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SUMMARY

Mammalianbreathing activities consists of three phaseghe inspiratory phase,
the postinspiratory phase, and the expiratory phadgexperimentsinvestigating the
spatial organization othe neural respiratory contraignalsamongbrainstemneuron
populations showed that the minimal experimentmodel for studying mammalian
inspiratory activitiess simply a brainstenslice containing there-Botzinger Complex
(PBO) region This preparation is generally referred tdlastransverse slice preparation.

The transverseslice preparationalso contains a neuron populaticalled the
Raphé nucleugRN). The neuromodulatorysubstancege.g. serotonin, substance P,
thyrotropinreleasing hormorjetonically released by thd&RN have been shown to
modulatethe activities of other regptory-related neudanetworks in the preparation,
such asthe PBC region and the HypoglossaMotor-nucleus (HMN). Even though
neuromodulatory effects mediated by secomebsenger pathways have been widely
studied in other disciplines such as systembogig suchefforts havebeen lacking in the
area of respiratory control until recently. Motivated by questions such as how external
stress factors shown to manifest as different levels of neuromodulator release can affect
the breathing activities itselfhe PBC region and the HMN, especially their responses to
neuromodulators, areentral to the investigains presented in this documgsince the
PBC region has |l ong been considered the
the HMN produces motesutput controlling the upper airwayln addition anatomical
evidence hasdicated a complex connectivity patteamong the RN, the PBC, and the
HMN.

By exploiting the concept of emergemtetwork properties and théierarchical
nature of networkswe first constructed arintracellular second messenger pathway

model, and then incorporated the pathway maadtel previousy developedsingle PBC
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neuron& Hypoglossal Motoneuron (HMnodek. The new single PBC model neuron
further serves as a basis for simulgtinetworklevel PBC region activities. The
methodology adopted allows us to dissect and exarthiveneural control signals
generated bythe PBC neuron, theM, and the PBC regioim silico, providingimportant
basis for futureinvestigatons on the respratory neural circuitry contained in the
transverseslice preparation.

As will be discusseth this documentationseveral important conclusiosan be
derived regarding to theespiratoryneural control signals generdtat the single PBC
neuon level, tke single HMmodel, and the level ahe PBC region withirthe transverse
slice preparation.Since with the incorporation of a secomgessenger pathway model,
thenew BBC and HM single neuron model able to simulatmeuromodulatorgffects,
they represnt the idealbuilding blocksfor future investigationson the orchestrated
neuromodulations in the transverse slidée significance of pacemaking PBC neuron in
a network has also besnpported by examininipe electrical activities generated bypur
simulated PBC region.Additionally, in another set of netwotevel simulationsjt has
beenshown thatthe postulated anatomical organization of the PBC redimmsfnalt
world topology) can support netwelivel rhythmogenesis. Last but not least, the
interactions between the two coupling typeshin the PBC region, e.g. the synaptic
couplingand the gaunctional coupling have also been investigate@ihe results show
complicated thresholding phenomendurst period at multiple structural leveésulting
from changes in the bifurcation landscapéich are in turndue tovariationsin the
strengths of the intemeuroncouplings. These observatiorare in line with experiment
results where the interactions between different types of couplings hasmgifferent

excitatory factors are examined in respiratoelated neurons.
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1 INTRODUCTION

Important acrossarious scientific disciplines ife concepbf emergentnetwork
properties. Thespropertiesarecharacteristics of a network arising frohetinteractions
among network components; thean neither manifest themselves nor be predicted
unless the network is being examinedts entrety. In the area adystens biology, it has
been proposed that a pathwagsed drugliscovery and developmeptocess other than
the molecular targdiased process should be adopted, as the robustness of the metabolic
pathways makes it unlikely that targeting some molecular target will have predictable and
beneficial functional outcom@umar et al. 2006; Rajasethupathy et al. 2008) the
area ofneurosciencewherethe functionabutputs of neuronal populations control critical
physiological functions, emergent network properties are especially important since a
multitude of interactions exist among neuronghese interactionsan include but are not
limited to chemical synapses, gap junctions (electrical synapses), neuromodulatory
substances,intracellular agedependentsecondmessengerpathways (Puzianowska
Kuznicka and Kuznicki 2009) exogenousfactors including external stimuli, and
astrocytic integrations. Consequently, onef the major issues imeurosciencegoday
involves establishing the mechanistic libketweenthe types of interactionwithin a
neuron populatiomndthe spatiatemporal boundaries dhe complex functionabutput
of the neuronal network in question.

In the area of respiratory rhythmogenesis, new experimental observhtvas
led to the hypothesis that respiratory rhytlis a network emergent propergtherthan a
direct manifestation of rhythmic pacemaking activitjesy. intrinsic bursting activities)
of some of the neurons in the respiratoeyralnetwork(Del Negro and Haye2008; Del
Negroetal. 2008)I n f act, withi n t hhgthmoderesimcealled'thef o r

pre-Botzinger Complex BPBC), the population ofpacemaking neurons has been



consistently shown to beither intrinsic or conditional. Contrary to thbecemakers that
exhibit intrinsic pacemaking (e.g. bursting) properties whgnapticallyisolated, the
pacemaking propertig®.g. bursting abilitiesdf conditional pacemakei@e dependent
upon serotonergic/madrenergicneuromodiation (Doi and Ramirez 2008; Viemari and
Ramirez 2006) The remaining BC populationis characterized asilent non
pacemakerswho exhibit either no activitiesor spiking activitieswhen isolated, and
respond to depolarization and serotdnorepinephrine witimtensifiedspikingactivities
Contributing to the complexity of theollective output fromthe FBC region are
experimentobservationsndicatingthat thePBC regionis undertonic innervationsfrom
the Raphé neuropopulationmediated by neuromodulatory substances such as serotonin
(5HT), substance P (SP), andrepinephrineNE) (Ptak et al. 2009) Therefore, it is not
without reason that when addressing the role of neural control pira&sy activities,
recentefforts have not only focused on inteeuron interactions, but alsm examining
theinteractions among neuron populatigesy. internuclei interactions)

Among all the available techniques applicable to okacbetter undestanding of
the emergent outputs of neuronal networks, computational modeling enables
examinations of how isolated and controlled variations contribute to physiologically
important functnal networklevel activities. Furthermore, when certaparametersuch
as baseline component concentrations and rate constants from a specific cell type
describing some chemical reaction of interest are not readily available dueasolred
experimental complications, modeling methodology provides a starting postudy
these important reactions by allowing for the possibility of adopting experimentally
derived parameter values describing these reactions in other similar cell tiging.the
respiratory neural control circuitry in the brainstem transverse slioaranodel system,
the work presentederesummarizes several projeatslizing such technique to focum
the investigation and categorization of importaetwork emergat propertiesat multiple

network structurdevels This transverse slice respirajoneural circuitry includeshe



Raphé nucleus, theBE region, and the Hypoglossal Motauacleus (HMN), all of which
are discussed in details Section 2.)(Figure 21). The outline and logical flow of the

projects are presentedkigure 11.

