the scenarios illustrated 
above can be observed and if the peak frequencies range between ~50 and 80 Hz.  
 
 
3.3 Preliminary experiments: a two-dimensional simulations approach with the ratio E/I and 
the probability of connection E-I 
 
Prior to testing more hypotheses, it is critical to highlight the complications related to running 
multiple simulations to test multiple parameters. Indeed, running simulations on computers 
with 8GB of ram memory on a network of 100 neurons would take approximately 15 to 20 min, 
whereas for 1,000 neurons it would take slightly more than 2.5 hours on average. The 
implications of such lengthy computational times are that in the instance of testing nine (9) 
different probabilities of connections for the connection E-I and eight (8) different ratios, which 
in total would be 72 (8x9) simulations on networks of 1,000 neurons, the total duration of the 
simulations would be about 7.5 days plus the additional risk of running out of ram memory. A 
wiser decision would be to reduce the number of neurons and test the parameters cited in the 
methods. Consequently, to obtain highly qualitative results, a decision was made to run 
simulations on smaller networks, granted that the results generated by such networks would 
yield power spectra with lower amplitude than networks of 1,000 neurons for the same 
parameters. Neural networks of 300 neurons were chosen for these experiments. Here, it is 
important to mention again that larger neural networks are always more complex in their 
architecture than smaller networks. For instance, a network of 100 neurons is less complex 
than a network of 1,000 neurons which is less complex than a network of 1 million neurons. 
Trade-offs on the size of the neurons require finding patterns that can be scaled rather than 
exact replication of the exact biological processes. This means that a pattern resulting from a 
network configuration with 300 neurons can be scalable to a network 1,000 neurons so that the 
exact same biophysical decomposition can be obtained even if the network size was to be 
increased to a value of 10 million, for example. To reduce the risk of running into power spectra 
that fail to represent the real EEGs to be analyzed, all power spectra resulting from simulations 
were smoothed using a moving average function before performing any other computation on 
them.  
 
To establish which factor between the ratio E/I and the connection probability E-I is more 
definitive in shifting the peak frequency in neural networks, preliminary simulations were run 
on networks of 300 neurons. The collected results are summarized in Fig. 3.3 as a heatmap, 
where the x-axis is the ratio E/I and the y-axis is the probability E-I. The third parameter was the 
peak frequency resulting from the corresponding ratio and connection probabilities used in the 
simulation. The peak frequency determined the intensity of the color code of each box in the 
heatmap.  
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Fig. 3.3 Heatmap resulting from a combination of the ratio E/I and the probability E-I 
as key parameters. The color bar on the right of the image indicates the intensity of the 
peak frequency.  
 

NB: For simplicity, while interpreting the heatmaps, we consider that a code (R = X, C = Y) 
means that the ratio E/I (R) is equal to the corresponding value of the ratio E/I and that the 
connection probability (C) is equal to the corresponding connection probability.  

 
Figure 3.3 shows that except for (R = 5, C = 0.1), (R = 8, C = 0.1), (R = 7, C = 0.4), other peak 
frequencies range between 50 and 65Hz with the highest values attained ratios values around 7 
or 8. Overall, most peak frequencies tend to aggregate around 60 Hz. With these experiments, 
frequency ranges above 65 Hz are barely covered; hence, we cannot solely rely on a 
combination of the ratio E/I and the probability of connection E-I to simulate different possible 
combination scenarios in the gamma band. To simplify the interpretation of the heatmaps, they 
were reduced into four (4) quadrants containing an average of the value of the peak frequency. 
The process was as follows:  

1. The row with the connection probability of 0.9 was removed. 
2. The column containing the ratio 8E/I was also removed 
3. The values in each quadrant were computed and a new resulting heatmap plotted. 
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The reduction of the heatmaps is illustrated in Fig. 3.3.a. 
 
 
 

 

 
 
 
Fig. 3.3.a Reduction of peak frequencies heatmaps into heatmaps with four (4) quadrants 
 
After the reduction of the heatmaps, it became clear that a combination of the ratio E/I and the 
probability of connection E-I also lies on average between 55 and 59 Hz. The failure to validate 
the definition of success in identifying key parameters for bifactorial simulations imposes a 
reevaluation of the assumption that the peak frequency must be purely affected by a 
combination of the ratio E/I and the probability of connection E-I.  
 
To better understand of the combinations that will provide consistent peak frequencies across 
the gamma band, more exploratory experiments were conducted. It became important to test 
how other connection probabilities work in correlation with the ratio E/I to affect the peak 
frequency of the EEG power spectrum.  
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3.4 Preliminary experiments: a two-dimensional simulations approach with the ratio E/I and 
the probabilities of connection I-E, E-E, I-I 

 
Previously, it was discovered that a combination of the ratio E/I and the probability of connection 
E-I is not the sole definitive factor in determining where the peak frequency of the power 
spectrum is expressed.  
This led to running simulations with the ratio E/I and the probability of connection I-E, which is 
certainly to not confuse with the probability of connection E-I. The results for such an experiment 
are depicted in Fig. 3.4.a. 

 

 
 
Fig. 3.4.a Heatmap resulting from a combination of the ratio E/I and the probability I-E 
as key parameters. The color bar on the right of the image indicates the intensity of the 
peak frequency. 
 
