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RESUMEN

La epilepsia es una condición neurológica que afecta el sistema nervioso central. Se estima

que aproximadamente 1-3% de la población mundial padece esta enfermedad. Recientemente,

se descubrió que la actividad cerebral eléctrica de pacientes con epilepsia presenta un tipo

particular de oscilaciones de alta frecuencia, baja amplitud y corta duración, las cuales se

conocen con el nombre de ondas rápidas. Los mecanismos por los cuales estas oscilaciones se

producen aún no han sido aclarados.

La importancia de dichas oscilaciones radica en que sólo se presentan en cerebros epilépticos

y no en cerebros sanos; además, existe una alta correlación entre la tasa de aparición de estas

oscilaciones y la severidad de las crisis epilépticas. En estudios recientes se ha comprobado

que la reducción o supresión de las oscilaciones de alta frecuencia por medios farmacológicos

o quirúrgicos, reduce la aparición de crisis epilépticas.

En este trabajo, se desarrolló un modelo computacional de una región del cerebro para el

estudio de las oscilaciones de alta frecuencia y su modulación mediante la aplicación de ciertas

drogas. El modelo está sustentado con datos obtenidos experimentalmente de ratas tratadas

con pilocarpina para producirles epilepsia del lóbulo temporal, así como en una revisión ex

tensiva de la literatura y distintas bases de datos para conocer la fisiología y conectividad de

la región modelada.

El modelo fue diseñado con la metodología modelado a detalle y consta con mas de diez

mil neuronas conectadas mediante sinapsis químicas y eléctricas. Esta metodología permite

modelar las corrientes iónicas a nivel de membrana celular así como los cambios el voltaje

de las neuronas. También es posible modelar las corrientes post-sinápticas, conectividad

neuronal, estimulación eléctrica y el efecto de algunas drogas.

El modelo, aunque en éste caso es usado principalmente para el estudio de las oscilaciones

de alta frecuencia, también es capaz de reproducir una gran variedad de oscilaciones presentes

tanto en cerebros sanos como en cerebros con epilepsia. Dicho modelo es consistente con
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RESUMEN

observaciones experimentales y es una herramienta útil para el estudio de distintos fenómenos

relacionados con la epilepsia.



ABSTRACT

Epilepsy is a neurological condition that affects the central nervous system. It is estimated

that approximately 1-3% of the world population suffer from this disease. Recently, it was

discovered that electrical brain activity of epilepsy patients presents a particular type of

high frequency, low amplitude and short duration oscillations, known as fast ripples. The

mechanisms by which these oscillations occur have not been clarified.

The importance of these oscillations lies in that they only occur in epileptic brain and

not in healthy brains; in addition, there is a high correlation between the rate of appearance

of these oscillations and the severity of seizures. Recent studies have shown that reduction

or abolition of high frequency oscillations by pharmacological or surgical means, reduces the

occurrence of seizures.

In this paper, a computational model of a brain región for the study of high-frequency

oscillations and their modulation by the application of certain drugs was developed. The

model is supported with experimental data obtained from rats treated with pilocarpine to

produce them temporal lobe epilepsy, as well as an extensive review of the literature and

various databases for the physiology and connectivity of the modeled región.

The model was designed under the detailed modeUng methodology which consists of ten

thousand neurons connected by chemical and electrical synapses . This methodology allows to

model the ionic currents at the cell membrane level and changes in the voltage of neurons. It is

also possible to model the post- synaptic currents, neuronal connectivity, electrical stimulation

and the effect of some drugs

The model, although in this case it is used mainly for the study of high frequency oscil

lations, is also capable of reproducing a variety of oscillations present in healthy brains and

in brains with epilepsy. This model is consistent with experimental observations and it is a

useful tool for studying various phenomena related to epilepsy.
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Chapter 1

Introduction

Neurological disorders affect as much as 1 billion people in the world. There are more than

600 neurological disorders that goes from modérate to severe. One of the most common brain

disorders is epilepsy. Epilepsy is a disorder characterized by recurrent, spontaneous seizures

that affects 1 to 3% of the world population [1], where 85% of those cases occur in developing

countries. Despite the development of different drugs to treat epilepsy, the percentage of

patients whose epilepsy is resistant to drugs remains the same. Recent studies have show that

a special type of signáis may be implicated in the development and generation of epilepsy,

and that these signáis may not be suppressed by traditional pharmacology. These signáis are

known as high frequency oscillations or fast ripples and it has been proved that they occur

only in epileptic brains, whereas in healthy brains these oscillations are not observed. It is

important to mention that the apparition of fast ripples occur even before the apparition of

the first seizure, thus, fast ripples may be a good biomarker of epilepsy. It is still not clear

how these oscillations are generated, given the electrical activity of individual neurons in the

brain can not achieve such high frequencies, but is has been shown that resecting áreas that

genérate fast ripples result in a reduction of seizures. In this work, a computational model of

the región involved with the development of focal epilepsies was developed to study how fast

ripples may be generated and how they may be suppressed. This work includes results from

biological experiments carried out during the development of the thesis in collaboration with

a multidisciplinary group.
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1. Introduction

1.1 Background and motivation

Written reports of epilepsy exist since the fifth century B.C., although the first medical report

was made in 1860. Despite advances in medicine, 30% of epilepsy patients are resistant to

medications, and the cause for this drug resistance is still unknown. Epilepsy is unpredictable

and usually prevents people who suffer this condition having a normal life.

Recently, a particular type of oscillation in epileptic brains was discovered. These oscilla-

tions that are low in amplitude, short in duration and with frequency between 100-600 Hz are

believed to play a key role in the development of epilepsy during early stages of the disease

and in the generation of seizures. Fast ripples appear several weeks before the apparition of

the first seizure, as a consequence of the underlying changes in the brain that lead to epilepsy.

The resection of áreas presenting fast ripples dramatically reduces the severity and apparition

of seizures.

Although several hypothesis about the generation of fast ripples have been made, there

is no consensus on this. The reason is due some uncommon features of fast ripples, first, the

high frequency range (100-600 Hz) of these oscillations appear to contrast the relative slow

firing rate of individual neurons (5-15 Hz). In addition, fast ripples are highly localized and

restricted to small áreas of tissue, contrary to large epileptiform waves that propagates to large

áreas of the brain. Another factor is that they persist even when principal neuroreceptors are

blocked by pharmacological means. These factors make difficult to identify the mechanisms

that genérate these mechanisms.

Given the implication that fast ripples have in the generation of seizures and the fact that

the resection of áreas generating fast ripples improves the condition of epilepsy patients it is

of great importance to study the mechanisms that generates them in order to find a method

to abolish them without surgical procedures.

1.2 Statement of the problem and justification

In order to study biological phenomena it is necessary to perform several laboratory experi

ments. These experiments generally require a lot of settings and procedures that take time

and are usually expensive. Special care must be taken when preparing and performing exper

iments, a single mistake can compromise the results and may lead to repetition of the whole

experiment which may take weeks or even months. Even when the experiment is carried out

without drawbacks, there are some variables that can not be analysed or measured due to the
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1.3. Thesis objectives

lack of equipment, the nature of the experiment or simply because the technology does not

exists. Further more, often it is required to change the settings of the experiments, doses of

a drug, placement of electrodes or amplitudes of injected currents for example.and this often

requires to repeat the experiment.

An important tool for analysis of biological systems, specifically neural systems, is the

design of computational models of the system under study. By developing a detailed computer

model, researchers can gain insight in their studies, ability to repeat, change and observe

several experiments and variables. Computer models allow to perform quantitative analysis

of the simulation results, and test several hypothesis.

Another important advantage of computer simulation is that neurons can be easily altered

just by changing some variables to represent, for example, the lack of some protein or some

genetic alteration, in contrast, in biological experiments neurons would have to be genetically

modified.

The mechanisms that genérate fast ripples have not been clarified yet, this is because there

are several variables that can not be analyzed experimentally. A computer model can assist

and complement the study of this phenomena.

1.3 Thesis objectives

The principal objective of this thesis is to develop a detailed computational model of the hip

pocampus to study the generation and extinction of fast ripples. Studying the mechanisms

that genérate these oscillations may lead to the development of better medication and ther-

apies to treat epilepsy. The model will be developed using the detailed modeling approach

which consists in modeling the principal types of cells with their biological parameters such

as ionic currents, morphology, neureceptors, neurotransmitters and their connectivity. The

model will consist on several thousands of neurons interconnected.

The model of the hippocampus developed in this thesis is used to study high frequency

oscillations, but its use is not restricted only to the study of these oscillations, it can also be

used in the study of several other phenomena in the hippocampus such as long term poten-

tiation, neurotransmitter reléase, effects of certain drugs, cellular death, genetic alterations

among others.
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1. Introduction

1.4 Review of previous works

In this section a brief review of modeling in epilepsy and high frequency oscillations is given.

For an extensive review on modeling in neuroscience is given in C. Rail and Hodgkin-Huxley

models are used to describe the electrical properties of the dendrites and axons respectively,

while whole cell models were proposed by Traub and colleagues for neocortical and hip-

pocampal pyramidal cells [2]- [4]. In such models, the ionic channels in each compartment are

represented by differential equations describing their properties. These early simulations iden

tified processes at the membrane level that may be responsible for the generation of intrinsic

epileptiform bursts in single cells. It allowed to perform subsequent simulations of abnormal

synchronization of large networks. In a more recent study of cortical cells [5] the authors have

shown that changes in the level of membrane potential may make the cell switch between

different firing patterns (rhythmic spiking, rhythmic bursting and fast spiking). This study,

confirmed by experimental observations, pointed against the traditional división of neocortical

cells into fixed categories based on their firing properties.

For studies of network phenomena such as those implied in epileptic discharges, models

have been proposed based on the interconnections of neuron models via synaptic processes.

The key idea is to describe subthreshold potential fluctuations and firing properties of networks

of neurons based on an accurate description of membrane processes (ionic currents) of the

different parts of each cell, and on physiologically relevant strategies to account for the pattern

of interconnections of a large number of cells. The first attempts in this context were presented

by Traub and collaborators [6]- [8] who simulated the activity of small parts of the CA3 (CA:

Cornu Amonis) of the hippocampus using networks of interconnected neurons (about 10 000

cells divided into 9000 excitatory neurons and 900 inhibitory cells), each one represented by 19

compartments. With individual cells and synapses having properties based on experimental

data, these authors studied the influence of various parameters related to synaptic strength

and connectivity. In particular, they studied the relationship between spike propagation

velocity throughout the neuronal array and the spatial extent of excitatory connectivity.

They also determined conditions relevant for the génesis of physiological and pathological

(epileptic) rhythmic activities. Seizure generation in hippocampal networks is addressed in

several computational models [9, 10].

A first computational approach using detailed modeling of the structure (dendrites, soma,

axon) and the physiology of principal neurons, to account for the generation of ripples (but
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1.4. Review of previous works

not fast ripples) was proposed by TVaub [11], following a study of HFO (70-200 Hz) in the hip

pocampus in vitro [12] which hypothesized the presence of axo-axonic gap junctions between

pyramidal cells, for which there is now some evidence from dye coupling [13] and electrón

microscopy [14]. The model for ripples consisted of a network containing multi-compartment

pyramidal cells with axo-axonic gap junctions. The model did not consider either synaptic

interactions or ephaptic interactions produced by field effects. In this case, the network ac

tivity was found to be characterized by spikelets and partial spikes, as well as by full action

potentials, in cell somata. In a second simulation phase, recurrent excitatory synapses were

added to the model and led to a different shape of the network burst with slightly faster

superimposed HFOs resembling a population spike component. These simulations suggested

that sparsely distributed gap junctions among pyramidal cells could explain high-frequency

neuronal population oscillations, without the participation of chemical synapses. The model

was then extended to include inhibitory interneurons and synaptic interactions, again sug-

gesting that ripple oscillations are primarüy due to gap junctional interconnections, but when

inhibitory input from interneurons onto pyramidal cells is powerful enough, gamma frequency

activity is produced and can be modulated at a frequency determined by the time course of

GABA/t IPSCs. Other models [15, 16] analyze theoretically the role of gap junctions in the

generation of HFO.

More recently, Taxidis and collaborators [17] proposed a model representing the CA3 and CAÍ

hippocampal áreas without gap junctions. Both áreas were represented by one-dimensional

arrays containing pyramidal cells and inhibitory interneurons and were connected in a feed

forward fashion by excitatory connections mimicking Schaffer collaterals. Only fast AMPA

and GABA.4 mediated synaptic interactions were considered. The full CA3- CAÍ model pre

dicted that quasi-synchronous population bursts in CA3 can evoke responses in CAÍ sharing

numerous characteristic features observed in real hippocampal sharp-wave ripples. In addi

tion, strong excitatory AMPA-synaptic currents and strong recurrent inhibitory connectivity

in combination with the fast time scales of IPSPs were found to be important parameters for

the sharp wave and ripple (SPWR) components, respectively. This model led to altemative

hypotheses regarding the mechanism of ripple generation in SPWRs as it relies on inhibitory

activity and solely on chemical synaptic interactions, in marked contrast with the models by

TYaub's group, although it is important to note that HFO can be generated in hippocampal

slices where chemical synapses have been blocked but not when gap junctions are blocked.

Some other theoretical studies have been presented, in [18] the contribution of intrinsic mem

brane dynamics to fast network oscillations is studied, the influence of synaptic dynamics and

5



Introduction

synaptic noise are modeled in [19, 20]. All the models mentioned above can account for the

generation ofHFO in the ripple range (70-200 Hz) approximately, but not for higher frequen

cies as in the fast ripples (200-600 Hz). Recently, two computational models were proposed

to investigate the mechanisms underlying the generation of fast ripples which are likely to be

a signature of pathological processes, as distinct from ripples at slower frequencies which may

be generated under physiological conditions. The model proposed by Ibarz and collaborators

(2010) [21] following a previous paper from the same group investigating the emergence of

HFOs (>250 Hz) in the rat epileptic hippocampus [22]. The model had a similar design

to Traub but did not include gap junction coupling. Results suggested that one essential

parameter for the emergence of oscillations in the fast ripples band was the spike timing of

pyramidal cells. Two different regimes could be identified. Fast ripples can arise from "in-

phase'' firing (resulting from pathological synchronous bursting) that produces narrow-band

oscillations (up to 300 Hz in CAÍ, and 400 Hz in the dentate gyrus). But fast ripples can also

be produced by "out-of-phase" firing patterns in neuronal clusters of slower-discharging cells,

giving rise to LFP oscillations at higher frequency.

Another model [23], was designed to analyze the hyperexcitability mechanisms at the origin

of fast ripples and epileptic spikes. This detailed model was intended to mimic the hippocam

pus CAÍ neuronal network and included both feedback and feedforward inhibition processes.

The model was found to accurately reproduce both interictal epileptic spikes and fast ripples

for quite specific parameter configurations. Results indicated that fast ripples and interictal

spikes share certain common mechanisms (shifted GABAA reversal potential, altered synaptic

transmission). However, critical differences could also be identified in terms of the number of

pyramidal cells involved, the spatial distribution of hyperexcitable pyramidal cells (clustered

vs. uniform) and the firing patterns.

In a combined experimental and theoretical study [24] authors remark the importance of gap

junctions in the generation of HFO in epileptic resected tissue of human epileptic brain. In

this study, HFO are block by means of gap junction blockers. The hypotheses on the gener

ation of fast ripples differ from group to group, and although they have shown experimental

results that partially supports their conclusions there must be further experimental work on

the subject to reconcile or discard disticnt hypothesis.

Computational neuroscience is a relatively young branch of science and it is at present in

a fast growing phase as compared to general neuroscience, which grows also strongly but more

steadily, as quantified by a number of publications per year (Figure 1.1). The proliferation of

brain models may indicate increasing awareness of, and confidence in, theoretical approaches
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Figure 1.1: Number of publications per year in neuroscience and computational neuroscience

fields, showing different dynamics (linear increase versus exponential growth) of these two

disciplines. From reference [25]

based on computational models. An increasing demand for the integration of experimental

and theoretical approaches in the neurosciences is becoming more common.
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Chapter 2

Epilepsy

Epilepsy is a disorder characterized by recurrent, spontaneous seizures [26] and it affects 1-3%

of the world population, where 85% of those cases occur in developing countries. In addition,

approximately 30% of epilepsy cases are not controllable with medication. Epilepsies can be

either gencralize or partial. Generalizo epilepsies involve the whole brain and typically result in

loss of consciousness. They occur when there is simultaneous excessive electrical activity over

a wide area of the brain, often involving the thalamus and cerebral cortex. In contrast, partial

epilepsies are characterized by seizures in which the patient maintains consciousness or altered

awareness and behavioral changes are present. These partial epilepsies produce localized

visual, auditory, and skin sensory disturbances and repetitive uncontrolled movements, but

some of them does not cause a disruption of consciousness or cognitive abilities, if they do,

then it is referred to as complex partial seizures [27].

2.1 Diagnosis and types of epilepsy

There is not a definitive test for epilepsy. The diagnosis of epilepsy is made by a physician

who incorporates the history, physical and neurological examination of a candidate patient

with epilepsy. The most useful test for the neurologist is the electroencephalograph (EEG),

múltiple EEGs may be needed before a patient can be diagnosed with epilepsy. Other tests,

such as computed axial tomography (CAT) and magnetic resonance imaging (MRI), provide

detailed images of the brain. These scans can reveal birth defects, tumors, and other brain

abnormalities that may cause epilepsy [28].
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Figure 2.1: An example of the EEG recording of absence epileptic seizure. Paroxysmal 3 Hz

spike and wave pattern emerges abruptly out of normal background and suddenly ceases after

few seconds.

the exact mechanism involved, the fundamental consequence of ion channel plasticity in the

brain is the altered synaptic transmission that may lead to either an increase or a decrease

in synaptic strength as well, alteration in communication among neurons. When a neuron is

weakly connected to other neurons, it may not contribute significantly to the overall activity of

a neuronal network, instead, neurons whose synaptic strength is high tend to synchronize.[44].
The presence of burst generating cells may contribute to epileptiform activity. The CA3 pyra

midal cells from hippocampus can intrinsically genérate bursts of two to five action potentials

upon activation by a brief depolarization. These burst discharges are generated through the

activation of slow post-synaptic potentials in the dendrites that are mediated by Na+ ¿ind

Ca2+ currents and provide a prolonged depolarization of the soma and axon initial segment,

thus promoting repetitive firing during the burst [45]. The generation of burst discharges is

not unidirectional from the dendrite to the soma because action potentials generated in the

soma can back-propagate into the dendrites, and trigger dendritic spikes [46]. The functional

consequence of burst generation in cortical neurons is the amplification of inputs. The exci

tation of these cells with excitatory postsynaptic potentials (EPSP's) of short duration may

result in the activation of several postsynaptic EPSPs, which, being generated at a relatively

12



2.4. Treatment and new therapies

high frequency and summated temporally may increase synaptic reliability. Physiological and

anatomical evidence suggests that burst-generating neurons may excite other such neurons

through local axonal collaterals, giving rise to a network of cells that can genérate powerful

recurrent excitation [47].

Synaptic and Extracellular mechanisms.

Perhaps the most prominent or studied characteristic of epilepsy is the imbalance between

excitation and inhibition, in [48] the authors demonstrated with real-time microdialysis studies

an increase in glu levéis during epileptiform bursts in awake rats. In healthy brains there is a

balanced relation between excitatory neurotransmition and inhibitory neurotransmission, in

epilepsy there is a remarkable tendency towards increased excitation and decreased inhibition.