Generic Studies

/ \ Raphe

Project #1 [Section 3]
Schematics of the Reduced
Transverse-Slice Respiratory Circuitry

Effects of network topology

Project# 2 [Section 4]
Effects of different types & strengths
of inter-neuronal couplings /

PBC Region — Project # 3 |Section 5] HMN Region — Project # 4 [Section 6]
/ ) ) \ ﬂroj ect #4.1 \

Project #3.1 [Single-Cell Level]| Construct new HM neuron model

1. Construct new PBC neuron model with second-messenger pathway

2. Characterize the spectrum of electrical

profiles (phenotypes) the model is capable .
Proposed Future Project

of simulatin
g Improve the model constructed in
. . # 4.1 in an attempt to investigate
Project # 3.2 [Multi-Neuron Network Level] long-term plastic phenomenon
Effects of varying phenotype of network
component neuron on network-level activities Proposed Future Project

\ / Qetwork-level simulation j

Figure 1.1 Structure of the research presented.

With discourses into studies whiatelve into theemergent properties in more
generalized neuranetworks, the end goal of thiesearchprojectis to resolve howa
certain intracellular secontiessenger pathwaliow network topologyand interneuron
couplings can influence singtell and networkevel activities. The results presented in
this document wilfacilitate futureinvestigation ofsome of thainresolvedgohenomena
such as longerm facilitation (LTF)— manifesting as network emergent properirethe

area of respiratory neurabntrol (Figure 12).



Neurotransmitters SHT /SP/NE

PH-level, other exogenous factors PH-level, other exogenous factors
Intracellular Second-messenger pathway [P3/PKC-pathway

gt gt

Single-cell electrical activities
(emergent network properties)

gt gt

PBC & HM single-neuron electrical activities

Single-nucleus electrical activities Electrical activities of
(emergent network properties) PBC nucleus & HM nucleus
Multi-nuclei electrical activities Electrical activities of
(emergent network properties) Transverse slice respiratory neural circuitry

Figure 1.2 Manifestation of the effects of exogenous factors on network-emergent
properties at different levels.



2 BACKGROUND & SIGNIFICANCE

2.1 Significance of the Research Projects

Breathing is a fundamental neurophysiological process involving the rhythmic
activation of populations of spinal and cranial motoneurons redjuo sustain life and
health. Understandingthe CNS mechanisms responsblfor the generation, the
maintenance, and the reconfiguratmiithe respiratory rhythm and pattern is required to
understand the neural control of breathing in health and dis€éaseexample, the third
leading cause of infant death in 2003 in the Uhiftates was Sudden Infant Death
Syndrome (SIDS), accoung for 2162 deaths natiemide (Mathews and MacDorman
2006) While SIDS is complex to diagnose and may have multiple causes, evidence
suggests it abnormalities in the neural circuitry responsible for the generation and
control of the respiratory rhythrfCarpentier et al. 1998; Guntheroth and Spiers 2002;
Kinney et al. 1995; Obonai and Takashima 1998; Obehail. 1998)are involved in
pathophysiological conditions such as SIDS. In particular, these abnormalities may be
due in part to a delay in neuronal developn{8eicker and Zhang 1996; Saito et al. 2001)
and dys$unction of the medullary serotonergic syst@finney et al. 2005; Panigrahy et al.
2000; Paterson et al. 2006)

We are still a long way away from fully understanding the dynamics of the
complex circuitry that igesponsible for the generation and control of the respiratory
rhythm. The spatial organization as well as the stipendent respiratory pattern and
rhythm generation have been elucidated in both experiments and computer simulation
work (Rubin et al. 2009; Rybak et al. 20070ther ecent experimental advances are
exemplified by variouseduced prearationsfor investigating respiratory rhytin. These
reduced preparations atee en blodFeldman et al. 1991; Smith et al. 1990; Suzue 1984)

the transverse slicéSmith et al. 1991)andthe sagittaklice preparatios (Mellen et al.



2002) These rduced preparations from neonatal rodents have proyadearful tools
for studying the CNS respiratory circuitity a highly reduced setting that still maintains
critical asgects of the respiratory rhythmBeyond advances in experimgireparations,
reseach publicationsin the past two yearBave also indicated significant movement
towardemphasizing how functional network level output mansfdgterently depending
upon various neuromodulatory factorsat play the downstream secomdessenger
pathways tggered by theseneuromodulatoryfactors, as well asthe direction of
interactions among various nucla the respiratory circuitry{Doi and Ramirez 2008;
Lega et al.; Mcintyre et al. 2004; Ptak et al. 2009)

In the work presented her¢he focus ighe respiratory neural control circuitry
contained irthetransverse slice preparati¢iigure 21) containing the PBC region, and
which has been shown to be the minimal experiment model for studyaigspiratory
activity in mammalgRuangkittisakul et al. 2008; Rybak et al. 2Q0The ultimate goal
is to elucidatehow the interactionswithin and among the distinct neon populations
contained in the circuitry affect physiolegily important neural outputs such as those
from the PBC region or the HM nucleusWhile the longterm goal is todevelopan
integratedcomputationaimodel of the mammalian respiratory circuitry in the transverse
slice (Figure 21), the intermediate stegccomplished here are the construction of new
generation single neuron moddFigure 11), as well aghe completion ofietwork level
studieson emergenproperties either in generalsense or specific to the respiratory
related neuron populatioigSigure 1:1).