 

Following the same process described in Fig. 3.3.a, Fig. 3.4.a was also reduced into its 
equivalent quadrants. 
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Fig. 3.4.b Reduced heatmap of Fig. 3.4.a 

 
With Figs. 3.4.a and 3.4.b, observations could be made that higher connection probabilities 
resulted in higher peak frequencies across the heatmap. In addition, from the first quadrant to 
the second and third quadrants there is a clear difference in average peak frequencies (12 Hz 
vs. 4 Hz for E-I connection probabilities). When comparing Figs. 3.3.a and 3.4.a, one can also 
observe that taken solely with the ratio E/I as a simulation factor, the connection probability I-E 
yielded peak frequencies much higher in intensity than the connection probability E-I. Finally, 
even though there is a clear demarcation between the combination of the ratio E/I and the 
connection probability E-I on the one hand, and the combination of the ratio E/I and the 
connection probability I-E on the other, the lack of coverage of peak frequencies between 64 
and 72 Hz is also an important observation to be made because it reveals that another 
parameter may be involved. Hence, more exploratory research was conducted with the 
remaining two (2) connection probabilities in correlation with the ratio E/I.  
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The third probability of connection tested in correlation with the ratio E/I is the probability of 
connection E-E. The results from this experiment are depicted in Fig. 3.4.b and the 
corresponding reduced map is depicted as Fig. 3.4.d.  
 
 
 
 
 

 

 
 

Fig. 3.4.c. Two-dimensional map resulting from a combination of the ratio E/I and the 
probability E-E as key parameters. The color bar on the right of the image indicates the 
intensity of the peak frequency. 
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Fig. 3.4.d Reduced heatmap of Fig. 3.4.c 
Here again, just as in Fig. 3.3, Fig. 3.4.c also fails to provide conclusive results that can 
consolidate the idea that only the ratio E/I and the probability E-E are the determining factors 
for the peak frequency location in the gamma band for EEGs performed on healthy human 
brains. Variance of only 5 Hz is observed between the lowest and highest values.  
 
To finish the exploratory work on 2-dimensional simulations, the connection probability I-I was 
tested in correlation with the ratio E/I. The results are depicted in Fig. 3.4.e and the 
corresponding reduced map is illustrated in Fig. 3.4.f. 
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Fig. 3.4.e Two-dimensional map resulting from a combination of the ratio E/I and the 
probability I-I as key parameters. The color bar on the right of the image indicates the 
intensity of the peak frequency. 
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Fig. 3.4.f. Reduced heatmap of Fig. 3.4.e 
 
Figure 3.4 shows that the peak frequency varies negligibly around 52 Hz when the ratio E/I and 
the probability of connection I-I are combined. The variance between the highest and lowest 
values is only 4 Hz. Hence, this last combination fails to validate the definition of success in 
identifying key parameters for simulations. 

 
At the end of the preliminary experiments, some important lessons were learnt. Notably, the 
peak frequency is not solely shifted along the gamma band by a combination of the ratio E/I 
and one of the probabilities of connection E-I, I-E, E-E, I-I. However, each of them plays a 
specific role in defining where the peak frequency should lie. Hence, the role that each of them 
plays is to be determined. This conclusion led to running simulations that took all the above 
parameters into consideration. The decision was hence made to run multifactorial simulations 
that will combine all the connection probabilities together.  

 
In planning multifactorial simulations, some new considerations must be made. From each 2-
dimensional simulation, the conclusion that the ratio E/I is not a determining factor as to where 
the peak frequency should be led to continuing experiments with the ratio E/I = 4. This ratio 
was used as a result of the research from Dehghani et al. (2016). The next consideration to 
make was the number of simulations to run. Earlier, it was mentioned how each simulation is 
costly in terms of time and computer resources. The considerations and the computations that 
took place to reach the critical number of simulations necessary will be discussed in the 
following section. The multifactorial approach also successfully validates the definition of 
success in identifying key parameters for simulations. 
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3.5 Multifactorial simulations based on a combination of ratio E/I and the probabilities of 
connection I-E, E-E, I-I 

 
The preliminary experiments showed that a combination of all the connection probabilities with 
a ratio E/I was imperative to obtain simulations that match the real EEG measured in the lab on 
real healthy human patients.  
 
Because a multifactorial approach of the simulation comprises one (1) fixed factor, the ratio 
4E/I, and four (4) additional parameters, which are the probabilities of connection, 
experimenting all these parameters will require a total of 6,561 simulations. For networks of 
300 neurons, this would take approximately 73 days to run all the simulations. For networks of 
1,000 neurons, it would be about 342 days. This method is not efficient as it is limited by time 
constraints and does not offer us the opportunity to test different scenarios that may erupt 
from our simulations; therefore, another approach was designed. It is important to remember 
that the goal of these experiments is to identify the parameters that allow running simulations 
that effectively sweep the gamma band with a sharp peak. In other words, a peak frequency 
obtained at 40 Hz then another at 50 Hz then another at 60 Hz and, lastly, a peak frequency 
with a magnitude in the order of 70 Hz would mean that success was achieved. 
 
Our approach consisted in increasing the individual connection probabilities all at once while 
keeping one connection probability significantly higher than the others. This strategy is 
depicted in Fig. 3.5.1, where the designed multifactorial approach is explained. The goal is to 
understand the impact that a higher ratio E-I plays on the location of the peak frequency. 
 

 
 
Fig. 3.5.1 Illustration of the design of multifactorial using all four connection probabilities 
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The idea behind this approach is to clearly define which parameter has the most impact on 
where the peak frequency lies. It is also important to note that the existence of a peak 
frequency returned by our algorithm with a small number of neurons does not exclude the fact 
that there is noise in the signal around the peak frequency (Fig. 3.5.2). It is precisely such 
scenarios that we are trying to exclude from our simulations while clearly identifying the 
parameters that will play a key role in defining where the peak frequency lies. Because the 
purpose here is to only identify key parameters to reproduce the experiments on larger 
networks with the same parameters, simulations are kept on networks of 300 neurons.  
 