The analysis of reduced inhibition is based on several lines of evidence from previous studies

concerning the loss of specific types ofGABAergic interneurons [49, 50]. Similarly, the analysis

of increased excitation relates to synaptic reorganization, likely arising from the onset of axonal

sprouting and an increase in recurrent excitatory circuitry [51, 52] which probably begins to

occur within a few days after an injury. Recent studies rise the possibility that key shifts in

the balance between excitation and inhibition may take place in the dendrites. [53]

Another factor that has been linked to seizures is the extracellular changes in pH. A

wide range of observations have shown that changes in extra- and intracellular pH exert a

strong modulatory effect on brain excitability under normal and pathophysiological conditions,

whereby an alkalosis enhances excitability while an acidosis has an opposite effect [54].

Network mechanisms.

At the network level there are two main factors that can lead to epilepsy, one is related

with neuronal death and the other with synaptic reorganization. Neuronal death is observed

in the hippocampus (sclerosis) with approximately 30% of dead neurons. The sclerosis pro

motes reorganization in the neuronal network, extending the axons of neurons to regions

where normally do not reach, one hypothesis for this axonal sprouting is that the brain try to

compénsate the loss of neurons. The consequence is that networks acquire a different topol

ogy where excitatory neurons form feedback loops with other excitatory cells increasing the

overall excitation. Also, there are some specific inhibitory interneurons that die during status

epilepticus, thus reducing the overall inhibitory activity [55].

2.4 Treatment and new therapies

Antiepileptic drugs.

13



Epilepsy

The first step in treating a patient with epilepsy is to adminístrate antiepileptic drugs

(AED). It is the most common and widely used therapy, it works in up to 70% of patients,

while the other 30% of patients are drug resistant and other alternatives will have to be tried.

A seizure is the cünical manifestation of a hyperexcitable neuronal network, in which, the elec

trical balance is pathologically altered and excitation predominates over inhibition. Effective

seizure treatment increases inhibitory neurotransmission or decreases excitatory transmission.

Since the normal resting neuronal membrane potential is negative, during inhibition the neu

ron is more electrically negative, hyperpolarizing the membrane, while during excitation the

intracellular potential is less negative or even positive, depolarizing the cell. On an ionic level,

inhibition is typically mediated by inward chloride or outward K+ currents, and in excitation

take place inward Na+ or Ca2+ currents. Drugs can directly affect specific ion channels or

indirectly influence synthesis, metabolism, or function of neurotransmitters or its receptors

that control channel opening and closing. The most important central nervous system (CNS)

inhibitory neurotransmitter is (GABA) while glutamate is the most important excitatory

neurotransmitter, both acting through several receptor subtypes. In Table 5.1 the principal

commercial drugs and their mechanisms of action is summarized.

The AEDs have a narrow therapeutic window and a small range of serum concentrations of

them prevents toxicity or side effects. The principal side effects of AED are sedation, fatigue,

un-coordination, mental slowing, changes in libido and behavioral changes.

Surgery.

An evaluation for epilepsy surgery is appropriate for anyone with seizures that may be

focal in origin, that are continuing to occur despite treatment with AED, and quality of life

of the patient is significantly impaired by epilepsy. Surgery consists in resecting neural tissue

involved with the generation of seizures. However, surgery is 70% successful. Procedures

include lesional resection, lobectomy, corticectomy, and some cases of hemispheric surgery.

An extensive set of pre-surgery studies must be carried out in order to find the epileptic

focus and prevent memory or cognitive damage after surgery. Among the tests, are functional

MRI,magnetoencephalography, EEG with video-monitoring and neurophysiological studies.

Electrical stimulation.

Neural stimulation is a new technology for the treatment of medically and/or surgically in-

tractable seizures. The vagus nerve stimulation (VNS; Cyberonics,Inc, Houston, TX) is the

only method currently licensed in several countries as an adjunctive therapy and it is the only

anti-epileptic stimulation device approved by food and drug administration (FDA). The VNS

reduces the number of seizures in an individual by an average of 30
—

40%, although 10% or
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Drug Block Sodium

Currents

Enhance GABA-

mediated choride

currents

Block T-Calcium

Currents

Block Glutamate-

mediated currents

Carbamanzepine ++ -/?

clonazepam + ++ V?
ethosuximide ++ V?
felbamate +/? +/?

gabapentin +/? +/? V? -/?

lamotrigine ++ 7? V? +/?
levetiracetam ? ? ? ?

phenobarbital + + V?

phenytoin ++ V?

pregabalin + + +

tiagabine ++

topiramate ++ +/? +/?

valproato ++ +/? 7? V?
zonisamide ++ ++

Table 2.1: Commonly Used AEDs and Proposed Mechanisms of Action. Modified from [28]

(+-l-major action; -(-definite action, modérate; +/?possible action; -/?unknown, probably no

action; -no action)

fewer patients are rendered seizure-free [56]. The VNS functions through periodic electrical

stimulation of the left vagus nerve by a contact wrapped around the nerve trunk in the neck.

The right vagus nerve is generally avoided because stimulation on this side has the potential to

cause arrhythmias through stimulation of the atrioventricular node of the heart. It is unclear

how VNS modulates seizures, but the technique can promote prophylaxis against seizure oc

currence. The pulse generator of the VNS is individually programmed to stimulate the nerve

automatically at varying frequencies, typically for 30 s every 5 min, through a computer. The

frequency is adjusted to patient's needs[57].

2.5 Prediction of epilepsy

The fact that seizures strike abruptly and without previous warning is one of the most dis

abling aspects of epilepsy. If it were possible to forecast seizures, therapeutic possibilities

would change dramatically [58]. Long-term treatment with AED, which might cause cogni

tive or other neurological déficits could be diminished with application of a short-acting drug
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during the preseizure period. [59]. Prediction of epilepsy is an issue that researchers have

pursued for long time [60, 61], yet with no definite success. Among the factors that make this

task difficult to achieve are the predominant nonlinear and possibly chaotic nature of EEG

signáis and the fact that signáis are different from subject to subject and a proposed method

may not be universal. In the field of EEG analysis the search for the hidden information

that can predict and impending a seizure has a long history. As early as 1975, researchers

considered analysis techniques such as pattern recognition, analytic procedures of spectral

data [62], or autoregressive modeUng of EEG data [63].

Some, more recent works on prediction of epilepsy carried out using complexity measures,

such as correlation dimensión, approximate entropy, fractal dimensión [64]-[66], supporting

their approach on the fact that signáis have higher complexity during the interictal state

(seizure free) than those during ictal state (during seizure).

Other approaches use artificial neural networks to try to predict a transition between normal

to pathologic state. In [67] authors make use of wavelet-neural network to analyze EEG ac

tivity in different sub-bands of frequency. In [68] the authors use an artificial recurrent neural

network for on-line identification of EEG signáis and then analyze the changes of the weights

with respect to time to predict seizures.

Since epilepsy is believed to be the resultant activity of hypersynchronized ensembles of

neurons, synchronization measures have been used for seizure prediction [69]. Findings have

indicated that EEG changes characteristic for preseizure states may be detectable, at best, a

few seconds before the actual seizure onset. Despite good theoretical results, none of these

techniques has been implemented clinically.

2.6 Active research áreas in epilepsy

Neuroscience research has increased considerably in the last 20 years and epilepsy research

is not the exception. Up to date there have been considerable advances in techniques for

improving study of epilepsy as well as treatment developing. Next a brief survey of active

research áreas in epilepsy is given.

Optogenetics.

It is a technique where neurons are genetically modified in order to be sensitive to light,

in this way these modified neurons can be modulated by directing a light beam onto their

membrane. The algal protein Channelrhodopsin-2, a rapidly gated light-sensitive catión chan-

16
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nel, is adapted with lentiviral gene deUvery in combination with high-speed optical switching

to photostimulate mammaUan neurons, scientists demónstrate reliable, millisecond-timescale

control of neuronal spiking, as well as control of excitatory and inhibitory synaptic trans

mission. This technology allows the use of üght to alter neural processing at the level of

single spikes and synaptic events, yielding a widely applicable tool for neuroscientists and

biomedical engineers [70], [71]. Recently [72], a group of scientists developed a closed-loop

control strategy based on optogenetics to stop seizures in a mouse model of TLE. It consists

on measuring electrical activity in the mouse's brain in real time and every time a seizure is

detected (by means of special software) delivering a control light signal directly to brain tissue

that inhibits excitatory cells. Interestingly enough is the fact that stimulation of only the 5%

of total neurons in the hippocampus is enough to stop seizures reducing thus side effects.

High frequency oscillations.

Several studies have shown the presence of a particular type of oscillations in epileptic brain

tissue in humans and animal models of epilepsy [73, 74]. These oscillations are high in fre

quency and short in ampUtude, they appear as discrete events between seizures and at the

onset of them. They are believed to play a crucial role in epileptogenesis and in seizure ini

tiation zone and thus, research on high frequency oscillations has become important part of

epilepsy research. Some studies have shown that resection of high frequency osciUation (HFO)

zones improve seizure outcome of patients [75], even more, as reported in [76] on a study car

ried out on rats, when injecting a drug that eventuaUy causes the rats to develop spontaneous

recurrent seizures; only the rats that presented these oscillations developed seizures, rats that

did not presented HFO did not developed seizures.

Computational modeling of epilepsy.

The use of computer models of brain cells, brain regions and structures or whole brain simula

tion is a very active research area in neuroscience, up to date there are several mega-projects

that involve computer modeling and simulation of brain ceUs and brain structures, an example

is the blue brain project. In epilepsy it is more common every day that research studies sup

port their findings or hypothesis with computer models [77, 78]. For example Santhakumar

and coUaborators [79] studied, with a computer model of the dentate gyrus, how cell loss and

axonal sprouting may contribute to hyperexcitabiUty due to reorganization of connections

among cells. While Vitko and coUaborators [80], studied how a specific type of ionic current,

the T-current, may have a principal role in childhood absence epilepsy. Finally, Traub de

scribed, with a detailed model of neurons in the CAÍ area of the hippocampus, the cellular

mechanisms underlying neuronal synchronization in epilepsy.
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Deep brain stimulation.

Deep brain stimulation (DBS) is the research area that investigates the effects of electrical

impulses applied directly to neural tissue. Electrical stimulation modulates activity of neu

rons whether by enhancing or reducing excitability or by disrupting a certain firing pattern.

In epilepsy research, the tendency is to develop closed loop devices that capture the ongoing

activity in the brain and accordingly supply electrical impulses if a seizure activity is detected

[57]. There is a device that recently received a pre-market approval by the FDA (November

2013), the device named Neuropace responsive neurostimulation (RNS) is the first closed-

loop device that has obtained approval. The RNS has been evaluated in three cUnical triáis,

that included 191 people implanted with the RNS System across 32 Comprehensive Epilepsy

Centers. The pivotal study primary effectiveness endpoint was met by demonstrating a 37.9

percent reduction in seizure frequency in patients treated with responsive stimulation. For

those subjects who reached two years post-implant, 55 % of the subjects experienced a 50%

or greater reduction in seizures. AU subjects in the study were required to be 18-70 years

of age and have partial onset epilepsy (with seizures that start from one or two áreas of the

brain) that had not been effectively treated with two or more antiepileptic medications.
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Chapter 3

High Frequency Oscillations

High frequency oscillations (HFO) have become an important subject in neuroscience research,

mainly because they are involved in both, memory consolidation and pathological conditions.

In this chapter we give a brief historical review of HFO from their discovery to actual studies

about it. Next we summarize how HFO are related to memory formation and how a special

type of neurons have the abiUty to replay memories fordward and backward. Section 3.2

is dedicated to the relation of HFO and epilepsy, which is the main interest in this thesis.

Finally a classification of HFO is given, important information due misconceptions in scientific

Uterature.

Since the beginning of EEG in 1924, neuroscientists were interested in the frequency com

ponents of electrical activity in the brain. The frequency components have served as a measure

for classification among different types of activity. In the following five decades after the EEG

appearance, most of the studies on the brain had been focused on low frequency components,

approximately from 1 Hz to 30 Hz, and there were a number of studies that related specific

bands of frequency with specific behavior or tasks. It is now pretty much standardized the

subdivisión of frequency bands (see table 3.1). For frequencies greater than 30 Hz, the terrain

was not explored and those frequencies were basically considered as noise or not consider at

all. There were some reasons for this, first, available devices at that time were not sensitive

enough and thus filtered out higher frequency components. Also, data acquisition systems

had low sampling rate, and scalp EEG has higher amplitude in the low frequency bands. It

was until 1986, when the group of Buzsáki [82] observed a particular type of electrical ac

tivity that higher frequency components became significant on neurological studies. In this
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OsciUation Freuquency band

Slow osciUation < 1Hz

Detla 2-4 Hz

Theta 4-12 Hz

Alpha 9-13 Hz

Spindle 10-15 Hz

Beta 10-30 Hz

Gamma 30-70 Hz

HFO > 70 Hz

Table 3.1: Classification of frequency bands of electrical brain activity

study, the authors identified a high ampUtude sharp-shaped wave that occurred (apparently)

in spontaneous fashion in the hippocampus of rats during immobility or sleep, they termed

them sharp waves (Figure 3.1). Sharp waves (SPW) are important by themselves [83, 84]

but there was another phenomena that caught attention of researchers; on top or at the be

ginning of these SPWs, there were superimposed high frequency oscillations, oscillations that

exceed by far the frequency ofmost studied osciUations at that time, they had main frequency

components of about 90-140 Hz (see Figure). In 1992 the term HFO was first coined in [85]

during experiments in freely moving rats. Ripple is also commonly used to make reference to

HFO but as we shall point out later on, there is a (not too precise) classification of HFO's,

and, ripple is itself a category of it. HFO are brief bursts of 5 to 15 sinusoidal waves with a

cycle time of approximately 7 msec that occur during slow-wave sleep, rest, or consummatory

behavior. Ripples have small amplitudes of less than 500 pV but usuaUy are superimposed on

larger sharp waves. While the spatiaUy widespread SPWs and the locally confined ripples are

strongly linked in the intact brain, they are independent events and their separation is amply

demonstrated during development. Whereas sharp waves and associated population bursts of

pyramidal neurons represent the first hippocampal pattern after birth in the rat [86], ripples

are among the latest maturing network patterns [87].

It is important to point that most neurons usually do not fire at high frequencies because neu-

roreceptors and chemical synapses in general have relative slow time constants and dynamics,

impeding neurons to synchronize at high rates.

After publication on SPWs there were a number of studies that tried, experimentally,

to know the chemical nature of these HFO and the neurotransmitters involved [89]- [91], the

specific firing pattern and types of neurons [92]- [94], and regions of the brain [95, 96]. On

the other hand, studies also focused on the functional importance of HFO. It did not take
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Figure 3.1: EEG recorded from the stratum radiatum of the left and right CAÍ región of

the hippocampus during walk-immobility (still) transition. Note regular theta waves during

walking and large monophasic SPWs during immobiUty. Note also the büateraUy synchronous
nature of SPWs. Reproduced from [98]

long for researchers to notice a link between ripples and memory consolidation by means of

faciUtation of long term potentiation, a crucial mechanism involved in memory formation [96]-

[98]. In 1995 YUnnen and coworkers [88] demonstrated that a special type of interneurons,

fast spiking (FS) interneurons ,
fired in phase with ripples, nevertheless it has been shown that

these interneurons only fire at the beginning of HFO and then remain silent, the discovery

immediately lead to postúlate that HFO are generated by FS interneurons, but, interestingly,

HFO can persists even when activity in FS interneurons is blockade. For the next years

important advances in the understanding of HFO were achieved, more detaüed functioning

and localization was obtained. Bragin and coUaborators discovered a special kind of localized

HFO that seemed to be actively participating in epilepsy, these oscillations were termed fast

ripples (FR) because of an apparent higher frequency components than those of ripples. After

this finding, the studies on HFO's divided into two distinct groups, one that investigate the

role of HFO in memory formation and other the pathological status of HFO's. Also, few

studies link both aspects of HFO. In the subsequent sections we give a detailed description of

how HFO are related to memory formation and to epilepsy

3.1 High frequency oscillations and memory

At the beginning of 20th century hippocampus was believed to play a central role in the olfac

tory system. It was until 1957 that scientists realized the importance of the hippocampus in

memory storage and formation. This occurred when an epilepsy patient with messial temporal

lobe removed during surgery (a structure of the brain that contains the hippocampus), lost
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Figure 3.2: a, SPW-Rs from two monkeys. Broadband (0.05-500 Hz) LFP signal (top panel)

together with their bandpassed (80-180 Hz) (bottom panel). Arrows show SPW-R. The ripple

in the ElOawl trace is magnified in the inset. b, Overall average of complex Morlet-wavelet

spectrograms, showing the time-frequency distribution of ripple events. Adapted from [102]

memory and the ability to remember recent events. A subsequent number of studies pointed

out the importance of hippocampus. In 1989, after the discovery of ripples and sharp waves,

a group of researchers proposed a two stage model of memory [98]. This model proposed that

memory consolidation works as follows:

I.- During the awaking state when alert wakefulness, higher levéis of neuromodulators

such as acetylcholine in the hippocampus enhance the influence of external inputs, sensory

processing and predominant information flow from the neocortex to the hippocampus wherein

novel information is first encoded.

2.- Subsequentlyduring sleep period, the brain is isolated from external stimuli and lower

levéis of acetylchoUne in the hippocampus enhance recurrent effective connectivity[104]. This

favors endogenous activity, and previously encoded information is reactivated in a compressed

manner, strengthened, and potentially transferred to the neocortex. During slow wave sleep

and quiet wakefulness, the hippocampus displays large irregular activity, characterized by

recurring occurrences of sharp waves ripples, caused by massive endogenous activation of large

neuronal populations. Because these bursts of activity provide long term synaptic changes

believed to form the cellular and molecular basis of memory.

In summary, when new information arrives, this is encoded in the hippocampus during

awake state and it is constantly repeated in a compressed versión by means of ripples dur

ing the sleep state. This repetition strength synapses and consoUdate memories. In Figure

3.3 a real electrophysiological signal that shows different types of activity during wakefulnes
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Figure 3.3: Hippocampal local field potentials (LFPs) during exploration and rest/sleep. (a)

During exploration, the hippocampus displays a strong 7-14 Hz oscUlatory activity, known

as the theta rhythm (green trace). During sleep and quiet wakefulness, theta is replaced by

large irregular activity (blue trace) characterized by the occurrence of sharp wave events (red

stars). (b) Detaüed view of the LFP trace, (c) Sharp waves in stratum radiatum. From [105]

and sleep, in the figure a cross section og hippocampus is schemed, while in Figure 3.4 an

schematic representation of how the model works is shown

An study by O'keefe [106] in rats during exploration of specific trajectories, observed that

pyramidal cells (the principal type of excitatory neurons) in the hippocampus presented a

particular type of firing pattern; when rats walked along the trajectory, specific cells fired

only on a specific location of the trajectory while on other locations remained silent, in turn

other cells got activated in other particular locations (Figure 3.5 ). This mapping property of

the hippocampus, relates external position of the rat with internal position of the cells, the

authors named these cells as "place cells" During exploration, each cell shows sparse firing
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a) Step 1. Encoding.
theta activity. exploration

Subcortical contro*1**11

b) Step 2: Consolidaron.

Sharp Wave-Ripples

Figure 3.4: Two-stage model of hippocampal memory storage. (a) During theta behavior

the parallel entorhinal input activates a subset of granule cells (black circles) which fire at

a higher rate than the rest of the granule cell population. Recurrent collateral excitation in

the CA3 región is suppressed by the subcortical inputs, mainly via feed-forward excitation of

inhibitory interneurons. (b) After the termination ofthe exploratory (theta) state, subcortical

control releases recurrent collateral excitation in the CA3 neuronal network (SPW state).
The initiator cells (black triangles) of the population bursts are those neurons which were

potentiated last during the exploratory state (i.e. the ones with the highest excitability).