Based on previously developed modelse hew generation ioghannel based
modek of respiratoryrelatedneuronsconstructed are those of the Raple&ron(Chapter
7), the BC neuron(Chapter 5)and the HM neurofChapter 6found in the transvse
slice preparation The important aspechat sets thesaew neuron models apart from
previous work is the inclusion othe interactions among iechannel properties,

intracellular ion concentration, and seceniessenger pathways. Together, hese



medanisms facilitatethe simulated electricalprofiles to both qualitatively and
guantitatively reproduce experimental recordings of neuronal activities with or without
the presence of multiple modulatory factors such agphhesalue or neurotransmitters
(eg. serotonin, norepinephrine)As will be detailed in later chapters, tinew FBC
model neuroncan simulatetwo different pacemaking (e.g. bursting)modes. Per
experiment observationgach ofthese two pacemaking modes can be selectively
abolished by ta applicationof Riluzole andCadmium (Cd)(Del Negro et al. 2002a;
Pena et al. 2004; ThokBrisson and Ramirez 20Q1) The new model faithfully
reproducesfeatures of the two pacemaking modes ibgluding distinct mechaisms
responsible for the pacemaking properieseach mode- namely,the conductance of
persistent sodium curre(dnay and the conductance of calcitamtivaed cationic current
(gecan- On the otherhand, the secondhessenger signaling pathwaiys the new HM
neuron model qualitatively reproduces serotonergic modulatory effects as seen in
experimentg(Feldman et al. 2005; Neverova et al. 200BFurthermore, the new HM
model provides a basis for identifyinggsible underlying mechanisms for letggm
plasticity such as lontgerm facilitation (LTF). With careful evaluationghe principals
derived from such plasticity which not only depends on the stimulusaygestrength,

but alsoon stimulus patterrmay be generalized to explain similar phenomena observed
in other animal models.

In summary, by assimilating novel data from these reduced preparations, valuable
insights derived from studies regarding to network topology ranlliple interneuon
interactiors at the neural network leveland the pathway modeling methodology
traditionally adopted in the discipline sfstens biology —we have developeal series of
new computation models of critical neural components of the respiratory pattern
generating netwér These models can eventually serve as the basis of a new transverse
slice model and beyon(.g.a model of the brainstem respiratory circuitrwhich can

potentially facilitate the investigation of important emergent functional output.



The following sections contain summarizingackgrounddescriptions ofthe
current and pressing concepts, topesd techniquespecific to the area of respiratory
control relevant tathe defined scope of this workSince the majority of the work
presented in this @oment is based omproved versions ofingle neuron models
publishedin Purvis et al. 200as well asPurvis and Butera 2005, & neuron models
will be reviewed in a section after the concept of electrical & chemical signaling in neural
systems has beantroduced.Thereview on previous modelsill be followed by a brief
description onthe technique of nonlinear bifurcation analysighich is frequently
adopted throughouthis documentin an attempt to understand simulated electrical
activities of newons in a mathematical contexturthermoregdetailswill be providedon
the general perspectives of how commonly identified factors such as network topology,
intrac and internuclei interactions, and neuromodulatory factors acting via second
messenger plaways may exert their influences on the emergent properties ofusario

networks in the model system, e.g. transverse slice preparation
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Figure 2.1 Spatial organization of the respiratory neural circuitry in neonatal rat

transverse slice preparation. Panel A. Conceptual illustration of tonically firing neurons dRaphé
neurons (yellow), pBC neurons (orange), -pretor and motoneurons (blue) and putative synaptic
connections The green arrovndicates the direction ofnfluence mediated by neuromodulgt@substances
(Glu: glutamate, 5HT: serotonin, SP: substance P, GABAminobutyric acid, with the precedingplus
sign indicating an excitatory effect and the minus sign indicating an inhibitory .efRaoiel B.
Electrophysiologically identifiedransvese slicerespiratory circuit neurons, morphologically reconstructed
from representative neurons filled with neurobiotin during wiuallk patchclamp recording, are PBC

neurons including pacemaker neurons with intrinsic bursting properties (red) angace@maker neons



(green),preemotoneurons (preMNs, blue), and hypoglossal motoneuronss(Hi&ch. Figure adopted
from Ptak et al. 2009

2.2 Neuronal Signaling — ion channels, synapses, gap junctions and more

Theessential function of all nervous systis signaling, ormformation transfer,
both intracellularly from one part of a cell to another, and irgellularly between cells.
For the purposef providing a solid basito understanding the research work presented
here, the emphasis in this seatiwill be placed on the followingwo topics: 1.) the
generdéion of action potentia2.) thetwo types of highly specialized structureshemical
synapse and electrical synapse(e.g. gapjunctiors) — responsible for intercellular

signaling.

lon Channels underlie electrical signaling in neurons

Within each neuron, signalingg accomplished by transmission of electrical
activity in the form ofan“ act i o n” (APoRigare 22j Panel A from one part of
the cell to another An AP is a largeall-or-nonefluctuationin the membrane potential.
This membrane potentigV) is a direct result of amnequal distribution of electrical
charge on the two sides of the membran€he distribution of electgal charges is not
static. In fact, movement of ionsacross the plasma membracen befacilitated by
specialized membrane proteimslledion channels The ion channels are not inert pores
in the membrane;on the contrarythey can undergo rapid conformational change
between an open staeg. able to @nduct ionsjknd a closed stafe.g.not allowing ions
to pasy The permeability of these ion channels, among other factors, is dependent upon
time andmembrane voltage (V), which is imrn dependent upon the-destribution of
i ons acr oss mA ditect eesut Fom (b Woway dependencys an

orchestrated sequence of ion movements required to generate an action potential.

1C



Action
potential
+40

_ sl \z
50 7 |
/I
3 g |\:
: g |
- ssha Failed
-35 L initiations
P11 SR~ — Resting state
Stlmulus? O
period |
0 . T 3 ¢ 5
Time (ms)
B Extracellular
; i
INa+l IK+ x ICI- T ILeak T
4+ | +++
Vm gNa+ gK+ gCI- gLeak ] [P Cm
ENa+ | EK+ ECI- | ELeak
 J

Intracellular

Figure 2.2 A typical action potential and the electrical circuitry representation of a
Hodgkin Huxley style neuron model. Panel Aillustrates the albr-non nature of an action
potential; the figure is adopted frommtp://mindoutpsyde.com/forums/index.php?topic=144anel B
illustrates the componentsf a typical HodgkirHuxley style modekhowing how membrane voltage is
determined as the electrical potential difference across the cell membtiiendégure is adopted from
http://en.wikipedia.org/wiki/File:MembraneCircuit.jpgThe lipid bilayer cellmembrane is represented as

a capadance, and the voltaggated sodium & potassiughannels are represented by tidependenand
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voltagedependent conductances. On the other hand, the leak chemhehe chloride channelre
represented by linear conttance (g, g.). The electrochemical gradient as the driving force behind ion
flows are presented bthe batteries (e.g. ENa+, BH. The arrow indicates current, for example, the

sodium current is presently flowing from the extracellular to the intkdaekpace.