After running such multifactorial simulations with each of the four (4) different connection 
probabilities being the key parameters in our simulations, we obtained some convincing results, 
which are summarized in Fig. 3.5.2. 
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Fig. 3.5.2 Smoothed spectra of simulated EEGs using LFPy. Sim_405_03_02_03 = simulation (E-
I = 0.5, E-E = 0.3, I-I = 0.2, I-E = 0.3); SM stands for “smoothed simulation.” 
 

 

 

 

 

 

SM1

SM2

SM4

SM3

SM5



 

53 

 

Figure 3.5.2 sets a critical milestone in our research as it proves that the peak frequency can be 
shifted in the gamma band by actively composing with the key four parameters that are the 
probability of connections. A closer look at the same figure shows that some peak frequencies 
are significantly lower than others in terms of amplitude; this can be explained by reasons such  
as the mutual input of inhibitory neurons into one another that simply lowers the impact of 
inhibition over the network and increases the impact of excitatory neurons. These observations 
will be explored further in the Discussion section. It is important to remember that simulations 
are made in such a way that they are scalable. The successful completion of this milestone was 
a breakthrough in the research because it provided the opportunity to execute the second 
milestone: the comparison between real human EEG data and the simulations.  
 

 
3.6 Matching the simulations with real data: The Bhattacharya method 
 
The primary focus of this research was to show that neural networks could be successfully 
simulated using the LFPy package and the resulting simulations can be used to create a 
parametric characterization for experimental data recorded in the laboratory on real human 
patients. Because all peak frequencies do not have the same amplitude, all raw simulation data 
obtained from the power spectra must be normalized. For instance, a peak frequency at 70 Hz 
with amplitude of 0.025 must be turned into a peak at an amplitude that is equal to 1.  
 
After the normalization step, comparison can start between the simulations with the real 
laboratory data. To give a preview of what is being done, Fig. 3.6.1 illustrates a sample 
comparison between real data from patients 10 and 4 simulations generated with LFPy. The 
idea is to find the simulation that matches most accurately with the input consisting of real 
patient data. 
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Fig. 3.6 Graphical comparison of a real human EEG power spectrum signal from patient 10 
and two simulations: S1 (E-I=0.5, E-E=0.3, I-I=0.2, I-E= 0.3), and  S3 (E-I=0.2, E-E=0.7, I-I=0.2, I-E= 
0.7) . R represents the real patient data and S1 and S2 represent the simulation data. After 
breaking down a simulated EEG in its corresponding power spectrum, one can 
programmatically compare real data to it and obtain the best matches.  
 
3.6.1 Comparing the simulation data with real human data 
 
In this subsection, the second milestone of the research project, which consists in building a 
matching tool to compare human subject data obtained in the lab with real humans and EEG 
simulations generated with LFPy, will be discussed. Because the project expects to have 
thousands of simulations, an automated computer approach is necessary to fasten the process 
and make it seamless. The first step of this approach is composed of two (2) normalizations of 
the down-sampled power spectrum of the simulations. Indeed, the simulations have 100 
datapoints while the real human EEG data have only 28 points. However, only arrays or 
dictionaries of the same size can be compared; therefore, it is required to down-sample our 
simulation arrays. The first normalization consists in making sure that the peak amplitude of the 
down-sampled power spectrum is at 1. Such normalizations are exemplified in Fig. 3.6, where 
S1, S2, S3, and S4 are normalized down-sampled power spectra form simulations. The second 
normalization consists in using the Softmax function described in the Methods section, a highly 

R

S1

S2
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used scientific computing method to reduce any discretely continuous distributions into a 
probability distribution.  
 
Once the two (2) normalizations are completed, the Bhattacharya method described in the 
Methods section is subsequently used to compare the real EEG with the simulations.  
 
The program written for comparison is explained in the Annex. Here again, it is important to 
define what success means when comparing simulations. Before proceeding, an important test 
of validity for the comparison between two EEG recordings is necessary. Indeed, comparing one 
probability distribution against itself will always yield a value of 0. 
 

|> bhattacharyya(patient10, patient10) 
|> 0 
 

A value of 0 means that the two probability distributions are equal; the higher the distance 
(closer to 1) the less likely the distributions are similar. For instance, for three probability 
distributions, A, B, and C, if the distance between A and B equals 0.001 and the distance 
between A and C equals 0.005, then because the distance between A and B is smaller than the 
distance between A and B, A is more similar to B than it is similar to C.  
 
 

 
As previously stated, we first determine the Bhattacharya distance between one real human 
recorded EEG and many simulations. The smaller the distance between the real human EEG 
recorded distribution and the simulations, the more likely they are to be similar. Hence, if for 
instance a first comparison between patient X data and simulation A data yields a value of 
0.005 (selected only for explanation purposes) while a second comparison between patient X 
data and simulation B data yields a value of 0.006, then patient X’s EEG will be matched with 
simulation A. Consequently, the biophysical decomposition of patient X will be made using the 
properties of simulation A. In other words, if for instance simulation A corresponds to E-I = 0.5, 
E-E = 0.3, I-I = 0.2 and I-E =  0.3, then patient X will be considered as having a similar biophysical 
decomposition of their cerebral cortex. However, one question arises: how does one determine 
a threshold when we have thousands of simulations that match a patient’s data? Is it enough to 
simply return the simulation for which the distance is the smallest? What if many simulations 
return the same value?  
 