During the SPW-concurrent population burst a relatively large percentage of CA3 neurons

will be recruited. Adapted from [98]
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Figure 3.5: Sharp wave-ripple(SPWR)-associated neuronal replay. When a rat is running on

a Unear track, the hippocampus oscillates at theta frequency (green trace) and place cells are

successively activated as the rat enters their respective place fields (colored eUipses), yielding
a neuronal sequence (vertical ticks). Upon arrival at the food weU, the rat stops and the

place ceU sequence reactivates in reverse order (reverse replay) during SPWRs (bluetrace). In

subsequent slow wave sleep and quiet rest periods, place cells reactívate in the same order as

during exploration (forward replay). Adapted from reference [100]

that tends to be restricted to a discrete región of the environment, known as a place field

Subsets of these place cells fire in different locations, collectively forming a patchwork of

overlapping fields that cover an entire environment. As a consequence, the firing patterns of

groups of place cells are organised in time, according to the behaviour of the animal. That is,

as the animal explores, different groups of cells fire together in specific locations within the

environment. Retaining the spatial and temporal organisation of these firing patterns could

provide the basis of a memory trace of waking experience.

When animáis run for food on a narrow track, place cells fire in a controUed order while

the animal traverses each place field in turn. Under these conditions most place cells tend to

fire in one direction only, so that pairs of these cells show a temporal bias in their joint firing

patterns (i.e. one cell tends to fire before the other). This temporal bias during exploration is

retained into subsequent sleep [109]. Moreover, further studies have demonstrated that entire

firing sequences of cells active during track running are replayed in foUowing sleep-SWR, but

on a faster timescale than during the track running[110, 111].

The first observation of sequential awake replay found that when animáis stop and con

sume a reward after traversing a linear track, sequences of place cells originating at the

animal's current location are reactivated in the reverse of the order experienced behaviorally.

Reverse replay is seen immediately after the very first traversal, demonstrating that the hip-
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pocampus can replay sequences that are experienced only once and indicating that replay

could contribute to one-trial learning. Further examination of SWR activity revealed that

awake replay can occur in either the same (forward) or the opposite (reverse) direction as

that observed during behavior. Furthermore, the direction of replay is related to the animal's

behavior. Reverse replay occurs preferentiaUy at the end of runs when the animal reached

the reward location, potentially linking behavioral trajectories to their outcomes. Forward

replay occurs preferentiaUy at the beginning of runs, perhaps providing information relevant

for evaluating future trajectories.

In that study, ripples (HFO) and place cells were related to the formation of memories,

it was shown hippocampal place cells 's abihty to replay memories in forward and backward

direction by recording the firing activity of 13 place cells before, during and after exploration.

Memories are played backward when the rat finished the trajectory whUe played in forward

direction when the rat is sleep. It is not clear why in the waking state the sequences can move

both forward and backward in time, whereas during sleep the direction is mainly forward. In

fact, no current neurophysiological mechanism can explain satisfactorily how neurons in the

hippocampus can genérate a forward trajectory at one moment and reverse the direction of

activity propagation at another moment [112].

On another experiment [114], rats with ripple activity detected and interrupted in real

time, were incapable of store new memories, emphasizing the importance of ripples in memory

formation

3.2 High frequency oscillations and epilepsy

This section reviews the relation of HFO and pathological states, specificaUy epilepsy. UntU

the year of 1998 HFO in the hippocampus were thought only to be implicated in memory for

mation as a sort of signal compressors. It was in the studies carried out by Bragin in 1999 that

HFO were related to pathological functioning [115]. In that study the authors reported that

two types of high frequency field oscillations were recorded from the entorhinal cortex (EC)

and hippocampus of patients with mesial temporal lobe epüepsy. The first type appeared to

be the human equivalent of normal ripples in the rat (80-160 Hz). The second, which were

termed fast ripples (FR), were in the frequency range of 250
—500 Hz, with ampUtude ranged

between 100 and 400 //V and duration between 15 and 100 ms. In 4 patients, 250—500 Hz
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Figure 3.6: Ripples and fast ripples in human entorhinal cortex. A: Power spectrum of

electrical activity recorded from microelectrode 2. Recording bandwidth: 0.1-10,000 Hz.

Note peaks at 96 and 284 Hz. B Examples of ripples and fast ripples recorded from the same

two electrodes within. C Averages of events, note that ripples are in phase on both electrodes

and the fast ripples are out of phase. Adapted from reference [115]

oscillations were recorded only in brain áreas demonstrated to genérate spontaneous seizures.

Recording simultaneously with two microelectrodes in EC spaced 500 pm apart, revealed that

the dipoles of 80-160 Hz osciUations and FR can have different sources. For example, on av

eraging several recordings in which both 80-160 Hz and 250-500 Hz osciUations appeared in

the same electrodes, 80
—160 Hz oscillations exhibited no phase reversal (see Figure 3.6). In

Figure x is shown a recording of activity in the left medial hippocampus that presents FR,

unfiltered and filtered data are shown.

In addition to frequency, FR differed from human ripples in their anatomic distribution,

both grossly with FR being localized to one side of the brain, usually within the epileptogenic

región. In another study on rats with a single epileptogenic zone induced by intrahippocampal

injection of kainic acid (KA), similar FR were observed only in áreas adjacent to the lesión

that generated spontaneous seizures and were prominent in dentate gyrus (the hippocampal

area between entorhinal cortex and CA3 áreas) where normal ripples never occur. In these

first studies, FR were hypothesized to be the result of rapid firing in principal excitatory
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Figure 3.7: Another FR in the left medial hippocampus. Unfiltered data are shown in the

top. The bottom trace is the same trace high pass filtered (200 Hz). Adapted from reference

[115]

cells in the hippocampus (pyramidal cells) and neuronal loss. Neuronal loss or sclerosis is a

common phenomena in temporal lobe epilepsy. In the year 2000 it was investigated if FR had

something to do with the development of epilepsy, a process known as epileptogenesis, this

is the process where internal changes occur by which a brain develops epilepsy. In animal

models of chronic epilepsy there is a window time (several weeks or months) called the silent

period. The silent period is the time period from an initial injury, for example an accident or

a drug that eventually induces epielsy, and the presence of the first spontaneous seizure, this

concept is illustrated in Figure. It is in this period that epileptogenesis occurs. In the study,

after unilateral KA injection in the posterior hippocampus, interictal field epileptic activity

and single-unit activity were recorded from freely moving animáis in dentate gyrus (DG) and

entorhimal cortex. One group of animáis underwent continuous recording to determine the

time of onset of both FR oscillations and spontaneous seizures.

The electrophysiological and anatomical data were consistent with the participation of FR

oscillations, within small neuronal assemblies, in the development of chronic epileptogenesis.

It was hypothesized that small clusters of pathologically interconnected neurons develop after

focal hippocampal injury and that these clusters are capable of generating powerful hyper-

synchronous bursts of action potentials, which initiate epileptogenesis. As the silent period
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Figure 3.8: Illustration of the silent period and the process of epilepsy.

progresses, a network of such clusters is formed that allows the development of discharges that

spread throughout the Umbic system. When this network engages brain áreas that control

motor activity, clinical seizures occur and the silent period ends (see3.9). It was estimated

that FR can occur in small volumes of area of 1 mm3 [116]. On a posterior study [117] it

was pointed out that when blocking GABAa receptors (inhibition receptor) and thus block

ing inhibition the amplitude and the area of FR increased, this was an important finding

since normal ripples are beUeved to be the resulting inhibitory postsynaptic potential of fast

spiking interneurons. This finding ruled out the possibiUty that inhibitory interneurons are

implicated in the generation of FR. Authors suggested, based on some reports [137] that gap

junctions may be involved in generation of FR. In fact, on a posterior work in 2002 [118] on a

Mice lacking Cx36 authors showed a reduction of HFO, in this work the gene coding for Cx36

was disrupted. In the same year a quantitative analysis of both, ripples and fast ripples was

carried out [119]. It was concluded that they have different spectral characteristics, plus the

duration of FR is shorter than that of normal ripples. Fast ripples are spatially stable over

time, meaning that the zones displaying FR activity remain the same over time, while zones

that do not displayed FR since the beginning do not display FR later.

An important finding was reported in [120]. Here, on a study realized on 26 rats in

jected with kainate acid (an experimental model of epilepsy) it was observed that when a

rat presented FR during the silent period, then that rat will eventually develop recurrent

spontaneous seizures (epilepsy like activity) while a rat that did not present FR during the

silent period never developed epilepsy. This is important because FR apart from being an

indicator of epileptic zone or foci they also could be used as a biomarker for epilepsy. FR

appear also during the onset of seizures and perhaps act as initiator of seizures [121]. The

relation between normal ripple and fast ripples have been analyzed [122], it has been found

increased FR to normal ripples ratios in both animal and human recordings, neuronal loss

and hippocampal sclerosis have been linked to it, although a study of non-lessional temporal

lobe epilepsy, i.e. without sclerosis, also reports the appearance of FR and thus neuronal loss
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Figure 3.9: The development of pathological electrical activity after an initial precipitating

injury (IPI) causing cell loss. a: Formation of clusters of pathologically interconnected neurons

(PIN clusters) in the hippocampus near the lesión area. b: Formation of PIN clusters in the

entorhinal cortex c: Generation of reverberating circuitry between PIN clusters in the dentate

gyrus and entorhinal cortex. d: Involvement of motoric áreas of the brain in a pathological

epileptic network signaling the end of the silent period. MC, motor cortex; SZ. seizure. [116].

is not a necessary condition for FR [123]. Several hypothesis about the generation of FR have

been proposed. Bragin and coUaborators proposed that FR are generated by small clusters

of pathologically connected neurons, this pathology is a consequence of the synaptic reorga

nization that foUows a precipitating injury (see Figure 3.9). In [124] HFO are proposed to be

a consequence of neurons whos axons are connected through gap junctions, though they do

not make a distinction between ripples and FR, and their results only account for frequencies

in the range of 100-200 Hz. Another hypothesis was that synaptic noise is likely to be the

cause of FR, it was argüe that random synaptic activity could lead to the generation of HFO,

this study was supported with simulation, but, several studies have outlined the fact that FR

can occur even when synaptic activity is blocked. In [125] was proposed that FR are just

an armonic of normal ripples, and that this phenomena occur because of neuronal loss could

lead two populations out of phase and thus to a multiplicity of frequency. Another hypothesis

is that FR are the consequence of a reduced extracellular space and in consequence stronger

ephaptic interactions. In chapter 5 the hypotheses about generation of FR will be discussed

in a more formal and analytic detail.

In summary there are some basic characteristic that are common to all studies, here we list

them:

L- FR occur only in epileptogenic tissue, both in animáis and humans

2.- The volume generating FR is approximately 3 mm?

3.- FR can persists even when receptors are blocked chemically
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4.- FR are shorter in duration and spatially more restricted than normal ripples
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Chapter 4

Material and Methods

4.1 Pilocarpine model of epilepsy

Seizures are generated by abnormal hypersynchronic neuronal activity in the brain; its onset

can involve several regions or just a circumscribed brain región and its EEG activity is char

acterized by the presence of SE. Pilocarpine is a muscarinic agonist used to induce seizures to

simúlate several characteristics of SE. This experimental model was chosen because the elec-

trophysiological activity from pilocarpine treated animáis resembles to that in SE condition

in humans.

To test and support our model with real data, the following procedures were carried out.

Male Wistar rats (190-200 g) were maintained individually in a temperature-controlled room

(22 ± 2°C) on a 12 h Ught/dark cycle (lights on at 7:00 a.m.), with ad libitum access to

food and water. AU experimental procedures were designed to minimize animal suffering, and

the experimental protocol was in accordance with the Rules for Research in Health Matters

(Mexican Official Norms NOM-062-ZOO-1999, NOM-033-ZOO-1995) and it was approved by

the local Animal Care Committee.

The electrophysiological data obtained in two animáis with SE were used in the present

study. These animáis were anesthetized with isofluorane (Sofloran, PISA, Laboratories, Méx

ico) in 100% oxygen and then secured in a Stoelting stereotaxic frame such that lambda

and bregma were in the same horizontal plañe. Fixed recording microelectrodes, four 60 pm

diameter pairs of tungsten wires with a vertical tip separation of 1.5 mm, were implanted

bilaterally at symmetrical locations in the posterior hippocampus (CAÍ, AP, -5.0 mm relative
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4. Material and Methods

to bregma; ML, ±5.0 mm; DV, -5.5 mm) and anterior hippocampus (Dentate Gyrus DG,

AP, -3.5 mm; ML ±2.00 mm; DV -4.0 mm). The microelectrodes were attached to a pin

connector and fastened to the skuU with dental cement. After a week of recovery, the rats

were allowed to move freely and their behavior was recorded. Five 4-channel MOSFET small

amplifiers were placed on the cable connector to eUminate movement artifacts, and the elec

trical activity in the hippocampus was recorded using a 7D polygraph with eight amplifiers

(Grass Technologies, RI, USA) and a wide-band (0.1-3 kHz). The sensitivity was 75 /xV/cm

per channel and a 5 kHz/channel sampling rate was used with 12 bit precisión. Experiments

were performed using an iMac A1048 (Apple, USA) and MP150 software (BIOPAC Systems,

CA, USA). Matlab
™

routines were used to analyze the signáis [126]. Each electrode signal

accounts for the electrical activity of a population of neurons in a vicinity of the implanted

microelectrode. A hole was driUed in the rats skuU, above the right lateral brain ventricle at

the foUowing stereotaxic coordinates relative to bregma: AP -4.1 mm, L -5.2 mm, V 7 mm.

A single dose of pilocarpine hydrochloride (2.4 mg in a total volume of 2 pl; Sigma-Aldrich,

USA) was injected using an injection pump that was attached to the stereotaxic frame (flow 1

/d/min; Stoelting Co. IL. USA), after which the animáis were scored according to the Racine

scale. Animáis with a score of 4/5 were considered to have developed SE.

Histology

After each experiment, the animáis were anesthetized with sodium pentobarbital, perfused

transcardially with 100 mi of normal saUne (0.9)% in 0.12 M buffer/CaC12, followed by 300

mi of 4% paraformaldehyde in 0.12 M buffer/CaC12 at pH 7.3. The brain ofthe animáis were

then removed, and 50 pm thick coronal sections were cut and stained with cresyl violet to

confirm the correct positioning of the microelectrodes. Also, animáis were injected with direct

blue to directly corrobórate the position of the needle in the right lateral ventricle.

4.2 Modeling neuron's electrical activity

To model a single neuron, or more properly, the electrical changes that occur in a neuron

membrane, it is first necessary to know the physiology of the neuron membrane. Once the

electrical properties of the neuron membrane are known it is common practice to divide the

neuron in three principal components, dendrites, soma and axon, given that they have distinct

membrane properties.

The neuronal membrane
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4.2. ModeUng neuron's electrical activity

The neuronal membrane is a 5nm thick lipid bilayer that separates the extraceUular from

the intracellular space. The extraceUular médium and the intracellular médium contain dif

ferent ion concentrations, some of them positively or negatively charged, this confers to the

membrane an electric potential. The lipid bilayer that form the membrane is impermeable to

water molecules and ions . Membrane can be seen as insulator surrounded by two conducting

regions (the extracellular and intraceUular space), the membrane therefore acts as a capacitor.

The membrane has ton channels which are pores, made of proteins, that allow certain ions

to flow through the membrane (Figure 4.1). Ions channels present selective permeabiUty to

different types of ions types of ions. For example, K+ channels primarüy aüow potassium ions

to pass through. There are many types of ion channels. There exist active channels (gated

channels) and passive channels (non-gated channels). Active channels open or closed depend

ing on the membrane potential, passive channels do not change their permeabiUty in response

to changes in the membrane potential they are always open. Apart from ion channels the

membrane has ionic pumps that are protein structures that actively pump specific ions in and

out the cells. Ions tend to move in direction of their concentration gradient, specifically, ions

in the side of the membrane with higher concentration tend to move through the channels to

the side with lower concentration of that ion. To maintain a stable gradient concentration

ionic pumps counteract this by pumping ions against the concentration gradient. This requires

energy which is provided by hydrolysis on adenosine triphosphate (ATP). The principal ions

found on either side of the ceU membrane are Na+ Na+
,
K+ and Cl- The concentration ofK

ions inside a ceU is about 10 times that in the extraceUular fluid, whereas the concentrations

of Na+ and Cl- are much higher outside the ceU than inside. Concentration gradient is not

the only forcé that define the flux of ions, electrical drift due to a potential difference across

the membrane exerts a forcé on the charged ions.

The resting membrane potential

Transient electrical signáis are particularly important for carrying time-sensitive infor

mation rapidly and over long distances. These electrical signáis are produced by temporary

changes in the current flow into and out of the ceU that drive the electrical potential across

the ceU membrane away from its resting valué.

The resting membrane potential is determined by the passive ion channels (which are

always open) that it contains. Since no single ion species is distributed equally on the two

sides of a nerve cell, ions experiment a flux trough passive channels driven by its concentration

gradient.

Let [X] be the concentration of some ion. Then, Fick's law of diffusion says that the
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4. Material and Methods

Figure 4.1: The Upid bilayer forms a virtually impermeable barrier for inorganic ions. The ion

channel is a protein or cluster of proteins that form a pore through the membrane, aUowing
certain ions to pass through. The ionic pump, or ion exchanger, pumps or exchanges certain

ion types across the membrane.

diffusive flux, Jdiff, is given by

**»—B-g. (4.1)

Where D is the diffusion constant and depends on the size of the molecule and the médium in

which it is diffusing, usually is 2. 5x10^6 for Na, K and Cl ions. The movement of electrically

charged ions from one side of the membrane to the other generates an excess of positive charge

on one side and negative charged on the other side, this results in a potential difference across

the membrane which in turn, imposes an electrical forcé on the ions, pushing them down the

potential gradient. This electrical drift is described by

DF ,v,dV , .

Jdrift = -W*M ¿" (4*2)

Where V is the potential, z is the valence of the ion, and [X] is the concentration. The

higher the concentration, the greater the drift. Note that the drift has the same dimensions as

the diffusive flux cm2s~l The other constants are: R, the gas constant, T, the temperature

in kelvins; and F, Faraday's constant.

The total flux or net flux of an ion across the membrane is given by the sum of the diffusive

flux and the electrical drift:

Jnet = Jüiff + Jdrift = ~D (^ + ^z[JC]^j (4.3)

Equilibrium of a ion is reached when the diffusion is equal and opposite to the electrical

drift, in this case there is no net flux, i.e. Jnet = 0. At equilibrium, a stable potential
difference across the membrane can be measured. This potential difference is called the
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4.2. Modeling neuron's electrical activity

equilibrium potential for that ion and can be calculated as follows. JFrom eq. 4.3, it follows

that
1 d[X]

_
z[X]FdV

integrating on both sides,

and evaluating, gives

[X] dx RT dx

L ku zF [X]

(4.4)

(4.5)

*-g*gf ^
jm

this equation is known as the Nernst equation and it allows to calcúlate the equilibrium

potential resulting from permeability to a single ion. For example, for K+ the intraceUular

and extracellular concentrations are 400 mM and 20 mM at a temperature of 6.3 C (279.3

K). Substituting in the Nernst equation

RT ,_K+U__ (8.314)(279.3) 20
_

Ek =

^Wü
=

(+1)(9.648 x loVn400 ( }

When the membrane is permeable to more than one ion (which is usually the case), then the

equilibrium potential of the membrane is the result of interaction among different fluxes and

electrical drifts. The resulting equilibrium potential is known as the membrane resting poten

tial and it can be calculated using the Goldman-Hodgkin-Katz (GHK) equation as described

below
v-v

p _ ■R*r-„E(*piP*-iUt) (¿asEm ~

-TlnZ(Pi[XiM (4-8)

where Pi are the membrane permeabiÜties to a specific ion species Xi. For example, for a

membrane permeable to Na+, K+, Cl-, the GHK equation reads:

F _RT PK[K+Ut + PNaWa+Ut + Pci[Cl-Ut
uq)*m Fm PK[K+}in + PNa[Na+]in + Pci[Cl-}in
K**>

where the permeabiÜties for each ion are described in table x. The resting membrane potential

in this case is -60mV.