Due to a direct analogy between ion movement®lectrical circuit,the ion
channels can bmodeled in the fornof a parallel conductanaesistorelectricalcircuit
(Figure 22, Panel B. Specifically, he relationship between movementcbiargedons
across plasma membratigough ion channeland the fluctuatiomn membrane potential
translates into the following equation:

CmdV/dt =3 lionic
where G, is the membrane capacitance gntlnic is the sum ofonic movement (current)
inward or outwardacross the membraneJsing the comention illustrated in Figure-2,
it can bededued that an inward movement of positively charged i¢ingvard current)
will cause an in@ase in the membrane potential. This inward current is described as
“depol arizing” and the increase in membran
In most caseshe ionicmovement is subject to the changeson-channel conductance
and the electrical fielccreated by charge distribution on both sides of the plasma
membrane. Each individual ion current can be modeled in the form of the following
equation:

lionic = Gon-channe™ (V -Eion)
where Eqn is a ®nstant term approximating the electric field du¢hmion distributon
across the plasma membraar&d V is the membrane potential. The tergaFannellS the
ion channel conductancehich is itself a function of V and modeled as a combination of
differential equations:

Gion-channel= Gmax™ T Xi

dx; / dt = F(V, 1)
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wheregmax IS the maximum conductance for the curre@n the other handhe value of
the gating variable; describingthe conformationathange of the ion channg¢épends on
both time and membrane voltage.

Throughout this presgation, the neuron modeintroduced were constructed

based orthe same concepts behind the equations outlined in this section

Electrical Synapse

Intercellular communication through gap junctions is conceptually the very
simplest form of celto-cell interaction. Small molecules and ions in one cell diffuse
through pores in the plasma membrane directly into the plasma of a neighboring cell.
These bi-directional o©nnections between nerve cells via gap junctions are called
“el edt rsiycn a p she factthat tusdoem of ioformation transf involvesrapid
electrical spnaling These electrical synapsallow the electrical activity foone neuron
to be registered quickly neighboring narons and have been shownaltow groups of

neurons to sychroniz their electrical activitieRohr 2004; Tribulova et al. 20Q8)

Chemical Synapse

Chemicals that are released from a neypra-synaptic)and alter the excitability

of another neurorfpostsynaptic)are teme d “neur ot r darmge mmbdetod r s ” .

such neurotransmittersact as extracellular signals tmediate theuni-directional
information transfer among neurorterough a special steut ur e call ed
synapsé. These chemicals include amino acmiganic compoundsas well assmall
peptides,and are contained in vesicles for storagBypically, these chemicalsither
directly activate theion channels of # postsynaptic neuronthus causing ions
movement— or trigger a series of poslynaptic intracellular events- to alter the
membrane potentiglof the postsynaptic neurons When a neuron is stimulated, e.g.

when external factors cause the membrane potential of a neuron to fluctuate, the
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transmitterc ont ai ni ng vesi cl e ssmdmem@anewand rbleagetheir n e ur

contents into the synaptic cleftThe chemical synapse can be either excitatory or
inhibitory, and the model formulation of chemical synapses demonstratbs
relationship of dependencgf the postsynaptic ion movement othe presynaptic
membrane voltage
dS/dt = F(Mre S); bost= Gsyn*S* (V post— Esyn)

where S is the activation parametmodeling the process of vesicular secretion of
neurotransmittersy e is the presynaptic voltage, MWstis the possynaptic voltageand

lpost IS the possynaptic ion current triggered by the neurotransmitter released pre

synaptically.

2.3 Review: previous PBC neuron model and Hypoglossal Motoneuron model

Thenewsingle PBC neuron model and the single HM mguiesented itChapter
5 and 6 ofthis documenarebased orpreviously published mode(8utera et al. 1999a;
Purvis and Butera 2005; Purvis et al. 2007y incorporatinga secondmessenger
pathway mode into these base modeldshese newmodels areable to simulate
serotonergic neuromodulatoryfexts observed in experiments. In the case of the new
PBC neuron modelit is now possible tsimulate recent experiment resufesg. two
types of pacemakers, see Chaptetha) have been th@srce of controversin the ara
of respiratory rhythmogenesis. Since the new models can be considered as extensions of
the previous models brief summary is provided here in an attempt to provide readers

with the necessary background information.

Single PBC neuron model

The PBC neuron model presented in Purvis et al. 2007%isglecompartment
HodgkinHuxley style mode(Hodgkin and Huxley 19%). The model consists of four

ionic currents 1.) a fast Naurrent and a leak current, 2.) a delayedckirrent, 3.) a
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slowly inactivating persistent N&urrent(lap), and 4.) &* - dominatedeak current. In
this modelthe persistent sodium cum&(lpa)i s cri ti cal for t-he mod
dependent bursting activityOther currents in this model inclu@etonic current and a
synaptic currentwhere the former current represetite nonNMDA EAA-mediated
(Excitatory AmineAcid) drive recaved by a single PBC neuron from other tonically
spiking neurons in experiment preparatiofide synaptic currenton the other hands
an excitatoryfeAA-mediateddrive between individual PBC neurofButera et al1999a;
b). In short, the membrane potential of the model is determined by the following
equatios. The parameter naming conventiaeed herdollows that introduced in the
previous suksection. The readers ariirther encouragedo refer to Butera edl. 1999a,
Purvis et al. 200,7or Appendix Bfor theequationsused in thisnodel.
Cnd V/ dt jonict lighic + (syh + liea);
lionic = Gmax* X * (V — Ejon); Where the gating variable x isrmularized as follows.
dx/dt = [X(V) =X ] x(V)t
where X(V) = 1/[1 + exp((\*6x) k)lo as the steadgtate voltage
dependent activation or ,isthevalthgevat i on
dependent time constant determined by the following equation:
Tx( V) x/cesh[@(M-6x) /A O
lleak = Geak * (V -Ereal); theleak current is modeled as an ohmic current,
ltonic = Gtonic * (V -Etonic)
Assuming the binding of transmitter is rapid due to-NMDA glutamatergic
receptor activatiorfButera et al. 1999bjhe synaptic currerity, can be modeled
as:

lsyn = (3 (Gsyn* S)) * (V — Esynaptig, where dS/dt = [(AS)*S.(V) -k * ss] / T

Single HM neuron model
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The HM neuron model psented in Pwis and Butera 200%loes haveits
drawbaclk due to limited information on 1.) ionic currents in motoneuron types other
than those in neonatal rafs) 3-D morphology of the HM neurgrand 3.) development
changes in ion current properties @ndh e  n emorphology rseverthelesghe model
(Purvis and Butera 200%g able to reproduce several electrophysiological features of the
HMs. Therefore, his model is chosen to be the basis of work focusing on serotonergic
neuromodulatory effects of HMs to be presented in Chapter 6 of this document.