All these questions found an answer in a parameter that we decided to call precision.  
Precision is a parameter that is fed into the comparison function. The research or medical 
professional specifies a precision value that must be between 0 and 1, preferably closer to 0, as 
the smaller the precision the more accurate the results will be. Hence, with the introduction of 
this new parameter, real patient data is collected and then compared against all the available 
simulations; the resulting distances that are returned are in turn compared against the 
precision such that if the distance is higher than the precision, then the simulation is 
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automatically disqualified. For instance, by specifying a precision value of 10−6, any 
Bhattacharya distance calculated between real patient data and a simulation that will be above 
10−6 will be automatically disqualified. The biophysical parameters for the other simulations will 
be returned as they constitute a qualifiable candidate for the parameters of the human data 
that we are comparing them against. It is also important to note that the higher the number of 
simulations the larger the size of the simulated network and the more precise the 
decomposition will be.   
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Fig. 3.6.1.a Illustration of the candidate simulations for the biophysical decomposition of the 
neural networks that generated patient 12’s EEG data with precision 0.005 
 
To verify that as the precision value gets smaller the results also become more precise, a 
precision value of 0.004 was tried with patient 12. The results are illustrated in Fig. 3.6.1.b. 
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Fig. 3.6.1.b Illustration of the candidate simulations for the biophysical decomposition of the 
neural networks that generated patient 12’s EEG data with precision 0.004 
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By comparing Figs. 3.6.1.a and 3.6.1.b, one can observe that the results obtained in Fig. 3.6.1.b 
are all available in Fig. 3.6.1.a; however, the opposite is not true. This observation concurs that 
precision is an excellent tool for determining how precise one want to be with the results. All 
real patient data were input in the computer in order to find their matches based on specific 
precision values. The results of this experiment are listed in Table 1.  

Patient  Precision = 0.0069 Precision = 0.005 Precision = 0.004 
Patient 1 (0.2, 0.3, 0.2, 0.7) 

(0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.3) 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 
 

(0.2, 0.3, 0.2, 0.7) 
(0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.7, 0.2, 0.3) 
(0.3, 0.7, 0.2, 0.7) 
 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 

(0.2, 0.7, 0.2, 0.7) 
 
 
(0.3, 0.7, 0.2, 0.3) 
 
 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 

Patient 2 (0.2, 0.3, 0.2, 0.3) 
(0.2, 0.3, 0.2, 0.7) 
(0.2, 0.7, 0.2, 0.3) 
(0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.3) 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.3) 

(0.2, 0.3, 0.2, 0.7) 
(0.2, 0.7, 0.2, 0.3) 
(0.2, 0.7, 0.2, 0.7) 
 
 
(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.3) 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.3) 

(0.2, 0.3, 0.2, 0.7) 
 
(0.2, 0.7, 0.2, 0.7) 
 
 
 
 
(0.3, 0.7, 0.2, 0.3) 
 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
 
 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.3, 0.2, 0.7) 
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(0.8, 0.7, 0.2, 0.7) 
 
(0.9, 0.3, 0.3, 0.7) 

(0.8, 0.7, 0.2, 0.7) 
 
(0.9, 0.3, 0.3, 0.7) 

(0.8, 0.7, 0.2, 0.7) 
 

Patient 3 (0.7, 0.7, 0.2, 0.7) No match No match 
Patient 4 (0.7, 0.7, 0.2, 0.7) No match No match 
Patient 5 (0.7, 0.7, 0.2, 0.7) 

 
(0.7, 0.7, 0.2, 0.7) No match 

Patient 6 (0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.3) 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 
 

(0.2, 0.7, 0.2, 0.7) 
 
 
 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 
 

No match 
 
 
 
 
 
 
 
(0.7, 0.3, 0.2, 0.3) 
 
(0.7, 0.7, 0.2, 0.7) 
 

Patient 7 (0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.3) 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 
 

(0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.3, 0.2, 0.7) 
 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 
 

 
 
 
 
 
 
 
 
(0.7, 0.3, 0.2, 0.3) 
 
(0.7, 0.7, 0.2, 0.7) 
 

Patient 8 (0.2, 0.3, 0.2, 0.3) 
(0.2, 0.3, 0.2, 0.7) 
(0.2, 0.7, 0.2, 0.3) 
(0.2, 0.7, 0.2, 0.7) 
 

 
(0.2, 0.3, 0.2, 0.7) 
(0.2, 0.7, 0.2, 0.3) 
(0.2, 0.7, 0.2, 0.7) 
 

 
(0.2, 0.3, 0.2, 0.7) 
 
(0.2, 0.7, 0.2, 0.7) 
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(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.3) 
 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7)  
(0.7, 0.7, 0.2, 0.3) 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.3) 
(0.8, 0.7, 0.2, 0.7) 
 
(0.9, 0.3, 0.3, 0.7) 
 

(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.3) 
 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7)  
 
 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.3) 
(0.8, 0.7, 0.2, 0.7) 
 
(0.9, 0.3, 0.3, 0.7) 
 

 
 
(0.3, 0.7, 0.2, 0.3) 
 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7)  
 
 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.3) 
(0.8, 0.7, 0.2, 0.7) 
 
 
 

Patient 9 (0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.3, 0.7) 
 

(0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.3, 0.2, 0.7) 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 
(0.7, 0.3, 0.2, 0.3) 
 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.3, 0.7) 

 
 
 
 
 
 
 
(0.7, 0.3, 0.2, 0.3) 
 
(0.7, 0.7, 0.2, 0.7) 
 

Patient 10 (0.2, 0.3, 0.2, 0.3) 
(0.2, 0.3, 0.7, 0.3) 
(0.2, 0.3, 0.7, 0.7) 
(0.2, 0.7, 0.2, 0.3) 
(0.2, 0.7, 0.7, 0.7) 
 
(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.7, 0.7) 
(0.3, 0.7, 0.7, 0.7) 
 