Equivalent electrical circuit of the membrane

The GHK equation is valid only for steady state of the membrane, the GHK equation does

not determine how the membrane potential changes in response to changes in the permeabil-

ities or to an applied current. For this reason, it cannot be used to understand how these

changes in permeabiÜties may genérate an action potential. A very useful way to describe

the behaviour of the membrane potential is in terms of electrical circuits; this is commonly
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Figure 4.2: Equivalent electrical circuit of a membrane.

called the equivalent circuit model. The circuit consists of three components: (1) resistors

or conductances, representing the ion channels; (2) batteries, representing the concentration

gradients of the ions; and (3) capacitors, representing the ability of the membrane to store

charge. The equivalent circuit model leads to both an intuitive and a quantitative under

standing of how the movement of ions generates electrical signáis in the nerve ceU (see Figure

4.2) The lipid bilayer that constitutes the cell membrane has dielectric properties and as such

behaves in much the same manner as a capacitor The relationship between the charge stored

and the potential is given by

q = CmVm (4.10)

that is, the total charge q is proportional to the potential Vm with a proportionality constant

Cm called the membrane capacitance. Note that the total capacitance depends on the total

area of the dielectric; thus, larger neurons have a larger total capacitance than smaUer ones.

The capacitance per square centimetre is called the specific membrane capacitance and wiU

be denoted as cm. Henee, the total membrane capacitance Cm is the specific membrane

capacitance Cm times the total surface area of the cell. For most cell membranes, the specific

membrane capacitance is very cióse to l*^**-*-.

By differentiating 4.10 with respect to time and dividing by the total area it can be

obtained an expression for the specific capacitance current:

'cap Cm- (4.11)

This gives the capacitance current per unit area. In the equivalent circuit in, channels are

represented as a conductor in series with a voltage source. Here, gk, gNa and gci represents

the conductance per unit area, or specific membrane conductance (S/cm2) of K+, Na+ and

Cl" respectively. Ek, E_\a and Ec. are the potentials generated by the voltage sources; these
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4.2. Modeling neuron's electrical activity

are given by the Nernst potential of each ion. It follows that the ionic current, per unit area,

is given by:

Ix=9x(Vm-Ex) (4.12)

with x being a specific ion, i.e K+_ Na, Cl or any other ion to which the membrane is

permeable. Applying Kirchoff law to the circuit gives,

Cm^ =
-9k (Vm - Ek) - gNa {Vm - ENa) - gcl (Vm - Ecl) (4.13)

which describes the changes in the membrane potential. When the valúes of the conduc-

tances are aU constant, then the equation describes a membrane with passive channels; when

the valúes of the conductances change as a function of the membrane potential, then the

equation describe a membrane with active channels. Equation 4.13 can be reduced to

where

Em = 9kEk + 9NaENa + 9ciECl (4. 15)

and

Rm =

9k + 9Na + 9CI (4- 16)

Membrane time constant

When an electrical current is applied to the membrane, the change in the potential can

be described by:

CmdVrn _ (Vm - Em)
|
hpp

^ ^
dt Rm a

where a is the area of the membrane which is assumed to be isopotential. Figure 4.3 shows

the time course of the membrane potential in response to an injected current pulse, which is

described by the solution of the equation 4.17 given by

Vm = Em + ^Z(l-e^) (4.18)

where rm
= RmCm is the membrane time constant and it characterizes the length of time

taken for the membrane potential to get to 1/e of the final valué.

Compartmental model

The membrane described above is consider to be a patch of membrane over which the

membrane potential is the same in every point, this is known as isopotential cell. However,
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Figure 4.3: The change ofmembrane potential in response to a step of current. The membrane

potential is shown with a solid line. The dashed lines show the time courses of the purely

capacitive and resistive elements.

most neurons cannot be considered isopotential. For example, signáis propágate along the

axons or dendrites because different parts of the membrane have different potentials. The

geometry of the cell affects the spread of the signal too. The parts of the neuron (dendrites

and axons) or neurites are better approximated by cyUnders that are not isopotential. The

basic concept is to split up the neurite into cylindrical compartments (see Figure 4.4). Each

compartment has a length l and a diameter d, making its surface area a = ndl. Within

each compartment, current flow onto the membrane capacitance or through the membrane

resistance described by the RC circuit. Additionally, current can flow longitudinally through

the cytoplasm and the extracellular media. This is modelled by axial resistance that Unk the

compartments. Since it is usuaUy assumed that the intracellular resistance is much greater

than the extracellular resistance, it is usual to consider the extracellular component of this

resistance to be effectively zero (implying that the main longitudinal contribution is intracel

lular resistivity). Then, the extracellular médium may be modelled as electrical ground. The

axial resistance of a compartment is proportional to its length l and inversely proportional to

the cyünder's cross-textital area nd2/4. The specific axial resistance, Ra, has units Í2cm and

represents the resistivity properties of the intracellular médium. The axial resistance of the

cylindrical compartment is then 4Ral/wd? Longer compartments have larger axial resistance

and thicker compartments have lower axial resistance.

The main difference now is that current can spread both leftwards and rightwards. The

equation that describe the potential changes in a compartment j connected to compartment

j
- 1 on the left and j + 1 on the right is given by

„_ dVj Em - Vi Vm - V. Vi-i - Vj

*dlC™^
=

-R-/J
+

lÉ¿jJ> +

TRjjJ
+W <4'19)

dividing by ndl
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Figure 4.4: A length of passive membrane described by a compartmental model.

d£ =

Em - Vj
+ _d_ (Vj+i-Vj + Vj-i

dt Rm 4Ra \ l2 l2

Km a ■'aPP.J

/ ndl
(4.20)

Action potential

We have so far viewed the membrane as a passive cable. However, Unear cables cannot

transmit information over long distances unless the cable has an enormous diameter. For

example, the squid axon is more than 5 cm long, has a diameter of about 0.5 mm, a resting

membrane resistance of rm = 700 Slcm2, and a transmembrane resistance of r¿ = 30 Oem

Thus, the space constant for the squid axon is A — 5.4 mm. This is an order of magnitude

smaUer than the length. If the potential at one end of the axon is held at 120 mV above rest,

then the potential at the other end is about lOp V above the rest, a 10,000-fold decrement.

For neural signáis to reach any distance, there must be another way to carry them so that

they do not degrade. Nature has solved this problem by inserting voltage-gated channels

into the membranes of many cell types. These channels are proteins which selectively let

different ionic species into the cell. Furthermore, the permeability of the channels depends

on the local environment near the channel. In particular, for voltage-gated channels, whether

the channel is open or closed depends on the local potential near the channel. It is the

opening and closing of voltage-gated channels that is responsible for the generation of the

action potential that propagates along the axon. Hodgkin and Huxley (1952) were the first to

provide a comprehensive, quantitative description of the regenerative currents generating the

action potential. They studied the action potential on the squid axon, the electrical properties

rely primarüy on Na+ and K+ ions. Consider the equivalent circuit shown in Fig. 1.6 and

assume the ceU is isopotential. Then the membrane potential satisfies

dV

Cm'dt
= ~9kiy) {v ~ Ek) ~ 9Na(y) {v " En<x) -gi{y- El"> (4-21)

41



4. Material and Methods

Here, IL = gi(V-EL) is called the leak current. It corresponds to passive flow of ions through

non gated channels. The leak conductance, gi, is constant. Since most non gated channels

are permeable to K+ ions, El is cióse to Ek. The conductances pjva and gk may change with

time since these correspond to the opening and closing of Na+ and K+ channels, respectively.

At rest, gk is about 30-fold bigger than g¡ya, so the resting state is near Ek at about -65mV. If

the conductance of g_\a is increased about 100-fold,'then the resting potential would be much

closer to the Nernst potential of Na+, which is about +55 mV. Thus, the amplification ofthe

potential, such as during an action potential, involves changes in the relative conductances

of the dominant ionic species. Hodgkin and Huxley's insight was that voltage-gated channels

provide the substrate for this dynamic regulation of the conductances. The basic mechanisms

underlying action potentials are the following (see Figure 4.5). At rest, most of the Na+

channels are closed, so the membrane potential is determined primarüy by the K+ Nernst

potential. If the cell is depolarized above some threshold, then Na+ channels open and this

further depolarizes the cell. This allows even more Na+ channels to open, allowing more

Na+ ions to enter the cell and forcing the cell toward the Na+ Nernst potential. This is

the upstroke of the action potential. The Na+ channel is transient, so even when they are

depolarized, the Na+ channels eventuaUy shut down. In the meantime, the depolarization

opens K+ channels and K+ ions exit the cell. This hyperpolarizes the cell as the membrane

potential moves toward the K+ equilibrium potential. Until the voltage-gated K+ channels

cióse up again, the membrane is refractory. During this time, pumps exchange excess Na+

ions inside the cell with excess K+ ions outside the cell. Only a very smaU change in the

concentration of Na+ ions is needed to genérate an action potential. approximately 53 miUion

Na+ ions must diffuse across the membrane to depolarize it from -60 to +50mV This influx

of Na+ ions represents only a 0.012% change in the internal Na+ concentration, which is

typically around 12 mM. Henee, changes in local charge separation, not in concentration, are

required for an action potential.

Voltage-gated channeb

Hodgkin and Huxley were the first to describe quantitatively the active mechanisms that

genérate the action potential [127]. In the Hodgkin-Huxley model [129, 130], each channel is

viewed as a transmembrane protein that forms a pore through which ions can diffuse down

their concentration gradients. The pores have gates that can be either open or closed; the

probability that a gate is open or closed depends on the membrane potential. Hodgkin and

Huxley obtained its data from the squid giant axon, however the model they developed can

easily be extended to mammals neurons. They recorded intracellularly from the squid axon
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Figure 4.5: The action potential. During the upstroke, Na+channels open and the mem

brane potential approaches the Na+ Nernst potential. During the downstroke, Na+ channels

are closed, K+ channels are open, and the membrane potential approaches the K+ Nernst

potential

using a voltage clamp amplifier (see appendix B), to look at how current flow depends on

voltage. By changing the extracellular concentration of Na+ they were able to infer how

much of the current was carried by Na+ ions and how much by other ions, principaUy K+.

They fitted these results to a mathematical model. This model is based on the idea of

ion-selective voltage-dependent gates controlled by múltiple gating particles. The model is

expressed in terms of a set of equations which are collectively caUed the Hodgkin-Huxley

model, or HH model. The simulated action potentials were very similar to the recorded ones.

The threshold, propagation speed and refractory properties of the simulated action potentials

also matched those of the recorded action potentials. Their work earned them a Nobel prize

in 1963. The HH model characterises two types of active channel present in the squid giant

axon, namely a Na+ channel and a K+ channel belonging to the family of K+ delayed rectifier

channels. Preparations from many different species has uncovered a large number of other

types of active channel. Models of axons, dendrites or entire neurons are constructed by

incorporating models of individual channel types in the compartmental models. Once the

equations for the models are solved, action potentials and other behaviours of the membrane

potential can be simulated. The starting point of the HH model is the equivalent electrical

circuit of a compartment shown in Figure 4.6. There are three types of ionic current in the

circuit: a sodium current, Jjv--** a potassium current, I¡c ,
and a current that Hodgkin and

Huxley dubbed the leak current, 1__, which is mostly made up of chloride ions. The key

43



4. Material and Methods

, , /
E-rtracettuíar

Figure 4.6: The Hodgkin-Huxley equivalent electrical circuit.

difference between this circuit and the one presented in section 6.3 is that the Na+ and K+

conductances depend on voltage, as indicated by the arrow through their resistors. Since their

properties change with the voltage across them, they are active rather than passive elements.

The equation that corresponds to the equivalent electrical circuit is:

I = IQ + Ii = Cm^ + Ii, (4.22)

where the membrane current I and the capacitive current Ic are as defined in section 6.3. The

total ionic current Ii is the sum of Na+, K+ and leak currents:

Ii = INa + IK + IL. (4.23)

The magnitude of each type of ionic current is calculated from the product of the ion's driving

forcé and the membrane conductance for that ion:

¡Na = gNa(V - ENa) (4.24)

Ik = gK(V- EK) (4.25)

Il = g~L(V - EL) (4.26)

where the Na+, K+ and leak conductances are g^a, g^ and g__ respectively, and Enu, Ek

and Ej, are the corresponding equilibrium potentials. The bar on the leakage conductance

gi, indicates that it is a constant, in contrast with the sodium and K+ conductances which

depend on the recent history of the membrane potential.

Potassium current
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Figure 4.7: A, rise of potassium conductance associated with depolarization of 25 mV; B,

fail of potassium conductance associated with repolarization to the resting potential. Circles:

experimental points replotted from Hodgkin and Huxley (1952, Fig. 13). The last point of A

is the same as the first point in B.

Hodgkin and Huxley measured the K+ conductance for a number of voltage clamp hold

ing potentials. After first isolating the K+ current, they calculated the conductance using

Equation 6.28. The form of the curves is shown in Figure 4.7 Upon depolarisation, the

conductance rises to a constant valué. This rise in conductance is referred to as activation.

The conductance stays at this peak valué until the voltage is stepped back down to rest, where

the conductance then decays exponentially. The fail in conductance is called deactivation.

The family of conductance activation curves (Figure 4.8) show that there are two features

of the curve that depend on the level of the voltage clamp holding potential: The valué that

the conductance reaches over time, gKoo, increases as the holding potential is increased. It

approaches a máximum at high holding potentials. This imply that there is a máximum K+

conductance per unit area ofmembrane, which Hodgkin and Huxley denoted gk. The speed at

which the limiting conductance is approached becomes faster at higher depolarising holding

potentials.

The conductance curves show that the limiting conductance and the rate at which this limit

is approached depends on the membrane voltage. In the HH model it is assumed the idea of

the membrane containing a number of gates which can be either closed to the passage of all

ions or open to the passage of K+ ions. Each gate is controlled by a number of independent

gating particles, each of which can be in either an open or closed position. For K+ ions to

flow through a gate, all of the gating particles in the gate have to be in the open position.

The movement of gating particles between their closed and open positions is controUed by

the membrane potential. The gating variable n is the probability of a single K+ gating parti

cle being in the open state. As the gating particles are assumed to act independently of each

other, the probability of the entire gate being open is equal to nx, where x is the number of
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Figure 4.8: Time course of potassium conductance in response to voltage clamp steps to

varying holding potentials; the voltage of the holding potential relative to rest is shown on

each curve. The circles are experimental points obtained on axon. Adapted from Hodgkin
and Huxley (1952)

gating particles in the gate.

The conductance of the membrane is given by the máximum conductance multiplied by

the probability of a gate being open. For example, if each gate is controlled by four gating

particles, as Hodgkin and Huxley's experiments suggested, the relationship between the K+

conductance gK and gating particle open probability n is:

9K
=
gnn (4.27)

The movement of a gating particle between its closed (C) and open (O) positions can be

expressed as a reversible chemical reaction:

O

where C and O correspond to the closed and open states, respectively, and an(V) and

0n(V) are the voltage-dependent rate constants at which a gate goes from the closed to the

open and from the open to the closed states, respectively. If we let m be the fraction of open

gates, then 1 —

m is the fraction of closed gates, and, from the law of mass action,

dn

~di a„(V)(l - n) - 0n(V)n = (n^V) - n)/rn(V),

where,

noo(V)
<*n(V)

<*n(V)+/3n(V)

(4.28)

(4.29)
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Figure 4.9: A family of curves showing the time course of n raised to various powers. From

top to bottom curves with n raised to the power 1, 2, 3 and 4 are shown.

and

T»(V) = (4.30)
a(V)+i3n(V)

A solution for the response of n to a voltage step is shown in Figure 4.9, along with the time

courses of n raised to various powers. The curve for n looks roughly like the conductance

curve shown in Figure 4.7. The decaying part of the curve retains its decaying exponential

shape. Hodgkin and Huxley found that raising n to the power four could give a better fit

than cubing or squaring, suggesting that each gate contains four gating particles.

The general form of the time course for n(t) in response to a voltage step is:

n(t) = noa(VÍ)
- (n^Vi) - nQ)exp(-t/rn(V1)), (4.31)

where no is the valué of n at the start of the step, defined to be at time zero, where rioo is the

limiting probabiUty of a gating particle being open if the membrane potential is steady as t

approaches infinity and rn is a time constant. When the membrane potential is clamped to

Vi, the rate coefficients wiU immediately move to new valúes an(Vi) and 0n(Vi). This means

that, with the membrane potential set at Vi, over time n wiU approach the limiting valué

n-x-ÍVl) at a rate determined by taun(Vi).

The rate coefficients a and /3 for the K+ current are described by:

V + 55
Qn 0.01- (4.32)

(4.33)

'l-ezp(-(i> + 55)/10)'

Pn = 0.125ea-p(-(V + 65)/80)

Sodium Current

In a similar manner to the procedure used for K+ conductance, Hodgkin and Huxley

isolated the Na+ current and calculated the Na+ conductance curves over a range of voltage
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4. Material and Methods

clamp steps. The time course of the Na+ conductance is iUustrated in The most notable

difference from the K+ conductance is that the Na+ conductance reaches a peak and then

decays back to rest, even while the clamped voltage remains in a sustained depolarising step.

This reduction in conductance is termed inactivation, in contrast to deactivation when the

reduction in conductance is due to termination of a voltage step. The time course of the

conductance during inactivation differs from the time course during deactivation, and this

suggested that two distinct processes can act to reduce the conductance. In order to quantify

the inactivation process, a gating type variable was introduced, called h, to represent the level

of inactivation. It could either be in the state of
"

not inactivated" or the state of
"

inactivated" .

The rate of transition between these states is voltage dependent and governed by a first order

kinetic equation similar to n:

— = ah(\ -h)- 0hh (4.34)

As with the n gating particle, the voltage-dependent rate coefficients a__ and /3-, can be

reexpressed in terms of a limiting valué h___, and a time constant r^. To fit the experiments

another gating variable was introduced, the Na+ activation particle m. As with n and h, the

time course ofm is governed by a first order kinetic equation with voltage-dependent forward

and backward rates am and betam-

dm
,__

.

— = am(l
-

ro)
- pmm (4.35)

the activation curve of the Na+ conductance was modelled satisfactorily by using three inde

pendent m gating particles, making the Na+ conductance:

9Na = gNam3h (4.36)

The final model of the Na+ current is given by the following set of equations:

Inu = gNam3h(V - ENa), (4.37)

dm
/-, \ n dh

— = am(l - m) - pmm, — = ah(l - h) - 0hh_ (4.38)

v + 40
am =

°-1l + exp(-(, + 40)/10)
a* = 007™P(-(v + 65)/20), (4.39)

/3m = 4ea;p(-(V + 65)/18), Bh = l- (aacx,'' P/l

e-rp(-(V + 35)/10) + l'
(i'W)

Leak current
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4.2. ModeUng neuron's electrical activity
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Figure 4.10: Time course of the sodium conductance in a voltage clamp with a step change in

voltage from resting potential to 76 mV and 88 mV above resting potential. The open circles

represent data points derived from experiment. The solid lines are fits to the data. Adapted
from Hodgkin and Huxley (1952)

There are some other currents besides K+ and Na+ currents involved in the generation

of an action potential, in fact there may be tens of them depending on the neuron and in

the species. For the squid giant axon there is another current involved; the leak current.