The previously developed HM neuron model has ten currents, 1.) a fast sodium
current, 2.)a persistent sodiurourrent, 3.) a delayed rectifying potassium current, 4.) a
low voltageactivated calcium current, 5.) two high voltaggtivated calcium current, 6.)
calciuminduced potassium current, 7.) a fast transient potassium current, 8.) a hyper
polarization actiated depolarizing current, and 10.) a leak currditte equations for the
aforementioned currentdso follow the HodgkirHuxley formalism as those in the PBC
neuron model. The readers are encouraged to refer to Purvis and Butefar 21@@&iled
discusions onhow the ten currents interact with each otheregproduce experiment

observations.The equationsised in thisnodel can also be found in Appendix B.

2.4 Nonlinear Bifurcation Analysis

Nonlinearbifurcation analysis i tool adopted in this worko analyze the set of
nontlinear ordinary differential agations (ODEsS) used to descrisenglecell model
neurors (Section 2.2 The purposeof the bifurcation analysis i® elucidate howthe
guasisteadystate solutiorof a selected model variabté interestbehavesat different
values of thévifurcation parameter In this work, he bifurcation parameter eften used
in association with quasiteadystate assumptiorendis a modelariablethat normally
varies at a time scalmuch slowerthan otherstate variablesn the model In all the

bifurcation analyes presented in this workhe model variableof interest is the
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membrane voltage ofewnron manifesting as the pacemaking, e.g. burstmgjvities

(Figure2-3, top tracen the left portion in the PBC neuron.

V (mV) I I I
50 mV <
5sec é
h >
L L ~ __0.5 N
0.1
5 sec h

Figure 2.3 The bifurcation diagram using the PBC model neuron as an example. The

neuron’ s membrane voltage (¥ thaactivatian hvaiable for thee s pondi
persistent sodium current (h) are shown on the [€fte bifurcation diagram is shown on the right, where

the bursting trajectory is supanposed in green. The color black indicates stable steadyssiaten;the

color brown indicates the unstable steady state solution. The color red indicatessphriimoh (thick:

unstable, thin: stable).

Using the PBC model neuron operating in the pacemaking mode sensitive to
Riluzole application (Section 2.1) as an examgphe tbp tracein the left portion of
Figure 23 illustrates the typical bursting actity. The corresponding variatisnin
persistent sodium currergctivation (h, bifurcation parametegbserved in the PBC
neuronare shown in the bottoeft portion of Figure 23. The resultfrom bifurcation
analysisis illustrated in theight portion of Figure 23. With the bursting trajectorfrom
the top-left superimposed(green) on the bifurcation landscaplee bifurcationanalysis
shows how the value as well as 8tability of thesolution of themembrane voltage (V)

changes as thactivation levebf persistent sodium currenéries.

2.5 Network Topology

Previous research has provided anatomeatlence showing tha some cortical

regions in the mammalian braiase interconnected according to sanall-world (SW)

17



network topology(Hartelt et al. 2008) In addition, esults from modeling studi€bletoff
et al. 2004; Ponten et al. 200@pnducted previously demonstraée dependency of
network activitieson network toplogies For examplein Netoff et al. 2004it has been

shown thatregular network firing activitiesntensifiest o sei zinand acti
eventually transitions into burstirartivitiesas network topology changes from regular
lattice toSW, and evetually to random connectivity; whera) general terms, aetwork

with a regular lattice topology is a network where each neuron is connected to a specific
number K) of its nearest neighboiStarting from a network with regul&attice topology,

a SWnetwvork topologycan be constructelly reconnectingpr(reconnection) ) these
synaptic projections to randomishosenpostsynaptic ®urons Lastly, as the name
suggests, a network exhibiting a random network topology is a network where synaptic
projecticns are randomly esthghed between pairs of neurons. Furthermore, starting
from a network with regular lattice topology, the random network topology can be
achieved when the reconnection probably, gr@econnection), is set to 1.

Variousformal measues have beedevelopedo characteze the topology of a
network. A few examples of these measures include averaged path length (L), clustering
coeficient (C), degree, closeneswtweennessentralization, and betweennesntrality,
among which two ofthe most commonly used measuaesthe averaged path length and
the clustering coefficient The averaged path lengfh) is the average number of steps,

i.e. nodes, along the shortest path one must traverse between all puaEsshté nodes in

a netwok; whereasthe clustering coefficient (C) measures tdensity of local
connections as the ratio between #ntualnumber of local connections and all possible
local connections within a neighborhooth a* s ma bt | d” greupsvoinadés,
are neighoors of each otheflarge C) however,most nodes can be reached in a small
number of steps from other nodes in the netwtow L). Thereforethe SW network

topology is characterizeoy a low L and a high CSimilarly, the regular lattice network
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is characterizedy a highC and a high L, and the random network is characterized by a
low L and low C.

As previous research has established a link betivess®\W network structurend
“ s e i-likeu(e.e seizing) or burstingactivities (Netoff et al. 2004)the SW network
topology that has been studied extensively in areas sudpilapsy where network
synchronizabn is of extreme importang®etoff et al. 2004; Pden et al. 2007) Other
network topologies havalso begun to receive natiin the area of neuroscienes, it has
been postulated that the changes in respiratory patteimngdembryonic development
associated withhe cause of Resyndromecan be exjained by the phase transition of
these two network structurésglironov 2009; Mironov et al. 2009)Furthermore, gecific
to thework presented in this documentatioacent imaging work using enhanced green
fluorescent proteins to label both the neuronal cell bodies and dendrites of neurons
confined in the respiratory kernet.g. thePBC region) has shown that the neural
organization of theBCregioni s modul ar and characterized

the* smabft | d” aalefir ebe het w(Harteltesal. 20083 t ur e s

Figure 2.4 An examples of small-world network — the “caveman” graph (Watts

1999). Clusters of caves are interconnected to each other; ititeseavesconnections form thedges of
the | ar ger trarsfemed fromavithoh eashecave. h@é readers are encouraged to refer to page
102~1090f Watts 1999 for detailed ruminations on this interestiatyvork topology
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2.6 Summary: Investigating Network-Level Activities in the Transverse-Slice
Respiratory Circuitry

As briefly outlined in the previous section, the PBC and neighboring resptatory
related neural populations in the transverse slice are responsible for generating and
shaping than vivo respiratory rhythm whereifferent rhythmic patterns emerge as the
interaction among neons varies. Theariatiors in rhythmic patternsan be due to
either changes at the cellular level, e.g. ionic flux dynamics, changes at the network level,
e.g. synaptic efficacy introduced the previous sections, or changes at how the neural
populdions interact with each othgPtak et al. 2009) Previous research work has
demonstratedhatthese variations can also be inducedekggenousnodulatoy factors
suchas 5HT(Richter et al. 2003)substance EGray et al. 2001; Pena and Ramirez 2004;
Ptak et al. 1999)xard pH levelg(Koizumi et al.)