(0.2, 0.3, 0.2, 0.3) 
(0.2, 0.3, 0.7, 0.3) 
(0.2, 0.3, 0.7, 0.7) 
(0.2, 0.7, 0.2, 0.3) 
 
 
(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.7, 0.7) 
(0.3, 0.7, 0.7, 0.7) 
 

(0.2, 0.3, 0.2, 0.3) 
(0.2, 0.3, 0.7, 0.3) 
(0.2, 0.3, 0.7, 0.7) 
 
 
 
(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.7, 0.7) 
(0.3, 0.7, 0.7, 0.7) 
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(0.7, 0.7, 0.2, 0.3) 
(0.7, 0.7, 0.7, 0.7) 
 
 
(0.8, 0.3, 0.7, 0.7) 
(0.8, 0.7, 0.2, 0.3) 
(0.8, 0.7, 0.7, 0.7) 
 
(0.9, 0.3, 0.3, 0.3) 
(0.9, 0.3, 0.3, 0.7) 
(0.9, 0.3, 0.7, 0.7) 
(0.9, 0.7, 0.3, 0.3) 
(0.9, 0.7, 0.3, 0.7) 
 

(0.7, 0.7, 0.2, 0.3) 
(0.7, 0.7, 0.7, 0.7) 
 
 
 
(0.8, 0.7, 0.2, 0.3) 
(0.8, 0.7, 0.7, 0.7) 
 
(0.9, 0.3, 0.3, 0.3) 
(0.9, 0.3, 0.3, 0.7) 
(0.9, 0.3, 0.7, 0.7) 
(0.9, 0.7, 0.3, 0.3) 
(0.9, 0.7, 0.3, 0.7) 
 

(0.7, 0.7, 0.2, 0.3) 
(0.7, 0.7, 0.7, 0.7) 
 
 
 
 
(0.8, 0.7, 0.7, 0.7) 
 
(0.9, 0.3, 0.3, 0.3) 
 
 
(0.9, 0.7, 0.3, 0.3) 
 

Patient 11 (0.2, 0.3, 0.2, 0.3) 
(0.2, 0.3, 0.2, 0.7) 
(0.2, 0.3, 0.7, 0.3) 
(0.2, 0.3, 0.7, 0.7) 
(0.2, 0.7, 0.2, 0.3) 
 
(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.7, 0.7) 
(0.3, 0.7, 0.2, 0.3) 
(0.3, 0.7, 0.7, 0.7) 
 
(0.7, 0.7, 0.2, 0.3) 
(0.7, 0.7, 0.7, 0.7) 
 
 
(0.8, 0.3, 0.2, 0.3) 
(0.8, 0.7, 0.2, 0.3) 
 
(0.9, 0.3, 0.3, 0.3) 
(0.9, 0.3, 0.3, 0.7) 
(0.9, 0.7, 0.3, 0.3) 
 

(0.2, 0.3, 0.2, 0.3) 
 
(0.2, 0.3, 0.7, 0.3) 
(0.2, 0.3, 0.7, 0.7) 
(0.2, 0.7, 0.2, 0.3) 
 
(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.7, 0.7) 
 
(0.3, 0.7, 0.7, 0.7) 
 
(0.7, 0.7, 0.2, 0.3)  
 
 
 
 
(0.8, 0.7, 0.2, 0.3) 
 
(0.9, 0.3, 0.3, 0.3) 
(0.9, 0.3, 0.3, 0.7) 
(0.9, 0.7, 0.3, 0.3) 
 

 
 
 
 
(0.2, 0.7, 0.2, 0.3) 
 
(0.3, 0.3, 0.2, 0.3) 
(0.3, 0.3, 0.7, 0.7) 
 
 
 
(0.7, 0.7, 0.2, 0.3)  
 
 
 
 
(0.8, 0.7, 0.2, 0.3) 
 
(0.9, 0.3, 0.3, 0.3) 
 
(0.9, 0.7, 0.3, 0.3) 
 

Patient 12 (0.2, 0.7, 0.2, 0.7) 
 
(0.3, 0.7, 0.2, 0.3) 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 

(0.2, 0.7, 0.2, 0.7) 
 
 
(0.3, 0.7, 0.2, 0.7) 
 
(0.5, 0.3, 0.2, 0.3) 
 

(0.2, 0.7, 0.2, 0.7) 
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Table 3.1 Results from Comparing Patient Data with Simulations Using Various Precision 
Values  
 
Table 3.1 shows that for a precision value of 0.005, for instance, patient 1 has five candidate 
matches. However, as the precision level gets smaller and closer to zero as in this case 0.0025, 
only one simulation from the simulation database matches the real data from patient 12. For 
illustration purposes only, the images resulting from the comparison of patient 12 and 
simulations for various precision values are illustrated in this section.  
 

 
3.6.2 Comparing the simulation data with real human data: finding the best match 

for every patient 
 

Finding multiple matches for every patient is now possible if we specify a precision value. 
However, one must guess the precision value in order to hope to get the best fit. This is why 
some changes were brought to the program that allow us to find matches based on 
precision. Now, instead of returning multiple matches based on a value specified by the 
researcher, each input (real patient data), will return the best match and the corresponding 
precision at which such a match is observed. Figure 3.6.2. illustrates the similarity between 
each patient’s EEG and their best simulated EEG match.  