At the K+ equiUbrium potential, it was found that some non-Na+ current still flows. This

current could not be due to K+ ions since the driving forcé V - Ek was zero. Hodgkin

and Huxley proposed that it was due to a mixture of ions, and they termed it the leak

current II- It was assumed this was a resting background current that was not dependent on

voltage. Using a quasi-ohmic current-voltage relationship they derived El and §l from their

experimental results. Both the leakage conductance and equiUbrium potential are due largely

to the permeability of chloride ions. The leak current is modelled as a simple linear current.

In summary, the complete Hodgkin-Huxley model is as follows:

Cm% = -gNam3h(V-ENa)-gKni(V-EK)-gL(V-EL)+I

% = am(l-m)-j3mm

§ = ah(l-h)-fah

f = a(V)(l-n)-P(V)n = (nO0(V)-n)/Tn(V)
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4. Material and Methods

where I is an applied current and the parameters are

Cm = lpFcm-2

ENa = 50mV gNa
= 120roS cm_2

EK = -llmV gK
= 36mS cm~2

EL = -54.4roV gL
= 0.3roS cm2
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Chapter 5

Results

5.1 Modeling fast ripples

In this chapter the model developed in this work is described. The model was constructed

under the Hodgkin-Huxley methodology (see chapter 3). In summary, the approach taken

is as follows: first, the brain area under study is analyzed, in this the area where FR are

detected is the hippocampus. Second, the types of neurons presented in the area of interest

are studied, their morphology, the types of ionic currents in its membrane, the chemical

synapses and the type of neurotransmitter related to it. FinaUy, the connectivity patterns in

both, normal and pathological conditions. The following sections gives a general description

of the hippocampus.

5.2 Hippocampus

This section it is restricted to data needed in this work and it is not intended to be a complete

description of the hippocampus, (for extensive reviews see [132, 139]

The Brain is divided into lobes; frontal, parietal, occipital and temporal lobes (see Fig

ure 5.1). The hippocampus is localized within the temporal lobe, its ñame comes from its

resemblance to the sea horse (see Figure 5.2 ).

When the hippocampus is cross sectioned, three major nuclei can be observed: the dentate

gyrus (DG), cornu ammonis región 3 (CA3), and CAÍ (see Figure 5.3 ). Each of these regions
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5. Results

Figure 5.1: Lobes of the brain.

Figure 5.2: A, cross section of the brain showing the hippocampus within the temporal lobe.

B, a comparison between hippocampus and a sea horse. Adapted from reference [141]

is made up of a large number (several million, in primates) of glutamatergic principal cells

with cell bodies densely packed in the granule cell and pyramidal layers respectively. Their

apical and, in the case of pyramidal cells, basal dendrites make up the other layers that receive

associative and commissural inputs in a highly organized, layer-specific order. Principal ceUs

are inhibited by 7-aminobutyric acid (GABA)-ergic interneurons that make up for 5% to 10%

of all hippocampal neurons. Notably, there is a large variety of interneurons with different

anatomic, histochemical, and electrophysiologic properties.

The hippocampus is mainly related to memory formation and consolidation. It has a particular

connectivity that confers it with the ability to process and store information. Particularly,

strong recurrent feedback excitation is thought to play a central role in information processing

[140]. In Figure 5.4 it is showed an schematic view of the connectivity of the hippocampus.

The figure shows the so-called trisynaptic circuit, here, information flows from the enthorhinal

cortex to the hippocampus through the dentate gyrus, information is preprocessed and filtered

in the dentate and send it to CA3 area through the axons of the granule cells (the principal

excitatory cell within dentate gyrus), these axons are called mossy fibers. CA3 area is a
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5.3. Gap junctions

Figure 5.3: Schematic representation of a cross section of the rat hippocampus showing its

principal áreas and their respective principal (excitatory) cells.

región of strong feedback recurrence, apart from recurrence CA3 sends projections to CAÍ

area. FinaUy signáis are sent to the subiculum and from the subiculum to the entorhinal

cortex.

5.3 Gap junctions

A detailed description of electrical synapses in the hippocampus is presented in order to set

the basis of the model.

Electrical synapses are formed by a direct connection between the membranes of two

neurons. This connection is formed by two hemichannels named connexons. Each hemichannel

is composed of six protein subunits, termed connexins (Cx), arranged in a hexagonal pattern

around a large central pore [142] (see Figure 5.5), this pore directly connects the cytoplasm

of two adjacent cells, permitting the passage of ions and small molecules. Electrical synapses

are also known as gap junctions, the "gap" comes from the smaU space between the two

membranes that is formed when two hemichannel are connected, Figure 5.6 shows the 3D

channel structure of a gap junction.

Communication through electrical synapses is several fold faster than chemical synapses,

while in a chemical synapse the delay is approximately 1-3 ms, an electrical synapse trans

mission time is about 0.3 ms. Another feature that distinguishes electrical from chemical

synapses is that the former are bidirectional and the latter are unidirectional. Instead, chem

ical synapses can present gain but electrical synapses does not.
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Figure 5.4: Connectivity of the hippocampus. Signáis comes from enthorhinal cortex to the

dentate gyrus through the perforant pathway, the dentate gyrus sends connections to CA3

area through mossy fibers and CA3 area have recurrent connections with itself and coUateral

connections with CAÍ. Finally CAÍ sends signáis back to the subiculum and cortex

An important and mostly ignored characteristic of gap junctions is that they can undergo

transitions between múltiple conductance states due to several factors, voltage difference be

tween the two connected neurons, extraceUular and intracellular PH, intraceUular calcium.

Additionally gap junction conductance can be modified by the application of chemical sub

stances or drugs, halotane, carbenoxolone, melfloquine. In a recent study it was shown that

gap junction can present plasticity [143], the mechanism through which connection strength

between neurons is adapted and by which efficiency in signal transmission is modulated. It is

important to state that different connexin types (Cx), respond in a different manner to the

mentioned factors. In the text below, a general description of the conductance behavior of

different connexins to different factors is given.
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Figure 5.5: Structure of a gap junction. Cross sectional figure of two membrane connected

through gap junctions. The six connexins forming a connexon and two connexons forming a

gap junction can be appreciated from the figure.

c c

Figure 5.6: Microscopy image of a gap junction. A protein formation of the connexin B. 3D

reconstruction o a gap junction. C and D reconstruction of lateral and horizontal perspectives

of gap junctions.
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Voltage-dependent gap junction conductance

Gap junctions are usually seen as a simple and static resistor joining two neurons where

current can pass in both directions. This simplistic view is fine when gap junctions do not

play a principal role, but when they do, it is necessary to take into account the variation of

gap junction conductance.

In general gap junction conductance can vary depending on the transjunctional voltage

difference, i.e. the voltage difference between the two cells connected. Figure 5.7 shows an

up-to-date description of voltage dependence of the gap junctional conductances for distinct

connexin types and from different species. It is important to note that these valúes are steady

states valúes.

pH-dependent gap junction conductance

Several studies have indicated a correlation between changes in pH and epilepsy [145], specif

ically, extracellular and intraceUular acidification can be obsereved during seizures, and it has

been suggested that the amount of acidification is directly related to seizure duration [144].

Gap junctions are highly susceptible to pH changes in a connexin-dependent manner. Cx36

closes with alkalosis and opens with acidification, whUe most of the other connexins open

with alkalosis conditions and cióse with acidification. In Figure 5.8, the results of a study

on the effects of pH in Cx36 and Cx43 conductance are reproduced [146]. In this study, cell

pairs coupled through gap junctions were exposed to acid or basic solutions and the conduc

tance of the gap junction was measured during all the process. Figure 5.9 shows a plot of

normaUzed Gj conductance vs pH of Cx36. Other works reported that Cx26, Cx32, Cx38,

Cx46 among others open with alkaUnization and closes with acidification although at different

valúes [147]-[149].

It has been known for some time that quinine activates hemichannels in fish retinal hori

zontal cells and potentiates hemichannel currents in oocytes expressing certain connexins (e.g.,

Cx35) but not others (e.g., Cx43). Surprisingly, quinine and derivatives have an inhibitory

effect on gap junctions formed by Cx36 and by Cx50 (the concentration that inhibits 50are

32 and 73 mM, respectively). The inhibition by quinine is connexinselective. Gap junctions

formed by several other connexins are markedly less sensitive to quinine, in that 300 mM

quinine produced little or no inhibition of channels formed by Cx32, Cx43, Cx26, or Cx40.

Subsequent studies evaluating other quinine derivatives revealed that mefloquine, a widely

prescribed antimalarial agent, is even more potent in reducing junctional conductance formed
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Figure 5.7: General view of Vj-gating properties on vertébrate junctions. Junctional conduc

tance Gj ofmost connexin channels is Vj sensitive. Typically, Gj is generally maximal at Vj =

0 and decreases symmetricaUy for positive and negative Vj to non-zero residual conductance.

Curves represent the steady state Gj/Vj relations calculated at each polarity of Vj by a single
Boltzmann relation. Adapted from [146]
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Figure 5.8: Alkalinization reduces the electrical coupling mediated by neuronal Cx36 channels.

Cell pairs coupled through rat connexin43 (rCx43) and human connexin36 (hCx36) junctions
that were exposed first to control médium (pHo 7.4) and then superfused with acidic or

basic solutions (bars) before again switching them to the control médium while the junctional

conductance (Gj; black) was monitored and the pHi (pHi; red) was measured with SNARF-1.

Gj was normalized relative to its valué at the resting pHo. (A) Acidification typicaUy causes a

rapid and reversible uncoupling of Cx43 (Upper) but it slightly increases the Cx36 Gj between
the oocyte and N2Acell pairs (Bottom). (B) Alkalinization produces a mild increase in Cx43

coupling (upper) yet it reversibly reduces the Gj for Cx36. Note that the Gj in the Cx36

oocytes tends to decrease somewhat before it increases upon acidosis (arrow), whUe a small
increase in Gj typicaUy precedes the uncoupling with alkalosis (arrowhead). Data in Figs. 1-5

represent the mean valúes. Adapted from [146]
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Figure 5.9: pHi sensitivity of human Cx36 junctions. The curve was constructed with the

steady state valúes of Gj in oocytes (•) and in N2A cells (o) after stabilization of the pHi

valué foUowing each pH stimulus. Adapted from [146]
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Figure 5.10: pH sensitivity of wild-type rodent connexins. A, pH-sensitivity curve of Cx46 (•)
and Cx50 (o), 2 lens-fiber gap-junction proteins. B, pH dependence of vascular endothelial

gap junction proteins Cx37 (•) and Cx40 (o). C, Effect of acidification was tested on wild-

type cardiac connexins Cx45 (o), Cx43 (•), and Cx40 (A). D, pH sensitivity of hepatocyte

connexins Cx26 (•) and Cx32 (o). Note that the x axis is not identical in all graphs. From

reference [147]
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by Cx36 and Cx50 gap junctions. Mefloquine inhibits Cx36 and Cx50 gap junction channels

with IC50 valúes of 0.3 and 1.1 mM, respectively, and exhibits tenfold to 100-fold selectivity

for these channels over Cx43, Cx32, Cx46, and Cx26.

Shortly thereafter, Cx36 was identified as the rodent ortholog of Cx35 [89,90]. High levéis

of Cx36 mRNA were found in otfactory bulb, pineal gland, inferior oüve, CA3/ CA4, and

brainstem nuclei, while modérate levéis were seen in many brain and spinal cord regions.

No thalamic labeling was seen, except in reticular nuclei [89]. Immunocytochemical reactivity

was especially intense in inferior olive and retina, butwas also seen inmany regions throughout

the brain and spinal cord including the olfactory bulb, CAÍ to CA3 regions of hippocampus,

striatum, globus palüdus, dentate gyrus, and primary dendrites of Purkinje ceUs [42,91].

Srinivas et al. [192] have shown that quinine shows relative selectivity for Cx36 over several

other connexins. Gajda et al. [189] used this property to examine the effect of blockade of

Cx36 on 4-aminopyridine-evoked seizure activity. When quinine was appUed after onset of

seizures the number of discharges increased, the frequency components of the discharges were

altered, and the durations were reduced, leading to an overall reduction in seizure activity.

However, quinine also has many effects on intrinsic neuronal properties that may reduce

epileptogenic potential [193].

Yang and Ling [183] recently showed that carbenoxolone reduces the ampUtude and fre

quency of inhibitory postsynaptic currents in rat 15 Nervous System 341 somatosensory cortex

slices, suggesting that the antiepileptic effect of carbenoxolone may be due to uncoupling of

inhibitory interneurons.

Fast hippocampal osciUations thought to require axoaxonal coupUng were unaffected by

the absence of Cx36 in two different studies of one knockout mouse (Hormuzdi et al. 2001,

Buhl et al. 2003) and were only slightly reduced in a different Cx36 knockout mouse (Maier

et al. 2002).

The data summarized above suggest that the predominant connexin expression in neurons

of the brain and spinal cord is restricted to Cx36 and Cx45. Dedek et al. [98] have recently

argued for heterotypic interactions between Cx36 and Cx45 in mouse retina based on overlap

of Cx36 and Cx45 immunostaining; however, other investigators found no overlap [97], and

such overlap, even when present, does not necessarily indicate functional interaction.

Abstract— Gap junctions are channel-forming structures in contacting plasma membranes

that allow direct metabolic and electrical communication between almost all cell types in the

mammalian brain. At least 20 connexin genes and 3 pannexin genes probably code for gap

junction proteins in mice and humans. Gap junctions between murine neurons (also known
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5.4. ModeUng high frequency osciUations

as electrical synapses) can be composed of connexin 36, connexin 45 or connexin 57 proteins,

depending on the type of neuron. Furthermore, pannexin 1 and 2 are likely to form electrical

synapses. Here, we discuss the roles of connexin and pannexin genes in the formation of

neuronal gap junctions, and evalúate recent functional analyses of electrical synapses that

became possible through the characterization of mouse mutants that show targeted defects in

connexin genes.

5.4 Modeling high frequency oscillations

In this section the model developed in this work is explained in detail. The methodology

utiUzed was explained along previous chapters of the thesis. The model attempts to explain

the generation of pathological HFO in the hippocampus considering most of the biological

factors reported in scientific literature and in our own experimental findings. It is important

to note that this work was developed in collaboration with the laboratory of neurophysiology

and neurochemistry at the University ofGuadalajara. Since HFO are highly localized, smaU in

amplitude and their characteristic frequency is higher than the average firing rate of neurons,

other techniques ofmodeUng such as mean field modeling are not suitable. The methodology

chosen in this work is the so-called detaüed modeling of neural activity.

The detailed modeling approach can be summarized as follows:

1.- Individual neurons of the región of interest are modeled taking into account the morphol

ogy and the ionic currents that the neuron presents, not all the neurons have the same ionic

currents (see chapter 6).

2.- Once that neurons and their respective ionic currents were modeled, they are reproduced

and connected according certain topology to form a network or microcircuitry. By "con

nected" we mean chemical or electrical synapses.

3.- Finally, the network is simulated and specific parameters, ionic currents and membrane

potentials are analyzed.

The hypothesis of this work is that pathological HFO are produced by a network of neurons

connected trough gap junctions in their axons, and that, chemical synapses play a modula-

tory role but are not essential to the generation of HFO. Specifically, we state that the higher

frequencies of pathological HFO compared to normal HFO are due to reentrant activity in

such networks; this will be explained in detail in the rest of this chapter. First, a summary

of the facts about HFO and gap junctions that have been documented in previous chapters
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is given below.

1. HFO are generated in smaU volume tissue, approximately 1 mm3.

2. Pathological HFO (pHFO) have higher frequencies than normal nHFO

3. HFO persist, in vitro, when chemical inhibitory synapses are blocked.

4. HFO persist even when both, excitatory and inhibitory synapses are blocked.

5. HFO are diminished or abolished when carbenoxolone is appUed, carbenoxolone is a non-

selective blocker of gap junctions.

6. Quinine administration reduces HFO. Quinine is a blocker of gap junctions.

7. AlkaUne conditions potentiate HFO. Most gap junctions open with alkaline conditions

except for Cx36.

Taking into account those factors, the slow time constant of chemical synapses and the

fact that most neurons fire at frequencies below 10 Hz we propose that HFO are generated

in a network of axons coupled through gap junctions. Already, Traub and coUaborators have

shown that in such a network, activities in the range of 70-120 Hz (but not higher) can be

obtained. In this work, it is demonstrated how, under some conditions, activity can reach

higher frequencies.

The complete model consists of 10,000 pyramidal neurons and 1,000 inhibitory neurons

connected in several topologies with chemical and electrical synapses, although chemical

synapses only contribute to epileptiform activity and not HFO generation. The descrip

tion of the model wiU start by constructing the basic neuron and then it wiU be increasing in

complexity.

Pyramidal neuron model

The hippocampus has three main áreas, the dentate gyrus, CAÍ and CA3. The principal (or

excitatory) cells within the dentate gyrus are the dentate granule cells and within CAÍ and

CA3 are the pyramidal neurons. It is important to note that, although the complete model of

the pyramidal neuron is utilized for the complete model, sometimes a reduced model or only
the axonal compartments are used in order to reduce the simulation time and to get a general

idea of the behaviour of the model. It is possible to use only axonal compartments given that

the membrane potential of the soma and dendrites varies slower than that of the axons.

Given that the experimental settings of this work were carried out in rats, the neurons we

have modeled correspond to neurons of rats. The parameters, physiology and ionic currents*
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of the cells were obtained from several studies in scientific Uterature as weU from international

databases of neurons (neuromorpho.org). The pyramidal cell is a excitatory neuron (releases

excitatory neurotransmitters) whose soma has a pyramidal shape and has two distinct den

dritic trees. The basal dendrites emerge from the base and the apical dendrites from the

apex of the pyramidal ceU body (see Figure). As described in chapter 6, branching dendrites

can be represented by a single equivalent cylinder given that electrotonic measures and space

constant coincides. Thus, for a pyramidal ceU we use either a neuron with three equivalent

cylinders accounting for the denrites or a neuron with 64 compartments for the dendrites.

The neuron with three equivalent cyUnders is divided in 21 compartments, 7 for each cyUn-

der, one axon initial segment and one axon composed of four compartments. The neuron with

64 compartment also has an axon initial segment and one axon with four compartments; the

main difference between the two neuron models is the distribution of dendrites, but the be

havior is basicaUy the same. For some simulations we use only a neuron conformed by soma,

initial segment and axon (see Figure). The reason is that, since we are concerned mainly with

activity propagating through axons we can prescind from dendrites to save computational

work.

The dendrites, soma and axons have the following characteristics: In the table the principal

parameters of the dendrites are shown. In the column "conductance" ,
the channels present in

each part of the neuron are shown. From chapter 6, the conductances represent channels in the

membrane that are selective to specific type of ion, for example the AT+ conductance represent

channels in the membrane that are permeable to sodium ions (selective) but impermeable to

others, and it is through them that sodium currents flow into the cell.