These neuromodulatory factors assert their influences differentially on various
types of respiratory mgons by either directly altering ion channel conductance or by
triggering a secondessenger signaling cascade that eventually leads to changes in
membrane potential. Specifically, endogenously activated, bFeCeptors are required
for maintaining fictve respiratory activity in transverse slice by moduotathe persistent
sodium conductanc€gnay in both Cdsensitive and Gthsensitive paceaker neurons
via a PKC pathwayPena and Ramirez 2002pubstance P nahe other hand, modulates
network activities by producing slow depolarization via activation of atloeshold
Tetradotoxin (TTX)insensitive N&dominant cationic currerfPena et al. 2004)While
both 5HT and substance P modulate neuronal activities with -{tlependent
depolarizatiorrelated mechanisms, pH variations act on-peoe potassium TASK
channels that form a prominent leak conductance and display little time or voltage

dependencéoizumi et al.)
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The neuromodulatory factors do not act in isoldeshion as different factors
might have a common modulatory targdtor example, in addition to being sensitive to
pH in a narrow physiological randBayliss et al. 2001; Patel and Honore 2001ASK
channels are also subject td b modulation(Talley et al. 200Q) The PKC pathway that
plays an important role in thmodulatory effecimediated by BT, receptors can also
induce changes in neuronal activity via alterationgnitnacellular calcium dynamics
(Feldman et al. 20059s well as changes in metabotropic gluteen@ceptor (mGIuR)
activation (Francesconi and Duvoisin 2000)The latter target, e.g. the metabotropic
glutamate receptohasalsobeen demonstrated to séihecti ve
vitro but have no effect on fictive eupndhieske and Ramirez 2006 he PKA pathway
downstream of Gprotein coupled receptor faxcitatorynorepinephrinalso putatively
modulates inspiratorphased inhibition prevaht in neonatal hypoglossal motoneurons
(Saywell and Feldman 20Q4andis consequentlyessential for maintaining the balance
between excitation and inhibition in hypoglossal motoneurons JHMs

In addition tothe abrementioned excitatorfactors,respiratoryrelated neurons
including PBC, Raphé, hypoglossal motoneurons have also been shown to rely on their
GABAergic as well as glycinergic transmission to maintain theadveetwork rhythmic
discharggSinger and Berger 2000furthermorethe existence of electrical couplings in
respiratoryrelated neurons has been verifi@ekling et al. 2000and their contributions
cannot be overlooked. While NMDA receptors constitute the largest excitatoeyidri
hypoglossal neurons during inspiration, previous research indicates thaingapn
couplings are also actively involvgilVang et al. 2002) It has also been shown that the
bath application of gapunctiond blockers in both theransverse slice and the-bloc
preparations modulate rhythmic inspiratory activities at multiple time s¢@tesFlores
and Berger 2001; Elsen et al. 2008)he fact thaheurons existingn the transverse slice

that constitute the respiratory circuitry of interest communicate with each other via local
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electrical couplingas well as synaptic connectiomgich can be lochor longrange
projectionsprovides grounds for further investigatiomtetailed in later chapters

Due to the compounding nature of all the factors that can significantly affect
functional networkevel output, a modeling study that takes into aot@ach individual
mechanism & well as interactions among these pathways lemd to a better
understanding of respiratory rhythmogenesis in vivbhe architecture of the model
system— the respiratory neural circuitry in the transverse shagsed in this work to
study the complex interactions outlined above casumemarized sfollows (Figure2-1).

Tonically firing neurons in th&aphé nucleus (RN) project to théd8E andhave
been showro coreleasébHT, SR and thyrotropirreleasing hormone (TRH); additional
tonic neurons providing glutartegic input to the BC are faind throughout the slice.
The BBC axons project contralatdisathrough the midline to the BC on the opposite
side of the slice. In adiibn, axon collaterals of someBE neurons project to the pre
motor nucleus (preMN) region. In contrast, the preMN regiajepss ipsilaterally to
hypoglossal motornucleus (HMN Thus the output of the PBC projects to H¥EN via
a two-neuron pathway that is ipsilaterally preserved.

In the following chapters, results from a series of simulations studies based on this
model systemwill be detailed to illustrate the results of our efforts to investidueme
neurotransmitters, type and strength of imeuron coupling, and network topology, can
affect outputs at either the singtell level or the level ofan individual nucleis
Additionally, several future investigations that can be essential to further our knowledge

in the area of respiratory neural control are proposed in theHapterof this document.

22



3. NETWORK-TOPOLOGY DEPENDENT NETWORK-LEVEL

PHENOMENA!

3.1 Abstract

“ Bur sis a dygdmic phenomenon where episodes of negatities are
punctuated by periodic episodes of ina¢yiviAt the single cell level, this phenomenon is
frequenty r ef er r ed t o ,awhere” gpiaodes noh &ction godtenticdse
puncuated by periods of silencé@.ypically, theprocess for burst initiation as well tee
slower process underlying burst termmation at this levelcan be attributed to the
interactions between fast and slow ion channel properties, catiependent prosses,
or synaptic depression.

Single-cell level burstingactivities areubiquitous in neural systemsaNetwork
wide rhythmc bursts of electrical activitiegn a neural networkcharacterized by
inactivity-punctuated episodes of action potentials fromoalla large portion of the
neuron peulation are also present in a variety of neural circuits. Examples include
components of the respiratory rhythm generating circuitry in the brain(BtehiNegro et
al. 2002b) spontaneous activity in the neonatal rat spinal ¢Brdcci et al. 1996)and
developing neural networks in the retina of the immature fértatris et al. 2002) In
most cases the recurrent excitation through excitatory synaptic conmestdetermines
burst initiation,and the slower kinetics of ionic currents or synaptic depresaiche

single cell levektollectively resultsn burst terminatiorat the networkevel.

'The majority of the wor k pr Buwstngwithalt slomkinetibsi assolec hapt er
for a small world? Neural Comput2006 Sep;18(9):20295, of which the author of this document is the

second author. The authortbfs document reproduced all results published in the paper, and contributed
independently to the investigation of the burst termination mechanism, as well as to establishing the link
betweerthe value ofynaptic delaynd netword e v e | “sesring” actibuties. Al
otherwise specified, are produced independently by the author of this document,
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The work presented in this chapter explores another mode of newvetk
rhythmogenesige.g.rhythmgeneratiort) namely, the bursting phenomenon in a network
where no slow processes exist at #Hieglecell or synaptic level. Our investigation
indicates thatthe bursting phenomenaotritically depends on the connectivity of the
network characterizeds asmall-world (SW) network. Furthermore, thprogressive
synchronization of network activities within each burst serves asldiaeprocess which

underliesburst termination

3.2 Methods

To examine the direct contribution tife connectivity pattern amongeurons to
networklevel activities, we utilize gparadigmdetailedpreviously (Watts and Strogatz
1998)to modify the network structure fromlocalizedconnection in cojunction with

utilizing theMorris-Lecar (ML) model as the component neurons.