(0.7, 0.3, 0.2, 0.3) 
(0.7, 0.3, 0.2, 0.7) 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 

(0.7, 0.3, 0.2, 0.3) 
 
(0.7, 0.7, 0.2, 0.7) 
 
(0.8, 0.3, 0.2, 0.7) 
(0.8, 0.7, 0.2, 0.7) 

(0.7, 0.3, 0.2, 0.3) 
 
(0.7, 0.7, 0.2, 0.7) 
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Fig. 3.6.2 Graphs of each patients ‘ EEG spectrum with their best simulated match 
 
 
The precision value here simply represents the unique Bhattacharyya distance between the 
input and the matching simulation. Table 3.2 illustrates the best matches for each of the 
twelve (12) healthy patients’ data at hand. 
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Patient Precision Simulation 
Patient 1  0.000791 E-I= 0.7, E-E = 0.3, I-I = 0.2, I-E = 0.3 
Patient 2 0.001048 E-I= 0.5, E-E = 0.3, I-I = 0.2, I-E = 0.3 
Patient 3 0.007046 E-I= 0.7, E-E = 0.7, I-I = 0.2, I-E = 0.7 
Patient 4 0.006828 E-I= 0.7, E-E = 0.7, I-I = 0.2, I-E = 0.7 
Patient 5 0.006773 E-I= 0.7, E-E = 0.7, I-I = 0.2, I-E = 0.7 
Patient 6 0.000623 E-I= 0.7, E-E = 0.7, I-I = 0.2, I-E = 0.7 
Patient 7 0.001034 E-I= 0.7, E-E = 0.7, I-I = 0.2, I-E = 0.7 
Patient 8 0.001498 E-I= 0.3, E-E = 0.7, I-I = 0.2, I-E = 0.3 
Patient 9 0.001169 E-I= 0.7, E-E = 0.7, I-I = 0.2, I-E = 0.7 

Patient 10  0.000957 E-I= 0.9, E-E = 0.5, I-I = 0.5, I-E = 0.6 
Patient 11 0.001937 E-I= 0.2, E-E = 0.5, I-I = 0.6, I-E = 0.5 
Patient 12 0.000610 E-I= 0.7, E-E = 0.7, I-I = 0.2, I-E = 0.7 

 
Table 3.2 Showcasing Best Matches Corresponding to Each Patient 

 
Hence, Fig. 3.6.2 illustrates the best match corresponding to patient 12. One can state that 
the biophysical configuration of patient 12 would have a ratio of 4E/I and the following 
connection probabilities: E-I = 0.5, E-E = 0.3, I-I = 0.2, I-E = 0.3.  

 
 
 

3.7 Linear regression model 
 

After preliminary experiments and identifying that it was a combination of all the connection 
probabilities that played a role in defining where the peak lies, it became obvious that the 
corresponding linear regression model discussed in Section 2.5 must be a multivariable linear 
regression model. The linear regression model that would best predict the value of the peak 
frequency must be like  
 

𝑌 = 𝑎 + 𝑏!𝑝𝐸𝐼 +	𝑏/𝑝𝐸𝐸 + 𝑏K𝑝𝐼𝐼 +	𝑏"𝑝𝐼𝐸 +	ε,    Eq. (9) 
 

			 
where 𝑝𝐸𝐼 is the connection probability E-I, 𝑝𝐸𝐸 is the connection probability E-E, 𝑝𝐼𝐼 is the 
connection probability I-I, 𝑝𝐼𝐸 is the connection probability I-E, ε is the residual error or the 
difference between the actual and a predicted value, and b1, b2, b3 and b4 correspond, 
respectively, to the associated coefficients of the four (4) connection probabilities.  
 
To build the linear regression model, we used a function called fitlm in MATLAB, which 
considers a matrix of the four (4) arrays of connection probabilities that yielded the peak 
frequencies resulting from the simulation. The source code for this computation is available in 
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the annex. The linear regression model yielded Table 3.3, which allows us to easily construct a 
multilinear regression equation.  
 

 
 

 
 
Table 3.3 Multilinear Regression Coefficients Obtained Using the fitlm Function of MATLAB.  
 
Note: x1 represents the regression coefficient of the connection probability E-I (𝑝𝐸𝐼), x2 
represents the regression coefficient of the connection probability E-E (𝑝𝐸𝐸), x3 represents the 
regression coefficient of the connection probability I-I 𝑝𝐼𝐼 and x4 represents the regression 
coefficient of the connection probability I-E 𝑝𝐼𝐸. 
 
 
With the help of these results, we obtained the following linear regression model:  
 
𝑃𝑒𝑎𝑘 = 	𝟕𝟒. 𝟔𝟒𝟔	 − 	𝟗. 𝟎𝟓𝟒𝟒 ∗ 𝐩𝐄𝐈	 − 	𝟏𝟓. 𝟎𝟖 ∗ 𝐩𝐄𝐄	 − 	𝟑𝟑. 𝟔𝟗𝟔 ∗ 𝐩𝐈𝐈	 + 	𝟐𝟓. 𝟗𝟖𝟑 ∗ 𝐩𝐈𝐄 

 
Eq. (10) 

 
The implications of this equation will be identified in the Discussion section. However, it is 
important to show that this equation can accurately predict the expected peak frequencies. 
Therefore, both the actual peak frequencies obtained from the simulations and the peak 
frequencies obtained from the model were plotted to compare them against one another. The 
resulting plot is illustrated in Fig. 3.7. 
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Fig. 3.7 Illustration of actual simulated peak frequencies and peak frequencies obtained using 

Equation (10) 
 

 
 
Table 3.3 indicates a root mean squared error of 3.53. In interpreting this information, it is 
important to remember that the smaller the value the better the fitted line matches the actual 
data. Hence, a root squared mean error of 2 would be much better than a root squared mean 
of 3.53. In the Discussion section we will introduce potential corrections to obtain more 
accurate results.  
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4- Discussion 
 