The general equation that describes the membrane potential time course of each compart

ment has the form:

Cfc~jT~ = Iionic,k + lLeak,k + Icomp,k + Iext,k (5*1)

where subscript fc is the specific compartment

Cfc membrane capacitance of the compartment fc,

Ilmic Ionic currents (different for distinct parts of the cell, i.e. axon, soma or dendrites)

Iheak leakage current (see chapter 6)

Icomp current incoming from adjacent compartments, this is an axial current

Iext,k external appUed current to that specific compartment, it can be an electrical current.

The leakage current and the current from adjacent compartments are described by

lLeak,k = -0í,Vfc,
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Segment Total Length Parameters Conductances

Soma 25 pm Cm = 1 /¿F/cm*,

Rm = 10 KÍ2-

cm2, Rj = 100 íl-

cm

7V+,C|+,K(DR),

K(AHP), K(C),

K(A), L

Apical dendrites 510 pm Cm = 1 AtF/cm^,
Rm = 10 KÜ-

cm2, R¡ = 100 Q-

cm

Nt, C¿+_

K(DR),

K(AHP), K(C),

K(A), L

Basal dendrite 125 /xm Gm = 1 AíF/W,
Rm = 10 KÍ2-

cm2, R¡ = 100 íl-

cm

N+ C2+

K(DR),

K(AHP), K(C),

K(A), L

Initial Segment 75 pm Cm = 1 /iF/cm2,
Rm = 10 KÍ2-

cm2, R¡ = 100 fl

an

N+, K(DR), L

Axon 75 pm Cm = 1 /iF/cm*,
Rm = 1 Kfl-cm2,
R¡ = 50 fl-cm

N+, K(DR), L

Table 5.1: Principal parameters of dendrites, soma and axons

Ic0mP = J2%k(Vl-Vk)
i

where g¿ is the leakage conductance, 7-^ is the conductance between compartments and is

determined by the equation

_L RiL ^L

1l,k 2nr¡
+
2nr2 (52)

where Ri is the internal resistivity the two summands on the right-hand side of Eq. 5.2 are the

internal resistances of one half of compartment fc, and one half of compartment l. (This makes
sense if one thinks of Vj, and V¡ as the voltages in the centers of the cylindrical compartment).
For dendrites and soma the ionic currents are described as follows:

-T/omc = -gNa,k-n2khk(Vk - VNa) - gca,ksl(Vk - VCa) - 9K(DR)tknl(Vk - VK)
-

9K(A),kOrkh(Vk
-

VK) - gK(_AHP),kQk(Vk
-

VK) - gK_c),kCk(Vk
-

VK) (5.3)

and for the axon

honic = -9Na,km3khk(Vk - VNa) - gK(DR),knk(Vk - VK) (5.4)
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Function a P

g¡xja activation (m)

g_Ma inactivation (h)

9Ca (s)

9k(dr) (n)

9k(ahp) (<?)

9K{A) activation (a)

9k(A) inactivation (b)

0.32(13.1-V)

exp(-(13.1-V)/4)-l

0.128 exP(^p)

L6

l+eip(-0.072(V-65))

0.016(35.1-V)

exp((35.1-V)/5)-l

0.01

0.02(13.1-V)

ea*p((13.1-V)/10)-l

0.0016 exp(
13-V-*

18 r

0.28(^-40.1)

eip((V-40.1)/5)-l

l+eip((40-V)/5)

0.02(V-51.1)

exp((V-51.1)/5)-l

0.25 exp(*%r)

0.001

0.0175(y-40.1)

eip((V-40.1)/10)-l

0.05

l+ea:p((10.1-V)/S)

9K(c) (c)
exp|((V-10)/ll)-((V-6.5)/27)l 2Cx(p(-V - 6.5)/27)

Table 5.2: Forward and backward functions of the soma and dendrites model

where m, h, n, a, b, q, c are dimensionless state variables or gating variables taking on valúes

between 0 and 1, whose kinetics determine the intrinsic membrane active conductances. The

dynamics of the gating variables are governed by equation of the form:

dx

~di
= «(Vfc)(l - x) - P(Vk)x, x = m, h, n, a, b, q, c; (5.5)

the functions a and p for soma and dendrites are given in table 5.2 the rate functions for the

axon and initial segments are:

In summary, the complete set of equations for the different parts of the neuron are:
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Function a P

gNa activation (m) ^ff^.. ^&¡=_

<>*„ inactivation (h) 0.32exp(^p) 1+exp($_v)/5)

moR)(n) JS^Ji-i 0.45 e*p(^)

Table 5.3: Forward and backward functions for the axon model

Soma and dendrites

Ck^ =

-9Na,krn2k(t)hk(Vk-VNa)-gaiiks2k(t)(Vk-Vca)-gK(DR),k4^^
-

9K_AHP),k9k(t)(Vk
-

VK)
-

gK(c),kCk(t)(Vk
- VK) - gLVk + _r_-yi,k(V, - Vk) + 1^

i

—■ = ocm(Vk)(l - mk)
-

Pm(Vk)(mk)

^ = a-fc(Vfc)(l - /ifc) - Ph(Vk)(hk)

^f = <**(Vk)(l - sk) - ps(Vk)(sk)

-¿■=an(Vk)(l-nk)-pn{Vk){nk)

^=*a(Vk)(l-ak)-pa{Vk)(ak)

-¿
=

Mvk)(i-bk)-pb(vk)(bk)

doi-

-¿¿■=<x<,(Vk)(l-qk)-pq(Vk)(qk)
dck

■gf
= Qc(Vt)(l - cfe) - pc(Vk)(ck)

with 0.(14), ^x(Vfc) as stated in table 5.2. Vfc referes to the membrane voltage of cell fc.
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5.5 Pyramidal cell behavior

In this section the behaviour of the cell model is shown for distinct types of current injection.

Figure 5.11 shows the membrane potential ofthe soma (blue) and dendrite (red) in response to

different current injection steps. As can be noted from this figure the membrane bahaves as a

simple RC circuit when the applied current is low; when the current injection is strong enough

to drive the membrane voltage above the threshold level, the neuron no longer behaves as a

RC circuit. In this case the neuron "fires" an action potential because the ionic conductances

change dynamicaUy.

When the current steps are negative, the membrane behaves as a RC circuit but the

deflection in this case is negative as shown in Figure 5.12. In this case there are no action

potentials no matter how large is the current injection because the membrane potential is

more negative than the threshold and thus Na+ channels do not open.

As mentioned in previous chapters, neurons have a refractory period, a period in which neuron

can not fire a second action potential no matter if there is a current injection. In Figures 5.13

and 5.14 is shown the refractory period of the model neurons. In Figure 5.13 a brief current

injection is applied at time 10 ms to induce an action potential and a second pulse is applied

at time 30 ms, as can be seen this second pulse is incapable to induce an action potential in

the neuron even it is the same amplitude than the first one. This is because it was applied

during the refractory period of the cell. On the contrary, in Figure 5.14, the second pulse

is able to produce a second action potential in the neuron because it was applied after the

refractory period.

In Figure 5.15, we see that the burst activity is initiated by a somatic sodium spike. This

is because Ip,a is activated at lower voltages than is lea- Through electrotonic current spread,

this leading sodium action potential depolarizes the dendrite. Then the soma repolarizes, but

only partially. Still it causes the dendrite membrane voltage (V¿) to fail somewhat, below the

threshold for calcium spike generation, thereby delaying the full dendritic spike. During this

repolarization phase, significant coupling current flows into the soma from the dendrite which

then initiates a second somatic spike. This second somatic spike stops the drain of coupling

current from the dendrite, enabling the dendrite to undergo a full Ic-mediated voltage spike

with. Burst is initiated by somatic action potential which triggers subthreshold dendritic Ca

spike. This is followed by full Ca spike in the dendrite leading to somatic burst pattern.

Figure 5.20 shows the membrane voltage of two cells whose axons are connected through

a gap junction is shown. In this simulation, a current step is injected in the axon initial
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Figure 5.11: Membrane potential of the soma (blue) and dendrite (red) to different current

steps injection.
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Figure 5.12: Membrane voltage due to negative current steps. As spected. innthis case there
is no action potential.
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Figure 5.13: A brief current injection is applied at time 10 ms to induce an action potential

and a second pulse is appUed at time 30 ms, as can be seen this second pulse is incapable to

induce an action potential in the neuron even it is the same ampUtude than the first one.

Figure 5.14: A second pulse is able to produce a second action potential in the neuron because

it was applied after the refractory period
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time (ms)

Figure 5.15: Burst activity initiated by a somatic sodium spike.

Figure 5.16: Membrane voltage of two cells whose axons are connected through a gap junction
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Figure 5.17: A second action potential is generated by the first action potential that reaches

the soma (red) and propagates downward through the axon

Figure 5.18: The gating variables for the sodium and potassium currents, the activation

sodium gating variable is shown in blue and the inactivation sodium gate is shown in red.

The gate for potassium is shown in black.
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Figure 5.19: amplified versión of Figure 5.18.
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Figure 5.20: The sodium and potassium currents.
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segment of a pyramidal neuron, the current step is strong enough to produce an action poten

tial in neuron 1 (blue), the action potential propagates downwards through the axon until it

reaches the gap junction site, at this point, the action potential propagates to the second axon

and downward the axon 1. The action potential in axon 2 (black) propagates bidirectionally

downward and backward. Under some circumstances, the action potential that reaches the

soma (red) generates a second action potential that propagates downward through the axon

(see Figure 5.17). The generation of this second action potential depends on the holding

membrane voltage of the soma, when the soma is inhibited, for example by inhibitory postsy-

naptical currents (IPSC), then the membrane voltage of the some is more negative than the

resting state, this produces the depolarization of the soma to be delayed just enough time for

the axon to recover from its refractory period.

In Figure 5.18 it is shown the gating variables for the sodium and potassium currents, the

activation sodium gating variable is shown in blue and the inactivation sodium gate is shown

in red. The gate for potassium is shown in black. Figure 5.19 shows an amplified versión of

Figure 5.18. The sodium and potassium currents are shown in Figure 5.20 together with a

scaled versión of the action potential, in order to show the times where currents are triggered.

It is important to note that the delay of propagation from axon to axon varies with the

gap junction conductance valúes. For example, for a gap junction conductance of 120 pS

is approximately 0.125 ms in comparisson with the 5 ms in chemical synapses. In Figure

5.21 the upper subplot shows the membrane potential of two axons connected through a gap

junction whose conductance valué is 120 pS. In this simulation a current step is applied only

to one neuron. In comparisson, the lower subplot of Figure 5.21 shows the same two neurons

connected through a gap junction with a conductance of 16 pS. It is important to note that

for valúes below 16 pS the current can not flow from one cell to the other, of course this valué

of conductance is not absolute since there are some other parameters that also have an effect,

for example the diameter of the axon, yet it is not a critical parameter since diameter can not

vary too much.

Figure 5.22 shows a chain of 20 neurons connected through gap junctions in their axons.

The hypothesis is that in a network formed by axons interconnected through gap junctions,

activity propagates faster and thus produce an overaU activity of high frequency.To support

this hypothesis several models were constructed to observe how activity propagates. Models

consisted whether on reconstructed pyramidal cells interconnected by gap junctions with a

certain topology, or cellular autómata where every cell represents an axon. Cellular autómata

were constructed in order to support visual understanding.
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Figure 5.21: Two neurons connected through gap junctions. The upper subplot shows the

membrane potential of two axons connected through a gap junction whose conductance valué

is 120 pS. The lower subplot shows the same two neurons connected through a gap junction

with a conductance of 16 pS.
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Figure 5.22: A chain of 20 neurons connected through gap junctions in their axons.
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5.6 The network model

In the construction of the models, special attention was put on several factors. The topology

of the network, channel distribution, the gap junction conductance valúes and connexin types.

There are biological factors to be considered. The length of the axons is approximately

300 pm and thus each axon has a limited range of distance in which can connect to another

axon via gap junctions, as reported by [150, 151] coupling between pyramidal cells only occur

between pairs of neurons whose somata are up to a few hundreds of micrometers apart.

Another important factor is that, gap junctions among excitatory cells are sparse; in average,

each axon is considered to be connected to a number of 1 to 5 other cells. HFO can be coherent

over distances greater than 500 pm in CAÍ area, that is, it is coherent across populations of

hundreds, or thousands of neurons, despite the low gap junctional connectivity.

The first model that was tested was formed of 10,000 neurons in a two-dimensional array

100x100, the network was constructed following the work by Traub [11] with a random graph

topology. Random graphs are a special type of graphs where vértices or nodes are connected

randomly to other nodes through edges, in average each node of the graph will connect to

other j nodes. Thus, for a random graph, the number of edges is defined as Af = cn, where N

is the total number of edges, c = j/2 is the connectivity constant and represents the average

number of edges per cell, and n is the number of nodes. In our particular case, n represent

the cells and AT represent the total number of gap junctions and j
= 2 * c represents the

average number of gap junction emerging from each cell. These type of graphs posses certain

characteristics that are useful to analyze. As the number of nodes grows, the random graph

wül present one large cluster that is of the same order of magnitude as the whole graph

and other smaU isolated cluster and nodes. Thus, the behaviour of the entire graph can be

characterized by the large cluster. This is caUed the giant cluster, and its size is characterized

by the foUowing equation.

G(c) = 1 - x(c)/2c

where,
00

*r(c) = £(fc*-7fc!)(2ce-2c)fc
fc=i

Figure 5.23 shows the plot of the fractional size of the large
cluster with respect to the whole

network. This network is sparse, in the sense that the number of connections per ceU is

only a small fraction of the whole network, this in fact is consistent with the biology of the

hippocampus. One can see from the figure that if the average number of gap junctions per
cell

75



5. Results

0.9

OA

0.7

0.6

0.4

0.3

0 2

01

°6 02 0.4 06 08 1 1.2 14 1« '-8 2

C

Figure 5.23: fractional size of the large cluster with respect to the whole network.

is < 1 then the fractional size of the large cluster wiU be zero; meaning that the network will

be composed primarüy of isolated cells or smaU clusters with respect to the whole network.

If the number of gap junctions per ceU (c > 1), then the fractional size of the large cluster

will be of the same order of magnitude than the whole network. For example, for an average

of 1.3 gap junctions emerging from each cell, on average, the largest cluster is about 50% of

the network and for an average of 1.5 gap junctions per cell, the largest cluster is about 94%

of the whole network.

The network was constructed in the following way. First, the total number of cells n

arranged in a r/ñx-x/ñ 2D grid and the total number of gap junctions N in the network were

defined. Each space in the grid represents a neuron whose soma is separated from adjacent

somas by 20i¿m. The number of gap junctions emerging from each cell was then calculated as

j = 2 * N/n. Since the network topology is restricted by biological factors such as the length

of the axon, a footprint was defined. The footprint is the neighborhood of cells that the axon

of a specific cell can reach. Thus, given the axon length L of each cell varied from 300 to 500

/xm, the axon can connect to any other axon whose somata is within a radius r < L. Once

this valúes and restrictions were stated, a number of gap junctions to each cell was assigned

randomly in such a way that the average number of gap junctions per cell is equal to j. The

number of gap junctions allowed per cell varied between 1 and 3 for some simulations and

between 1 and 5 for other simulations which is consistent with reported biological results. In

some special cases, different topologies were constructed, in which the number of gap junc-
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tions aUowed per ceU varied largely. Connections among axons were assigned randomly with

the restriction that the cell to which is connected is located within the footprint. To induce

activity in the network, a stimulation protocol was implemented. Such a stimulation repre

sents exogenous action potentials coming from other regions. The stimulation consisted on

current steps appüed randomly to cells with a frequency of 0.1 Hz per axon.

In Figure 5.24 the simulation of the network connected through gap junctions with a valué

of 50 pS is shown, in this simulations a sitmulation protocol lasting 120 ms, as mentioned

before the stimulation represents ectopic firing coming from other regions. The figure shows

the membrane voltage of the axon. Figure 5.25 shows the average membrane potential of all

the neurons in the network, this represents an approximate local field potential where the

measuring electrode is positioned adjacent to the network. A real local field potential is an

order of magnitude lower than the one calculated here, the reason is that for computational

reasons we are not calculating the attenuating effect of the extracellular space. Since we are

interested in the shape and frequency of the resulting signal. In the lower subplot of the figure

it is shown the power spectrum of the signal. As can be noted the frequency of the signal

is consistent with the frequency of ripple oscillation but not with fast ripple oscillations, as

mentioned before ripples and fast ripples are both HFO's. Ripples are normal and are related

to memory formation whereas fast ripples are pathological and are related to epilepsy. At this

point it is important to state some results of the simulations carried out. Several hundreds

of simulations were performed in order to analyze robustness of the model. On each simula

tion different parameters were varied within the physiological permissible valúes. The varied

parameters include the diameter and length of the axon and soma, the somatic voltage, the

conductances of ionic channels, the connectivity and size of the network and finaUy the gap

junctional conductance. One more important issue about the junctional conductance must

be stated. The valué of the conductance were varied for each simulation within the reported

valúes in Uterature, the important fact here is that all the gap junctions in the network in

one specific simulation had the same nominal valué ± 10% of the nominal valué. The result

among aU the simulations were consistent, and the frequencies achieved varied between 80

and 250 Hz. Greater frequencies could not be achieved under these circumstances. In sum

mary, despite several networks and parameter configuration the only achievable frequencies

were those in the range of normal ripples but not fast ripples.

The next step was to combine different types of connexins in the same network, this is,

the gap junctions in the network now have different nominal valúes. We called this simula-
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tions with different connexins heterogeneous to distinguish the simulations where all the gap

junction nominal conductance were homogeneous. It has been reported that in epileptic tis

sue, there are some alterations in the connexin expression in the hippocampus. Particularly,

the increase in Cx43, decrease in Cx32, and preservation of Cx36 expression in hippocampi

from epileptic persons could play a role in the development of seizures in patients with tem

poral sclerosis. These types of connexins have different nominal valúes of conductance. For

example,Cx36 has a conductance of 16-22 pS, Cx32 has 20-36 and Cx43 has 100-160 ps. Ad

ditionally it was found that Cx26 is expressed between excitatory ceUs, the same for Cx36.

Following this results, a different network was constructed with heterogenous gap junction

connexins. The topology is constructed in the same way except for the conductance distri

bution. Several networks were simulated, in each simulation a different configuration was

tested. The principal parameters that changed among simulations were the number of dif

ferent connexins and the ratio among them. After several simulations (hundreds of them), it

was found that, for specific combinations of connexin types the frequency increases by 2-fold

the máximum frequency in the homogeneous simulations. It was found also that the high

frequency activity persists even after the stimulation protocol stopped. In Figure 5.26 two

plots are shown. The first one represents a homogeneous simulation and the second plot rep

resents a heterogeneous simulation. In both simulations, the stimulation protocol stopped at

120 ms. Figure 5.27 shows the local field potential of both simulations and Figure 5.28 shows

the power spectrum of the heterogeneous simulation. It is important to note that after the

stimulation stops, the signal becomes perfectly periodical. The reason the activity persists

is that there is a reentrant activity that is recycling in the network, this reentrant activity

can not be generated in a network where al the gap junctions are homogeneous. Reentrant

activity can not be always achieved, in fact, only occurs when the types of connexins in the

network have valúes largely different. In Figures 5.29 and 5.30 several simulations are shown

for homogeneous and heterogeneous networks respectively.