Morris-Lecar Neuron Model

The ML modelwas originally developed to characterize the electrical activity of
the barnacle muscle fib@orris and Lecar 1981) The model consists primarily of two
voltagedependenton channels- an inward C& channel and an oward K channel.
Both channels possess vaédependent activationand neither channel possesses
voltagedependent inactivation. The ML model is considered prototypical neural
oscillator. It possessdbe general characteristicsbfh e actaelvaopgeg” “@®@fnvbur
neurons.

In response to an injected current pulée, firing activity of ML model neuron
typically consists of an excitation followed layrepolarization phadgigure 31, Panel
A). The ML modelis distinct from the typicatanonicalneuron model (e.g. Hodgkin
Huxley or IntegrateandFire model) in its response to two successive transient current

pulses(Figure 31, Panel B & C) An action potential developed by a canonical model
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has a weHldefined absolute and relative refractory ipér In contrast due to the

A

10 mv

10 msec

B

—————————;

10 mV

10 msec

C

10 mV

10 msec

D

10 mV

50 msec

Figure 3.1 Response of the ML model neuron to successive transient current pulses

or constant current injection. In Panel A through C, the black horizontal dashed line indithtes
threshold o020 mV; wheras the blue vgical dashed line indicates the time at which the transient current
plus is applied. Panel showsa typical Action PotentiglAP) produced by an ML model neuron, the green
arrow indicates the excitation phase, and the red arrow indicates a repolaphatsen Panel B Panel C

show either an extended repolarization phase or a threstadding event can occur depending on the
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timing when the second transient current pulse is administered. In Panel D, a series of spiking activities

can be elicited bgpplying a background current of u8/cm?.

lack of an inactivation mechanism, the Mmodel has naabsolute refctory effect.
Consequentlythe ML modelcan respond to an input at any phase during excitation and
repolarization. In particular, as shownHFigure 31 Panel B the time theML membrane
voltage spends above the threshold is extendsehthe membrane potential &ready
above the threshal when the second input arrives.g. the repolarizationphaseis
delayed. On the other handf the membrane potential is beldte threstold but above
rest when the cell receives the second input, a threshossing event is triggered. This
phenomenon is consistepven if the amplitude of the second input is significantly
smaller than that of the first inpuP#&nel C,Figure 31). Suchdynamicswhere the
electrical profilecan be modulated in shape and duration with successive exceation
more akin to the properties of bursting instead of spikingdividual neurons, therefore

the notion of the ML model as a characteristic model fot h e envelope” C
activity. Examples of previous computational wekkxploiting this property of the ML

modelincludeSkinner and Mulloney 1998nd Montejo et al. 2002.

Network Connectivity

The structure ofany given networks can beualified by t he net wor |
characteristic path length) and clustering coefficientC). As introduced in Section 2.3,
L is calculated as the mean shortest path length between any two neur@ensatwibrk;
whereas lie clustering coefficien€ of the networkis cdculated as theveragedatio
between theaumber of connections existing within a neighborhob& neuronsand the
maximum number opossibleconnections in theameneighborhoodacross the entire
network In terms of these two measuredpeal regularnetwork is a network exhibiting

largeC andlargelL, anda random networks a network exhibitingmallC andsmallL.
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In the work presented here,sgstematicapproach was applied to constrct
variety of networks whose structures fall un@edifferent characterizationgNewman

and Watts 1999)The substrate of suadonstructionisd&n eur on r i ng”

Regular Network Small-world Network Random Network

p=0 > p=1

Figure 3.2 Different network topologies as a result of different reconnection

probabilities. (Figure adopted fronwatts 1999)Sta r t i ng f r -0 inn @3 lefteast panel),

the network structure transitions to temall-world topology and eventually to a random network as the
reconnection probability increaseAs an illustration to the reconction scheme, the connection specified
in red in the leftmost panel was reconnected with probability p to another randomly selected neuron in the

population in the middle panel.

(Figure 32), where each neuron projectynaptic connections té& of its nearest
neighbors Starting from this regular network, a rewiring proceduhere each synaptic
projection is reconnected with probabilgyo another neuron randomly selected from the
networkis then implenented The processs systematically repeatedrfearious values

of pranging from 0 to 1. Athe value op is increasedrom 0 inthis range, the netwvk
topology changes from local and ordered to random aektr@mities with intermediate

p values resulting irsmall-world topologiescharacterizedy predominantly local and a

few longrangeconnectionglargeC and smallL).

Simulation Set-up

A series of networks consistirg§ 512 ML model neuronarranged as a neuron

ring according to the regular network topologyconstructed for this work In these
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networks,the neurons are numbered sequentially from 0 to 511, tlEnadonnectios
betweerpairsof neuronsare purely synaptic with a fixed strengtf 0. 01 p S. Ou
512 ML model neurons,10 consecutiveneurons(e.g. neuronsnumbered 0~4 and
507~51) are injected wi/gmh This simulatedecarrent iBjection p A
triggers at the single cell level @eriodic firing activity with a frequency at13.4 Hz

(Figure 31, Panel D. Heterogeneity is introduced tbe network withdifferent initial

values forthe membrane voltagehe gating variable for the potassium curreatswell

asa background noismodeledas a smalinjected current (@rmal distribution, mean 6
HA/Tmd. 66 I iAtd eachof the model neuron Otherparameters subject to
manipulationdgn this studyarek (6~20,initial neighborhood size) (0~1, reconnection
probability), andd (0~3 m®¢ synaptic delay)Starting from a neuron ringodir different

sets of network structusewere calculated for eachieconnection probability. All
simulations were run for 6000 msec, where data from the first 3000 msec are discarded as

transient.