 
4.1 The linear regression model 
 

In section 3.7, Eq. (10) was established as the linear regression model capable of predicting 
(with a margin of error) where a peak frequency would be in the power spectrum of a 
simulated EEG. It is necessary to address the coefficients and values that are observed in Table 
3.3 as well as Eq. (10): 
 
𝑃𝑒𝑎𝑘 = 	𝟕𝟒. 𝟔𝟒𝟔	 − 	𝟗. 𝟎𝟓𝟒𝟒 ∗ 𝐩𝐄𝐈	 − 	𝟏𝟓. 𝟎𝟖 ∗ 𝐩𝐄𝐄	 − 	𝟑𝟑. 𝟔𝟗𝟔 ∗ 𝐩𝐈𝐈	 + 	𝟐𝟓. 𝟗𝟖𝟑 ∗ 𝐩𝐈𝐄. 

 
The second column of Table 3 shows the standard error (SE) for each of the coefficients. The 
standard error of a regression coefficient is a measure of the accuracy of the coefficient. It is 
the average distance between the actual values and the model generated regression line. The 
standard error tells how wrong a linear regression model is, on average. The smaller the errors 
the better. Therefore, let 𝑆𝐸!"#$%&$'#	 be the standard error of the y-intercept coefficient, let 
𝑆𝐸')* be the standard error of pEI, let 𝑆𝐸'))  be the standard error of pEE, let 𝑆𝐸'** be the 
standard error of pII and let 𝑆𝐸'*)  be the standard error of pEI. One can observe that the 
𝑆𝐸!"#$%&$'#	 is the smallest while 𝑆𝐸'*)  is the largest.  
 
On the one hand, Equation (10) shows that the peak frequency is positively correlated with the 
connection probability I-E because the regression coefficient for this connection probability is 
positive. This means that as the connection probability I-E increases, the peak frequency of the 
simulated EEG tends to appear in the higher range of the gamma band. A quick glimpse at Fig. 
3.4.b shows that it is specifically when an emphasis is placed on this variable that one can 
observe peak frequencies in the higher range of the gamma band. On the other hand, the same 
equation shows that other connection probabilities, i.e., E-I, E-E and I-I, are negatively 
correlated with the peak frequency because their regression coefficients are negative.  
 
Let 𝑐𝑜𝑒𝑓')* be the regression coefficient of pEI, 𝑐𝑜𝑒𝑓'))  be the regression coefficient of pEE, 
𝑐𝑜𝑒𝑓'** be the regression coefficient of pII and 𝑐𝑜𝑒𝑓'*)  be the regression coefficient of pIE. In 
terms of magnitude, one can observe that 𝑐𝑜𝑒𝑓')* is the smallest coefficient and 𝑐𝑜𝑒𝑓'** is the 
largest coefficient, i.e., 
 

?𝑐𝑜𝑒𝑓')*? < ?𝑐𝑜𝑒𝑓'))? < 	 ?𝑐𝑜𝑒𝑓'*)? 	< 	 ?𝑐𝑜𝑒𝑓'**?. 
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With this observation, one could argue that neural connections that originate from inhibitory 
neurons tend to have a stronger impact over the location of the peak frequency of an EEG in 
the gamma band.  
 

 
Other insightful information provided by Table 3 are p-values. Wassertein and Lazar (2016) [53] 
define the p-value as the probability that the null hypothesis is true. This mean that the p-value 
indicates the likelihood that a change in a variable associated to a specific regression coefficient 
may have on the value of the peak frequency. For instance, the p-value of pEI, which is equal to 
0.3218, indicates that there is 32.18% probability that there is no real increase or decrease in 
the peak frequency as a result of changing the probability of connection E-I. It is standard in 
research to consider a p-value of 0.05 as the benchmark for keeping or rejecting the null 
hypothesis, meaning accepting or rejecting the possibility that a variable should be kept as 
important or not. Hence, based on Table 3.3, only the p-values of the y-axis intercept and pII 
are below the 0.05 threshold. As result, one could be tempted to rewrite a corrected version of 
Eq. (10) so that it becomes  
 

𝑃𝑒𝑎𝑘 = 	𝟕𝟒. 𝟔𝟒𝟔	 − 	𝟑𝟑. 𝟔𝟗𝟔 ∗ 𝐩𝐈𝐈.     Eq. (11) 
 
 
Figure 4 shows a comparison between the actual peak frequencies, the linear regression model 
peak frequencies and the corrected model peak frequencies.  
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Fig. 4. Plot of the actual peak frequencies, the linear regression model peak frequency and 
the corrected model of the peak frequencies 
 
To better understand whether the corrected model is a better representation of the actual 
peak frequencies than the initial regression model, we computed the root square mean 
between the actual peak frequencies and the corrected model. Hence, the value of this root 
mean squared error was 4.42, which is higher than the root square mean in Table 3.3. 
Therefore, the initial regression model as presented in Eq. (10) is a better representation of the 
actual peak frequency simulated using LFPy. Moreover, in contrast to inhibitory neurons, 
excitatory neurons have a different impact on EEG signals in the gamma band. In fact, Lally et 
al. (2013) [54] used concurrently acquired event-related magnetic resonance spectroscopy and 
EEG to demonstrate that there is a strong relationship between dynamic glutamatergic 
concentration and the amplitude of synchronized neuronal oscillations in the gamma band only 
(not in beta, alpha theta, or ERP) in vitro. Therefore, neural connections that involve excitatory 
neurons are as important as neural connections that involve inhibitory neurons. It is a regulated 
combination of the four types of probability of connection that generates an accurate 
biophysical description of a neural network. 
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Due to the linear regression model, it became undeniable that when it comes to identifying 
where the peak frequency will lie in the gamma band, I-I connections are the most important 
neural connections. Therefore, when in vivo, I-I connections seem to be more prominent in the 
brain. It turns out that during learning and memory acquisition, the brain must make an 
abstraction of its current data and push them in the background in order to store new data 
[55]. This explains why the data recorded in the lab produced EEGs in the gamma band. 
Besides, in the case of pathologies such as absence epilepsy, I-I connections seem to be very 
strong as well [56]. In opposition to memory acquisition and learning where I-I connections are 
strong, in the case of Alzheimer’s disease for instance, less inhibition will be observed 
throughout the network. This explains why patients with Alzheimer’s tend to not acquire new 
memories in some of the most extreme cases of the disease and show EEGs with fast spectra.   
 