The simulations are in accordance with reports in the sense that fast ripples are found

in epileptic tissue where several alterations occur, for example changes in pH during the

seizures, it has been extensively studied that connexins undergoes changes in its nominal

conductance when the pH is increased or decreased (acidification or alkalination). These

changes in conductance are not the same for different types of connexins. An increase in pH
induce an opening (increase in conductance) in Cx36 junctions while in CX43 or CX32 induce
a closure of the channels. Besides, the rate of opening/closing of the channels is different
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Figure 5.24: Simulation of the network connected through gap junctions with a valué of 50

pS.

for every connexin. In a network formed by different types of connexins, changes in the

pH results in a assymetrical network that is different from the steady configuration. Also,

as mentioned before, it has been shown that HFO persists even when chemical synapses are

blocked, our model is able to reproduce HFO in the absence of chemical synapses given that the

HFO generation depends only on the electrical synapses.
The simulations are also consistent

with the experimental results obtained in our group. In such experiments, the action of

carbenoxolone and quinine on the high frequency oscillations was studied on animal models

of epUepsy. In this studies, rats were injected
with pilocarpine to induce chronic epilepsy, once

the rats developed epUepsy (several weeks later) some
rats were treated with carbenoxolone or

quinine. The results obtained were that carbenoxolone and quinine dimishes the occurrence

and the frequency of fast ripples, this result is in accordance with the simulations.

The Figure 5.31 shows the local field potential of a simulation with chemical and
electrical

synapses. Chemical synapses account for large amplitud and slow variations of the signal

while electrical synapses support fast ripple activity. In Figures 5.32 and 5.33, the spatial

behaviour of the network. The figures show a squared grid of 100 x 100 neurons connected

through gap junctions, Figure 5.32
stands for homogeneous gap junction distribution and

5.33

for heterogeneous. Each coordinate
i the grid represent a neuron whose activity

is depicted in
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frequency (Hz)

Figure 5.25: Average membrane potential of aU the neurons in the network, this represents

an approximate local field potential where the measuring electrode is positioned adjacent to

the network.

Figure 5.26: Homogeneous (top) and heterogeneous (bottom) simulations.
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Figure 5.27: Local field potential of both simulations.

Figure 5.28: Power spectrum of the heterogeneous simulation.
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Figure 5.29: Several simulations are shown for homogeneous gap junction distribution. Every
simulation has a different valué in gap junction.

colour. When the neuron is in color green it means that it is firing an action potential. Blue

dots mean neurons are in the refractory state (inactivated and unable to fire). Black mean

the neuron is in resting state and ready to fire if stimulated. In the homogeneous network

the propagating wave is a symmetrical ring that propagates with a constant velocity through
all the network. When the gap junction distribution is heterogeneous, the wave becomes

asymmetrical due the propagation velocity is not constant. In turn, the wave deforms into

a spiral where reentrant activity is formed raising up repetition of several waves in a short

window of time, this genérate high frequency oscillations.
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Figure 5.30: Several simulations are shown for heterogeneous networks.
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Figure 5.31: Local field potential of a simulation that includes chemical and electrical synapses.
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Spatial activity of the network when gap junctions are homogeneously dis-

85



5. Results

'■■ í

/.-•v

jjl af' '■

^

1

Figure 5.33: Spatial activity of the network when gap junctions are heterogeneously dis

tributed. Here propagation velocity is non-uniform, this causes an asymmetrical wave that

deforms into spiral wave.
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Chapter 6

Conclusions and future work

A detailed, large scale model of the CAÍ area of the hippocampus was constructed. In such

model, neurons are connected through gap junctions in their axons. The model consists

on several thousands of neurons, up to 10,000 with several compartments accounting for

the dendrites, soma and axons. Each neuron in the model was constructed considering the

physiological parameters reported. The model is able to reproduce both, ripples and fast

ripples even in the absence of chemical synapses as reported in different experiments. The

model also explains the increased finding of HFO in the onset of seizures given that during

the onset there is a change in the pH, and thus, the conductance of the gap junctions is

modified. There are other experiments with cx36 knocke-out mice, where the HFO diminishes

but does not dissapear. This means that there are some other connexins present in the

network responsible for the generation of HFO. The model was designed taking into account

the experimental results obtained in our lab, for example the reduction of HFO after the

appUcation of carbenoxolone or quinine.

The reproduction of fast ripples in the model can only be achieved by having an hetero

geneous distribution of gap junctional conductance, which mean that maybe more than one

connexin is present in the pathological network that produce fast ripples. This is consistent

with experiments realized on genetically modified mouse. The heterogeneous distribution of

gap junctional conductances modify the propagation velocity
of the waves wich in turn deform

into spirals that cycle. This reentrant activity generates fast oscillatory waves whose period

is proportional to the path of the network generating the spiral.

The model is able to reproduce several features of the activity within the hippocampus and
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it can be used not only for studying fast ripples but for studying a large set of phenomena as

altered ionic conductances, genetic alterations, cellular death, long term potentiation among

others.

The complexity of the model is large and it is not intended to be optimal in this sense.

A single simulation can last hours or days depending on the capacity of the processors. The

model does not have a graphical user interface which make it difficult to be used by several

persons. In the future work, a graphical user interface wiU be designed, so that it can be used

more readily.

Another contribution of the thesis was the design of a software capable of detecting fast

ripples in real time, in addition the software automaticaUy performs a quantitative analysis of

the high frequency oscillations detected. This software reduced the time from experimentation

from several weeks to only hours.

In addition, a neural mass model was also designed to analyze the changes in the excitation

and inhibition of epileptic brains in real time.
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Physiology of the neuron and

neuronal circuits

In this chapter, the physiological background necessary to develop the thesis is summarized.

Particularly, the physiology of the neurons, the mechanisms involved in neuronal activity

and communication, as weU as the basic experimental settings carried out in neuroscience are

explained. This knowledge is necessary to an appropriate explanation ofthe models developed

in this work. The neuron The human brain is a 1.3 Kg structure whose cells, caUed neurons,

are highly connected and densely packaged. The brain processes and control hundreds of

functions in paraUel.

FVom a system perspective, neurons are nonUnear units that receive, process and transmit

information. The average human brain has approximately one hundred billion neurons, each

of these neurons receive approximately 1,000-100,000 inputs from other neurons and send

connections to about other 50,000 neurons on average [154]. Complex processes are carried

out within the brain and its activity is not only controlled by the properties of neurons per se,

but also by the interaction among different ions and neurotransmitters and, in great extent

by the topology of connection among neurons [155, 156].

Neurons are specialized cells that share some characteristics with aU other cells of the

human body but also have unique features that makes them different from all other cells.

Neurons have, as all other cells, membrane, nucleus that contains genes, a cytoplasm, mi-

tochondria and other organdíes; they also carry out basic cellular processes such as protein

synthesis and energy production, but unlike other cells, neuron presents speciaUzed structures
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B. Physiology of the neuron and neuronal circuits

Figure B.l: Two different neurons obtaind different imaging techniques. A, Pyra

midal neuron (Golgi stain) B, Purkinje neuron (confocal microscopy). Modified from

http:vnvw.scholarpedia.org/article/Neuroanatomy and http:ccdb.ucsd.edu/sand/main

for receiving and sending information, they can commumcate with another neurons through

long distances and they can genérate a very specific pattern of signáis.

A picture of a real of two different neurons is shown in Figure B.l: The neuron presented

in image A is a pyramidal neuron stained with Golgi technique, the image in B is a Purkinje

neuron from mouse cerebeUum injected with Lucifer YeUow and imaged using confocal mi

croscopy.

The neuron has three principal parts: the dendrites, the soma and the axon (Figure B.2).

In a general (classical) simplistic perspective dendrites act as an input, they receives signáis

(synapses) from other neurons and send them to the soma. The soma is the body of the

neuron, it summates signáis from dendrites and send the result to the axon [157]. The axon,

depending on the signal that is provided by the soma, it "fires" and transmits a special sig

nal called action potential to other neurons. In the next paragraph, a detailed description

of these fundamental parts and processes from neurons is given. It should be noticed that

each of these parts of the neuron by themselves involve complete áreas of research, thus the

description given here contains only the minimal required information to set the basis of the

thesis.

The dendrite and the soma Dendrites are tree-like structures that can be found in a wide

variety of shapes and lengths (see Figure B.2 ). Since Ramón y Cajal studies in 1891, den

drites were thought to constitute the input side of the neuron and act like passive cables,

i.e. they do not regenérate signáis [158, 159]. However this is not the big picture, as it will

be discussed later, dendrites are not the only input of the neurons, as several studies have

shown[160, 161]

Dendrites are extensions of the cell body of the neuron specialized for receiving and process-
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Figure B.2: Draw of two types of neurons representing their components. Modified from

Kandel ER, Schwartz JH, Jessell TM 2000. Principies of Neural Science, 4th ed. McGraw

Hill, New York.

ing the vast majority of synaptic inputs. In many cases the shape of the dendritic arbor can

be related to the mode of connectivity between neurons. Ramón y Cajal observed that the

complexity of dendrites reflects the number of connections that a neuron receives. Consider,

for example that a neuron without dendrites, having a roughly spherieal cell body, has a

very limited surface area for receiving inputs. Increasing surface area by enlarging the cell

body would mean prohibitive increases in cell and brain volume [162]. According these Unes,

dendrites can be thought of as extensions of the cell body which provide increased surface

area at much lower cell volumes. Dendrites make local connections as compared with the

axon. The axon, emerging from the soma, may extend to distant targets, up to a meter or

more away from the cell body in some cases, (e.g. motor neurons and corticospinal projection

neurons). Dendrites are rarely longer than 1-2 mm. Interesting, dendrites of the same neuron

avoid overlapping with each other (self-avoidance), and dendrites of neighbouring neurons

of the same type do not contact each other (tiling). Both of these processes involve den-

drite-dendrite contact-mediated repulsión [163, 164] .

Dendrites have a property caUed dendritic integration where all inputs in a dendritic arboriza-

tion are integrated over a time window. The electrical properties of dendrites will be reviewed

in chapter 7.

The soma or cell body is the body and the factory of the neuron. It produces all the pro

teins for the dendrites, axon and synaptic termináis and, contains specialized organeUes such

as the mitochondria, Golgi apparatus, endoplasmic reticulum, secretory granules, ribosomes
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B. Physiology of the neuron and neuronal circuits

Figure B.3: Neurons exhibit variable dendritic structure. (a) A hippocampal CAÍ pyrami
dal neuron. (b) An interneuron from stratum radiatum of CAÍ. (c) A stellate ceU from

layer II of the rat entorhinal cortex. (d) A cerebellar Purkinje cell. (e) A cerebellar gran
ule ceU. Neurons in all panels are from the rat; axons have been truncated or removed.

The scale bar apphes to all panels. (a) Adapted from Golding NL, Jung H, Mickus T, et
al. (1999) Dendritic calcium spike initiation and repolarization are controUed by distinct

potassium channel subtypes in CAÍ pyramidal neurons. Journal of Neuroscience 19: 8789-

8798; (b) from http://www.northwestern.edu neurobiology/faculty/spruston/sk-models; (c)
adapted from Klink R and Alonso A (1997) Morphological characteristics of layer II projec
tion neurons in the rat medial entorhinal cortex. Hippocampus 7: 571-583; (d) adapted from
Itoth A and Hausser M (2001) Compartmental models of rat cerebellar Purkinje cells based
on simultaneous somatic and dendritic patch-clamp recordings. Journal of Physiology 535:

445-472; (e) adapted from Cathala L, Brickley S, Cull-Candy S, et al. (2003) Maturation of
EPSCs and intrinsic membrane properties enhances precisión at a cerebellar synapse. Journal
of Neuroscience 23: 6074-6085
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Figure B.4: Summary of axonal functions. A pyramidal neuron is schematized with its

different compartments. Four major functions ofthe axon are illustrated (i.e., spike initiation,

spike propagation, excitationrelease coupling, and integration). A spike initiates in the axon

initial segment (AIS) and propagates towards the terminal where the neurotransmitter is

released. Adapted from: Axon Physiology. Physiol Rev 91: 555-602, 2011

and polysomes to provide energy.

Axon The axon is defined as a long neuronal process that ensures the conduction of in

formation from the cell body to the nerve terminal. Its discovery during the 19th century

is generally credited to the Germán anatomist Otto Friedrich Karl Deiters [165], who distin

guished the axon from the dendrites. The functional role of the axon, as the output structure

ofthe neuron, was initially proposed by the Spanish anatomist Santiago Ramón y Cajal [166].

Generally, axons are highly ramified and contact with several hundreds target neurons,

locaUy or distally. The axon is probably the most neglected part of the neuron and is often

assumed to do nothing more than faithfully conducting action potentials. Nevertheless, there

are numerous reports of complex membrane properties in non-synaptic
axonal regions, owing

to the presence of a multitude of different ion channels [167]-[169]. The complex time- and
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B. Physiology of the neuron and neuronal circuits

Action potential
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Figure B.5: A typical action potential. Starting at resting potential, the membrane depolarizes

or become less negative due to the influx of sodium ions, immediately the efflux of potassium

ions repolarizes the membrane and even hyperpolarizes until it returns to its resting state

approximately at -70 mV

voltage dependence resulting from the properties of these ion channels can lead to neuron

activity changes.

In this work the axon takes a principal role and even more, as it will be explained in the

section on modeling, communication among axons will be a principal subject in the develop

ment of our models.

Most axons perform three tasks that are crucial for neuronal communication over distances

that are prohibitive for passive electrotonic spread of electrical potentials: action potential

initiation, propagation, and action potential-mediated transmitter reléase (Figure B.4). Ac

tion potential is a special type of signal produced by the axon and travels along of it (see

Figure B.5).

Axonal morphology is highly variable, often they form complex arborization for example,

axons of hippocampal CA3 pyramidal cells have at least 100 to 200 branch points in a total

axonal length of 150 to 300 mm, and a single cell might contact 30,000 to 60,000 neurons

[170]-[172]

The second morphological feature of axons is the presence of many varicosities (synaptic

boutons) that are commonly distributed in an en passant manner along thin axon branches.

A single axon can contain several thousands of boutons [173, 174]. Some axons extend locally

(about 1 mm for inhibitory interneurons) whereas others can be as long as 1 m or more [175].
The diameter of axons also varies considerably. The largest axon (the squid giant axon) is

cióse to 1 mm in diameter [176] whereas the diameter of unmyelinated cortical axons varies
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between 0.08 and 0.4 pm [177, 178]

The timing of action potentials is thought to determine the coding of neuronal informa

tion in the brain. Axonal conduction introduces a delay into the propagation of neuronal

output, and axonal arborization might transform a temporal pattern of activity into spatial

patterns in the termináis [179]. Axonal delay initially depends on the velocity of the action

potential in axons (generaUy between 0.1 m/s in unmyelinated axons and 100 m/s in large

myeUnated axons), which is a direct function of the diameter of the axon and the presence of

a myelin sheath. Axonal delays might have crucial functional consequences for the integration

of sensory information.

A type of axo-axonal communication has recently been demonstrated in hippocampal

neurons, this communication is sustained by electrical synapses but this issue wiU be discussed

extensively in further chapters.

Chemical synapses Neurons communicate with each other through a complex structural-

mechanism caUed synapse. There are chemical synapses and electrical synapses.

Chemical synapses are highly specialized intracellular connections that mediate information

through the nervous system. [180]. In Figure B.6 a synaptic process is illustrated. A chemical

synapse consists of several steps

1.- An action potential must reach a presynaptic terminal

2.- The arriving of an action potential causes the opening of voltage-gated calcium channels.

This in turn aUows the entry of calcium ions to the cell interior changing the calcium concen

tration.

3.- This modified concentration of calcium activates a set of calcium-sensitive proteins at

tached to vesicles that contain a neurotransmitter.

4.- These proteins change its shape, causing the membranes of vesicles to fuse with the mem

brane of the presynaptic cell, thereby opening the vesicles and dumping their neurotransmitter

contents into the synaptic cleft, the narrow space between the membranes of the pre and post

synaptic cells.

5.- The neurotransmitter diffuses within the cleft. Some of it escapes, but some of it binds to

chemical receptor molecules located on the membrane of the postsynaptic cell.

6.-The binding of neurotransmitter to these ligand-gated ion channels causes its activation

and the influx of ions on the postsynaptic ceU.

Synapses can be excitatory, inhibitory or modulatory depending on the neurotransmit-
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Figure B.6: Synaptic activity induces glutamate reléase into the synaptic cleft and activa

tion of the postsynaptic NMDA receptor (NMDAR). Calcium influx into the dendritic spine

through the NMDA receptor regulates dendritic patterning and synapse morphology through
local effects on the actin cytoskeleton. NMDA receptor activation also regulates the recruit-
ment of AMPA feceptors to the synapse in processes important for synaptic maturation and

plasticity.

ter being released. The principal neurotransmitters are glutamate (excitatory), gamma-
aminobutiric-acid (GABA, inhibitory), serotonin (5-HT), acetylchoUne and dopamine (modu-

latory). In this thesis glutamate, GABA and serotonin will be used in the models. Inhibitory
and excitatory synapses play a fundamental role in information processing in the brain. Ex

citatory synapses usually are situated on dendritic spines, smaU membrane protrusions that

contain glutamate receptors. In recent years, it has become evident that spine morphology
is intimately linked to synapse function. The relationship between synaptic signaling, spine

shape and brain function is more apparent when the brain becomes dysfunctional. Many psy-

chiatric and neurologic disorders, ranging from mental retardation and autism to Alzheimer's

disease and addiction, are accompanied by alterations in spine morphology and synapse num
ber.

Neurotransmitters released from the presynaptic terminal act on neurotransmitter re

ceptors on the membrane of the postsynaptic neuron. Whether a synapse is excitatory
or inhibitory determines the postsynaptic current displayed, which in turn is a function

of the type of receptors and neurotransmitters operating at the synapse. There are two

types of postsynaptic receptors that recognize neurotransmitters: ligand-gated ion channels

(ionotropic receptors) and G protein-coupled (metabotropic) receptors. The binding of glu
tamate to amino-3-hydroxy-5-methyl-4- isoazolepropionate (AMPA)-type and N-methyl-D-
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aspartate (NMDA)-type ionotropic glutamate receptors leads to excitatory synaptic trans

mission [181], whereas the interaction of GABA and ionotropic GABAA receptors allows an

influx of negatively charged chloride ions and provides the major form of inhibitory synaptic

transmission [182, 183].

Neuronal signal processing is mediated by integration of excitatory and inhibitory synap

tic inputs. A single neuron usually has hundreds or thousands of excitatory and inhibitory

synapses on its dendrites or cell body, and whether this neuron triggers or not an action po

tential, depends on the total input of all these synapses. If the postsynaptic neuron receives

many strong inhibitory synaptic inputs, the likelihood of the cell firing an action potential

is very low. Therefore, precise regulatory mechanisms must exist to maintain the balance of

excitatory and inhibitory synaptic transmission, the so-called E/I balance. Alteration in the

E/I synapse balance has been proposed for many brain disorders, including epilepsy [184, 185] .

Electrical synapses Chemical synapses are by far the most studied forms of communication

among neural ceUs. Electrical coupling between neurons is often ignored or not taken into

account as a principal component in neural oscillations. Electrical coupling is not a rare phe-

nomenum, in fact, they may be crucial to Ufe, for example they can be found in the myocyte

cells of the heart and it is only through them that a cardiac action potential can conduct from

cell to cell [186]. Electrical coupling also exists among beta cells in the liver or in the lens of

the eye [187].

Electrical coupling among neurons is formed by a special type of channels caUed gap

junctions. Each gap junction is form by two hemi-channels located on the membrane of

connected neurons (see 5.6), there is a gap of approximately 3nm between the membranes of

the connected neurons, this is the reason they are called gap junctions. It is important to

note that, in terms of dimensión, this is very small when compared to the 20nm of separation

in the synaptic cleft on a chemical synapse. Each hemi-channel (also known as connexon) is

made of connexins (a family of transmembrane proteins), connexins are each identified with

a number i.e. connexin 36 or Cx36, the number is roughly proportional to the molecular

weight. There are several types of gap junctions connexins in the mammalian brain: Cx32,

Cx36, Cx43, Cx50 among others [188]. A detailed description of electrical synapses is given

in chapter 7.

Gap junction's electrotonic properties are different from those of chemical synapses. Gap

junctions allow the flux of ions through their channels in a bidirectional way. Transmission

is several times fold faster than chemical synapses, while the latency on the latter is approx-
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B. Physiology of the neuron and neuronal circuits

imately 1-3 ms, in the former is 0.3 ms. Gap junctions are not selective as other channels

found in neurons, i.e sodium channelsa+) or potassium (K+) channels, gap junctions have

an aqueous interior through which ionic currents can flow. Gap junctions usually are taken

to be passive resistances whose valúes are fixed. But as several studies have confirmed gap

junction conductance changes with different factors, for example PH changes, calcium, and

some drugs. In this thesis this particularity of conductance variance is analyzed thoroughly

in the models. Even more, a dynamic gap junction model is proposed also. JFurther details

are explained in chapter 7.
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Appendix C

Computer modeling in

Neuroscience

Computer modeling in neuroscience has a long history and several ramifications, there are two

major group types of neural models: The first group uses abstractions of the functioning of

the brain and/or the neurons to créate abstract models designed to solve problems or perform

specific tasks as the McCulloch-Pitts [189] neuron and all derivations of it. These type of

models has made an outstanding impact in engineering problems as in several branches of

science, nevertheless they are not usually utUized for modeling physiological phenomena of

the brain ñor to describe brain functioning.

The second group uses more physiologically accurate models to describe several phenomena

within the brain. In the next sections a brief historical review of these types of models is

given foUowed by a section of computer modeling in epilepsy and HFO.

Cybernetics, Artificial neural networks and Artificial intelligence The decade of 1940 was

a remarking decade in the history of neural sciences, in this decade three seminal works

were published. The studies by McCulloch and Pitts (1943) on neurons as computing units

[189], the book of Donald Hebb (1949) on behaviour [190], and the book of cybernetics by

Norbert Wienner [191]. These publications gave birth to several discipünes and have made a

great impact on others, to know, artificial neural networks, artificial inteUigence, (biological)

control theory, cognitive psychology, neural modeUng, cellular autómata among others. These

publications introduced the first model of neural networks as computing machines and parallel

computation and the basic model of learning where the synaptic weight between two neurons
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C. Computer modeling in Neuroscience

are strengthened or wakened depending on the firing of both neurons, a process known as

Hebbian learning which is a particular case of a more general concept called synaptic plasticity.

McCuUoch and Pits' approach sought to map logic onto neural function, the corresponding

phenomenological model is a very simple and highly formaüzed model which is based rather

on a coarse structure of biological neurons and on desired logical functionality, than on phys

iological properties. A McCulloch-Pits neuron has múltiple inputs and a single output. Each

input is weighted, and the weighted sum of these inputs is passed through a nonlinearity to

obtain the output of the model. In fact this particular model is a neural model with synap

tic inputs (inhibitory when the weight is negative, excitatory when the weight is positive),

simplified somatic threshold and saturation effects, and axonal output "activity" resumed as

a static function of input activities. Although the McCulloch-Pits model can solve pattern

classification problems (and thus emulate an important feature of natural intelligence), it is no

considered a useful model for interpreting real neurophysiological data. FoUowing McCuUoch

and Pitts work, several important works were presented which have made a major impact

in engineering. In 1949 Donald Hebb published his book "The Organization of Behavior: A

Neuropsychological Theory," [190], which is one of the most influential books in biology and

has served as the basis for many training algorithms of artificial neural networks. In this

book, Hebb gave three fundamental postulates. In one of the most often quoted passages in

Neuroscience Hebb postulated:
"
When an axon of cell A is near enough to excite B and re

peatedly or persistently takes part in firing it, some growth process or metabolic change takes

place in one or both cells such that A's efficiency, as one of the cells firing B, is increased"

In Neuroscience, this proposal is referred to the "Hebb synapse'', the first instances of which

were later discovered in long term potentiation [192]. In Cognitive Science and Computational
Neuroscience this proposal is referred to as the "Hebb rule" which provides a basic learning

algorithm for adjusting connection weights in neural and artificial network models [193]. In

1962 Rosenblatt published the book "Principies of neurodynamics: Perceptrons and the the

ory of brain mechanisms" [194], which set the basis of the feedforward neural networks. In the

context of artificial neural networks, a perceptrón is an artificial neuron using the Heaviside

step function as the activation function. The first formal training algorithm was formulated

by Paul J. Werbos in 1974 in his Ph.D Thesis at Harvard University. In this work he presented
the backpropagation algorithm which is one of the most used algorithms for training neural

networks. In 1982 John Hopfield presented the Hopfield network [195] which is a recurrent

neural network that has capabilities of storing memories stating for the first time artificial

neural networks as memory devices and not merely as computing devices. Following these
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pioneering works a great amount of different artificial recurrent neural networks have been

proposed, to mention a few: cellular neural networks [196], chaotic neural networks [197], echo-

state neural networks[198] among many others. Artificial neural networks have been used in

several discipUnes of engineering i.e. image processing, automatic control, telecommunication

and others [199, 200].

Modeling in neuroscience In the neuroscience field, modeUng is quaUtatively different

from that of artificial neural networks. In general, models in neuroscience are based on

biological properties of the neurons or population of neurons and try to describe specific

biological phenomena. The models in neuroscience are more concerned about keeping as

much as biological properties possible than in the computation capabilities of the models. In

doing so, models often are highly complex and computationally demanding having thousands

of differential equations. These models are not appropriate to perform engineering tasks

although some exceptions can be found. In the text that follows, a brief historical review in

neuroscience modeling is given.

Detailed neuron models that are used in neuroscience have their mathematical founda

tion in two principal works: Rall's cable theory and Hodgkin-Huxley action potential model.

While, the theory of Rail is used for modelUng the dendrites and soma of the neuron, the

Hodgkin-Huxley theory is used to model the axon.

RaU's theory describes the propagation of electrical stimuli from the site of dendritic synaptic

inputs along passive dendritic trees to the soma. This theory is based on the cable theory

developed by W. Thomson, later Lord Kelvin, to model spatiotemporal evolution of voltages

and currents in the first transatlantic cable around 1855. In analogy with a cylindrical con

ductor surrounded by a leaky insulator and immerged in a conductive environment, a piece of

dendritic membrane is viewed as a "leaky" pipe through which transversal ionic currents are

imposed by potential differences between intra- and extracellullar space. Inside the membrane,

longitudinal currents are established in the conductive active solution when the cytoplasmic

potential varies along the longitudinal axis. Neglecting the transversal dimensions, a par

tial differential equation reduced to one spatial dimensión can be established. Introduced by

Hodgkin and Rushton in the study of nerve fibers, cable theory was applied to neurons in

the middle of the 1950s [202], [203] to interpret experimental data obtained from individ

ual neurons with intracellular microelectrodes located in the soma. A series of important

papers by Rail [204, 205, 206] then followed. They included transient cable properties that

were neglected in the first models and led to the correction of discrepancies between model

and experimental results [207, 208]. Moreover, a dendritic network has the spatial structure
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of a tree. Although each model branch can be simplified to a homogeneous piece of cable

with given global characteristics (geometrical and electrical), the analytic calculation of the

membrane voltage in time and elsewhere in the tree can be quite difficult. Conditions have

been introduced by Rail [205] that considerably simplify the calculation, each branch of the

dendritic network tree is considered as a set of equivalent cylinders, the complete dendritic

network is then equivalent to a single cylinder. The soma is assumed to be isopotential and

to behave Uke a resistance and a capacitance in parallel and is connected to one of the two

extremities of the single cylinder. The other extremity corresponds to a synaptic input. In the

early 1950s, Hodgkin and Huxley developed a model to explain observed patterns of action

potentials in the giant axon of the squid. As for Rall's model, the HH model considers a small

portion of membrane and its equivalent electrical circuit. However, in the basic HH model,

a nuil longitudinal cytoplasmic current is assumed (equipotential cytoplasm). Experimental

conditions satisfying this hypothesis are realized by mean of the space clamp technique to

maintain a uniform spatial distribution of membrane potential over an extended región of the

cell where currents are recorded. Moreover, in addition the total transmembrane ionic current

in the passive cable model, two other conductances are introduced to model K+ and Na+ spe

cific ionic currents. Historically, Hodgkin and Katz [129] first demonstrated that both Na+

and K+ make significant contributions to the ionic current underlying the action potential.

FoUowing these works, Hodgkin and Huxley found that the permeability of the membrane

to specific ions was a function of both time and Voltage and presented their results in their

famous paper published in 1952 [130]. The heart of the HH model is a description of the

time and voltage-dependent conductances for Na+ and K+ as a function of gating variables

m, h, and n: g_rr¡a = gsam3h, gK
= (¡Kn4 These variables can be interpreted as a fraction

of gates being in permissive state (henee, they can vary from zero to one), whereas ¡jjva and

§k represent maximal valúes. They can be of activation type (conductance increases with

depolarization) or inactivation type (the converse) and their dynamics obey first order differ

ential equations. The HH model generates action potentials of appropriate shape, threshold,

and refractory periods (both absolute and relative). Further developments also added other

active ion channels or temperature effects to the model. Some simplified versions ofHH model

were also proposed. FitzHugh [209] and Nagumo [210] showed that, for a purpose of action

potential generation, HH model of order four can be reduced to a model of order two, which

highly simplifies its dynamical study. Interestingly, this phenomenological model and other

simplified neuronal models [211], gain interest over the past decade due to their simplicity
and efficiency in studying dynamical properties of single neurons, simpUfied neuron interac-
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tions in large networks, and brain information coding or decoding. Finally, it is important

to underline that advanced single-channel recording techniques were developed decades after

the HH model and that they permitted some model assumptions to be verified.

Scales ofmodeling Mollecular scale Models can be grouped by the scales in time and space

in which they are formulated, a general classification can be done in three scales: Molecular,

cellular and popluation scales. The models in the molecular scale where computational mod

els are being developed to clarify the function of ion channel processes such as permeation,

selectivity, and gating. A microscopic model of ionic permeation in the selectivity filter of

ionic channels has been developed by Wu [212]. The model is based on molecular kinetic

theory and makes many specific assumptions about ion-environment interactions (e.g., ions

move independently, ion movement is near the axis of the channel, etc.). The model predicts

that channel radius and ion-water interactions are two major channel structural determinants

of ion selectivity. The studies aimed at understanding the relationship between structure
and

function of membrane proteins is currently being carried out using computational tools by

Sansom and coworkers [213], [214]. Research of this group focuses on K+ channels, both

voltage gated and ligand/protein gated, nicotinic acetylcholine receptors and glutamate re

ceptors, with special emphasis on gating mechanisms. This computational approach allows

to bridge several time scales, from subnanosecond protein motions to miUisecond time scale

motions involved in channel gating. Understanding the functions of membrane proteins is

also important from a biomedical perspective, since ionic channels and receptors are possible

targets for novel drugs acting on the nervous systems [215].

Cellular scale At the ceUular level, models concerns with voltage changes in the membrane

of a ceU. In this type of models the state
variables are the membrane voltage and the gating

of ion channels. Among the biological processes that can be studied with these models are

synapses, ionic currents, plasticity, postsynaptic potentials, calcium signaUing extracellular

fields among others. In [216] authors showed that developmental changes in EPSP shape

increase the temporal precisión of spike generation, thus contributing
to fidelity of informa

tion coding in the brain. Computational models of axons were
used also to investigate nerve

stimulation under magnetic resonance imaging (MRI) magnetic fields [217]. Axons
were repre

sented by a one-dimensional compartmental
cable model including the kinetics of mammalian

myelinated fibers. As far as synapses are concerned,
a model of transmitter reléase is provided

in [218] A persistent increase of synaptic
transmission efficacy is called long-term potentia-

tion of synapses, or LTP
for short, while a persistent decrease of synaptic efficacy, is called

long-term depression (LTD). A phenomenological model of
both long-term potentiation and
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of a tree. Although each model branch can be simplified to a homogeneous piece of cable

with given global characteristics (geometrical and electrical), the analytic calculation of the

membrane voltage in time and elsewhere in the tree can be quite difficult. Conditions have

been introduced by Rail [205] that considerably simpUfy the calculation, each branch of the

dendritic network tree is considered as a set of equivalent cylinders, the complete dendritic

network is then equivalent to a single cylinder. The soma is assumed to be isopotential and

to behave like a resistance and a capacitance in parallel and is connected to one of the two

extremities of the single cylinder. The other extremity corresponds to a synaptic input. In the

early 1950s, Hodgkin and Huxley developed a model to explain observed patterns of action

potentials in the giant axon of the squid. As for RaU's model, the HH model considers a small

portion of membrane and its equivalent electrical circuit. However, in the basic HH model,

a nuil longitudinal cytoplasmic current is assumed (equipotential cytoplasm). Experimental

conditions satisfying this hypothesis are realized by mean of the space clamp technique to

maintain a uniform spatial distribution of membrane potential over an extended región of the

cell where currents are recorded. Moreover, in addition the total transmembrane ionic current

in the passive cable model, two other conductances are introduced to model K+ and Na+ spe

cific ionic currents. Historically, Hodgkin and Katz [129] first demonstrated that both Na+

and K+ make significant contributions to the ionic current underlying the action potential.

Following these works, Hodgkin and Huxley found that the permeability of the membrane

to specific ions was a function of both time and Voltage and presented their results in their

famous paper published in 1952 [130]. The heart of the HH model is a description of the

time and voltage-dependent conductances for Na+ and K+ as a function of gating variables

m, h, and n: g¡x¡a = <7jv0m3/i, gK
= ¡fan4 These variables can be interpreted as a fraction

of gates being in permissive state (henee, they can vary from zero to one), whereas g_ya and

¡jk represent maximal valúes. They can be of activation type (conductance increases with

depolarization) or inactivation type (the converse) and their dynamics obey first order differ

ential equations. The HH model generates action potentials of appropriate shape, threshold,

and refractory periods (both absolute and relative). Further developments also added other

active ion channels or temperature effects to the model. Some simplified versions of HH model

were also proposed. FitzHugh [209] and Nagumo [210] showed that, for a purpose of action

potential generation, HH model of order four can be reduced to a model of order two, which

highly simplifies its dynamical study. Interestingly, this phenomenological model and other

simplified neuronal models [211], gain interest over the past decade due to their simplicity
and efficiency in studying dynamical properties of single neurons, simpUfied neuron interac-
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tions in large networks, and brain information coding or decoding. Finally, it is important

to underline that advanced single-channel recording techniques were developed decades after

the HH model and that they permitted some model assumptions to be verified.

Scales of modeling Mollecidar scale Models can be grouped by the scales in time and space

in which they are formulated, a general classification can be done in three scales: Molecular,

cellular and popluation scales. The models in the molecular scale where computational mod

els are being developed to clarify the function of ion channel processes such as permeation,

selectivity, and gating. A microscopic model of ionic permeation in the selectivity filter of

ionic channels has been developed by Wu [212]. The model is based on molecular kinetic

theory and makes many specific assumptions about ion-environment interactions (e.g., ions

move independently, ion movement is near the axis of the channel, etc.). The model predicts

that channel radius and ion-water interactions are two major channel structural determinants

of ion selectivity. The studies aimed at understanding the relationship between structure and

function of membrane proteins is currently being carried out using computational tools by

Sansom and coworkers [213], [214]. Research of this group focuses on K+ channels, both

voltage gated and ligand/protein gated, nicotinic acetylcholine receptors and glutamate re

ceptors, with special emphasis on gating mechanisms. This computational approach allows

to bridge several time scales, from subnanosecond protein motions to miUisecond time scale

motions involved in channel gating. Understanding the functions of membrane proteins is

also important from a biomedical perspective, since ionic channels and receptors are possible

targets for novel drugs acting on the nervous systems [215].

Cellular scale At the cellular level, models concerns with voltage changes in the membrane

of a ceU. In this type of models the state variables are the membrane voltage and the gating

of ion channels. Among the biological processes that can be studied with these models are

synapses, ionic currents, plasticity, postsynaptic potentials, calcium signaUing extraceUular

fields among others. In [216] authors showed that developmental changes in EPSP shape

increase the temporal precisión of spike generation, thus contributing to fidelity of informa

tion coding in the brain. Computational models of axons were used also to investigate nerve

stimulation under magnetic resonance imaging (MRI) magnetic fields [217]. Axons were repre

sented by a one-dimensional compartmental cable model including
the kinetics of mammalian

myelinated fibers. As far as synapses are concerned, a model
of transmitter reléase is provided

in [218]. A persistent increase of synaptic transmission efficacy is called long-term potentia-

tion of synapses, or LTP for short, while a persistent decrease of synaptic efficacy, is called

long-term depression (LTD). A phenomenological model of both long-term potentiation and
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C. Computer modeling in Neuroscience

long-term depression is presented in [219] In that model the change of synaptic strength

is introduced using two variables variables: the first one dependent on presynaptic voltages,

the second one dependent on postsynaptic actions. The resultant LTP or LTD from the joint

action of these two processes depends on the relative timing between them. More detailed,

biophysical models of synaptic plasticity have also been developed [220]- [224].

ExtraceUular field and glial processes have been modelled. Glia cells are the most abundant

cell type in the brain. However, most computational studies take only the neurons and their

connections, under stationary external conditions, in consideration, and only a minority of

models considers the role of gha and extraceUular space. For many years they were though to

be some kind of "glue" among surrounding neurons but now that visión is changing. It has

been discovered that glial cells play an important role in modulation of neural activity. The

effect of spreading depression in relation to epileptiform neuronal activity was investigated in

models by Kager [225, 226]. Population scale

Many brain functions such as sensory information processing or pattern recognition result

from large-scale spatiotemporal activity in masses of neurons in which the number of ceUs is

so high that any approach starting at the single cell level would rapidly become intractable.

This consideration was the starting point of another modeling approach which developed since

the 1960s and which conceptually differed from approaches detailed in the previous sections

in the sense that they emphasize the properties of populations of ceUs instead of those of

individual neurons. In considered populations, cells are assumed to be spatiaUy cióse and

their interconnections are assumed to be random but dense enough so that the probabiUty for

any two cells in the population to be connected (either directly or via interneurons) is high.

Based on these assumptions, population models represent the temporal dynamics of the total

mass of neurons while the spatial interactions between cells are neglected. This implies that

the relevant variable of these models is not the single spike but rather the spike frequency, or

firing-rate, computed from the total current delivered by synaptic inputs (which sum linearly

according to the mean-field approximation) into the soma. Neuronal population models have

been advanced in numerous forms during the past decades by physiologists, psychologists

and theorists. Beginning with the studies of Wilson and Cowan [227], Walter Freeman [228]
and Lopes da Silva [229], population models are widely used in actuality to describe several

phenomena, for example, alpha rythms [134], epilepsy transitions [230], slow oscillation due to

anesthesia effects. Also several theoretical results have been given for identification of system

as dynamic causal modeling [231]. In these type of models a set of nonlinear differential

equations to account for the dynamics of a locaUzed population of neurons. Each population
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is assumed to be formed by a sub-population of excitatory neurons and a sub-population

of inhibitory neurons, In this way several population can be connected depending on the

structure being modelled. It is worth to mention that population models are far more simple

that cellular models in the sense that they can be described by only a few nonlinear differential

equations, thus making these models suitable to implement control strategies.
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