Despite having successfully achieved the goal of describing human neural networks, it is 
important to point out that the research was not without limitations. In the next section, such 
limitations will be discussed.  
 
 
4.2 Simulation data limitation 

 
As previously stated in other sections, one of the biggest limitations of this research is the 
computational power. Ideally, we would run simulations of networks of thousands of neurons, 
switching the probabilities of connections and repeating the comparison process. This would 
give us a full spectrum for classifying every single patient data available. However, such a 
project would take years just for the simulations to run.  
 

 
Because EEG sums all the electrical activity measured on the scalp, recording an EEG on a real 
patient cannot be completely cleared of internal artifacts caused by the thoughts that patients 
have during the recording, eye-blinks, moving muscles, jaw clenching, eyeball movement, or 
any other electrical input resulting from involuntary actions by the patient. There is also a 
presence of physical external artifacts external physical sources such as power-line noise, 
electromagnetic fields, and bad skin contact between the electrode and the scalp. This could 
explain why the peak frequencies of the EEG recorded from the patients vary by around 60 Hz.  
 
Our research focused only on 12 healthy patients; by having more patient data, one should be 
able to obtain a linear model with smaller errors.   

 
4.3 Recommendations for future work 

 
4.3.1 Deep learning or machine learning approaches to our research 

 
In our research, we performed a direct comparison and returned a set of parameters 
corresponding to the simulation. Another approach could have been to generate a significant 
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number of simulations and use a deep learning or machine learning algorithm to predict 
patterns that will simply decompose the real data. This will become handy as the simulation 
databases are populated with millions of simulations. 
 
Using this approach, we will use the same steps described in Section 3.6.1 and then make a step 
further where we train machines to recognize patterns so that we no longer need to feed the 
machine with simulations but rather the machine will predict and return a set of parameters 
based on the large set of simulations that were fed into it. Figure 4.3.1 depicts the breakdown 
of the steps required in either machine learning or deep learning.  
 

 
 

 
 
Fig. 4.3.1 Comparison between machine learning and deep learning 
 
 

Frid et el. 2018 [57] published research in which they developed a method based on gathered 
event-related potentials and machine learning for decomposing EEG signals into multiple 
variables in order to analyze the differences between dyslexic and skilled readers. They created 
a tool where they used EEG as input and extracted information from power spectra of those 
inputs to train the computer to differentiate between dyslexic and skilled readers. 

 
 
 
 

Feature extraction

E-I | E-E 
I-I | I-E
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4.3.2 Profiling ailments efficiently 
 

One of the benefits of this research is that we can now profile some ailments such as epilepsy 
with regards to the electrical patterns recorded with EEG. In the case of epilepsy, for instance, 
the idea is that we can collect thousands of real data from epileptic patients, then compare 
such data with the simulations and report the frequency of observable repeated patterns. For 
instance, assuming we would observe that patients with epilepsy tend to have a probability E-I 
that is very low while the probability I-I is very high, or some other combination. By using our 
tool to make the comparison, medical practitioners would significantly reduce the time it takes 
to find drugs with a tailored posology that will work for a particular patient.  
 
4.3.3 Drug-testing in pharmacology 
 
Once researchers are able to profile some ailments, a corrective approach could be used. The  
idea of such a corrective approach will be to use drugs to balance the electric output of neural 
networks based on the decomposition that has been made. Indeed, this approach would be like  
what has been done for centuries by optometrists. In fact, when one goes to the optometrist 
for myopia correction, for instance, the optometrist evaluates the vision of the patient based 
on some preset glasses. After the patient confirms that they can see with the presets, the 
optometrist prescribes glasses that will allow the patient to see images without distortions. The 
optometrist brings the vision of the patient back to what is deemed normal and comfortable.  
 
In pharmacology, our discovery can be used by researchers to know the drugs that could bring 
dysfunctional neural networks to a balance of 4E/I.  
 

5- Conclusion 
 
Since 1975, when Sillito [58] showed that pharmacologically blocking inhibition resulted in 
some neurons losing their selectivity to various stimuli and Dichter and Ayala (1987) [59] 
showed that the same experiment caused epilepsy, there has not been significant research 
done to biophysically describe the configuration of such neural networks. However, due to 
limited computational tools, successive attempts were unfruitful. Hence, patients suffering 
from ailments due to an imbalance between excitatory and inhibitory neurons have been 
subjected to uncertainty or, in some cases, long waiting times just to be prescribed the most 
effective therapeutics. Our research has shown that EEGs can be simulated on computer using 
LFPy and compared against real human EEGs using the Bhattacharyya method in order to 
obtain a biophysical description of the patient’s brain. In addition, with the linear model that 
resulted from the findings, we believe that understanding human neural networks will no 
longer be a mystery for researchers. This discovery provides a foundation for future research 
that will allow researchers to promptly find solutions that will effectively treat patients.   
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