3.3 Results

Network-wide bursting in the small-world regime

In this purely excitatory network, the firing pattern changes dramaticaltiieas
networktopolagy transitsfrom local,to small-world (small L, large C)and eventually to
the random regime F{gure 33, Panel 3. This transition in n&ork topology
corresponds toraincrease of reconnection probabiltyrom O to 1. In thedcal regime
(Figure 33, Panel k), the excitation originates from the pacing mes andpropagates
to other neurons along thwo halves of the ring. The wase®f activities gentually end
at the other end of the ringhen they collide. Thisvave of activities has propagation
frequency of 13.4 Hz, which is identical to the firing rate of the pacing neuraneé¢ 3
1, Panel D & Figure 3, Panel ). In the smahlworld regme (Figure 33, Panel bzb3),
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a different dynamic emerges where successive waves from the pacemaker nodes
propagate with a gjhtly increased velocitafter the initialwaves were triggered. The
fasteractivity propagation isa result from the presencé the longrange conactions
characteristics of the smallorld network topology. With these new wave sources, the
network becomes increasingly more active until the entire episode of activity ultimately
ceases. The duration of timetwork bursting actity is several times longer than the
period of thefiring activity of each of thepacemaker nodesand the mechanism
underlying the cessation of each network burst episode is examined in detail in one of the
following subsections.

The burstperiodof the network level activitiess calculated as thaveragedsum
of the duration of the episod® activity andthe duration of the following episod#
guiescencédy examining the histogram of spike time3he frequency of the rhythmic
network activity isthen calculated abvoth the nverse of the calculated period, as well as
the dominant frequency cqranent of a kst Fourier Transform on the spikéme
histogram(bin size = 20 msec)As p increases in the SW regime, the period of the
bursting activity decreses(Figure 33, Panel bzb3) while the dominanfiring frequency
of the neuronsncreases. Whep is further increaed,resultingin the transition of the
network topologyinto the random regimd-{gure 33 Panel B), all modelneuronsgn the
networkfire in near synchrony at a frequency approximateBPA faster tharl3.4 Hz
(Figure 33, Panel a)The relationship between reconnection probabiptyand the
dominant spiking frequenayan be summazed as followgFigure 33, Panel a} when
the netwok is operating in the smalvorld regime, the dominant firing frequency drops
to a lower value; on the other hand, when the network topokltgy dither in the local
(ordered)or the random paradignthe dominant firing frequencglosely corresporsito
that d a single ML model neuron.These phenomenare due to the fact that higher
reconnectionprobability p implies a larger nmber of long range projectionsvhich

allows for faster recruitment of network neurons to fire synchronously

29



Synaptic delay supports network-wide bursting activities

In a separate set of simulatiorsynaptic delay was set to a value between 0~3
msec with 0.75 msec increment for each of the reconnection prolesbgit The
simulation result are summarized iRigure 34 & Figure 35. Whenthere is no synaptic
delay, notopologydependent bursting activities exist any value op. In this scenario,
the propagatingwaves characteristic of a regular topology transition directly into
synchronoudiring activities in characteristicsf aghe random network As the synaptic
delay is increasedbovezero,bursting activitystarts toemerge in the SW regimen the
scenarios wheraonzero synaptic delayare coupled with SW network topologies, the
range ofp that supports bursting actiyibecomes smallas the delay increase¥Vhen
the synaptic delay reaches 2.2%e¢ before networklevel bursting activitiesstart to
emerge the network exhibits hyperactive firing activitieswhich resemble® s ei zi ng”
activities or bursting activitieswith unusually long burst perigdn the smaklworld
regime. In conclusion, synaptic delays have a significant role in maintaining the
robustness of the netwomis larger delays allow for a widerariety of networklevel
activities. As will be further deiled in the next subection, networltevel bursting
activities in our 51zell network depend on an intricate balance between the de
synchronization of a silent network through recurrent excitations originating from pace
making neurons recang constahcurrent injectios and the progressive synchronization
facilitated by longrange projection Therefore, only values of synaptic delgieater
than zerasupport networkevel bursting activities in themall-world regime When the
synaptic delayequalsto 0 (msec), network synchronization is enhanced and the network
transitsdirectly into a syichronized firing state in thenall-world regime. On the other
hand, when the synaptic delay is set to 2825 (msec) or3 (msec) network
synchronization is hitered and bursting activitiesitv unusually long periodare

observed Consequently, with larger synaptic delayg lyperactivefiring activities
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Figure 3.3 Small-world (SW) connectivity leads to bursting in a network of ML

models. Simulations pedrmed in NEURON using nominal parareewalues for the ML modé€Morris
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and Lecar 19813%caled to a wholeell capacitance based on an arbitrary soma compartment surface area.
The 10 pacemaker neuroreceive stimulus current of 2.54cm2. For all simulations, k = 10J = 1.5

msec, and the swgptic weight= 0.1 piS. Panel ashows the relationship between the reconnection
probability p and the following parameters: normalized characteristic clusterieffiaient (C, indicated

in green, normalized meamath length (L, indicatk in red, and median dominant firing frequency
(indicated in blue) Panel b1 through b4 each shows typical network activities corresponding to a particular
value of p. These p values are 0, 0.025, 0.079, and 0.794 from top to bottom; plots are raster plots with

each béck dot indicating a firing event.

Synaptic Delay (msec)

Local . Random
Small-World

Network Topology

Figure 3.4 Synaptic delay, network topology, and network level activities. This figure
demonstrates how network level activities depend on both the synaptic delay and network topblogy.
green bar signifies the mge of smaklworld network topology. The light blue squars indicate bursting
activities, and theellow squaresndicate a mixture of bursting amearsynchrony firingactivity. The
color brown indicateswhere hypemctive activities were observedand the color dark blue indicates
networklevel activities characterized by propagating wavEmally, the color orange indicates network
level synchronous firing activitiesWhen synaptic delay is zero, no bursting activities exist regardless of
the netwok topology. As the synaptic delay increases beyond zero, bursting actiNiffieéso(ue) start to
emerge in the smallorld regime For example, when the synaptic delay equals to 1.5 msec, network
activities transition from propagating wavek(k blue)to bursting activitieglight blug), then to a mixture

of bursting & synchronized firing activitieyellow), and eventually to synchronized firing activities
(orangg. When the value of synaptic delay is large (e.g. 3 msec), fagise activitiegbrown) emerge in

the smalworld regime before any bursting activities can be observed.
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“Seizing”: hyperactive network-state,
e.g. bursting with unusually long burst period
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“Bursting”: top portion: p = 0.063;
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Figure 3.5 Examples showing the relationship between network-level activities in the

SW regime and synaptic delay. This figure demonstrates how netwdevel activities transition

from “hyperactive” (e. g. “ useeof hwiistimgy &nd neayhcbronyfiing st i n g,
activities in the SW regime. The synaptic delay is set to 2.25 msec, and theadifay corresporsito

that used in Figure-8. Fromtop to bottom, the reconnection probabilities are 0.031, 0.063, 0.126, and
0.251.
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occur inthe small-world regime achievedwith lower values ofp (Figure 35), since
higher valus of p indicate more longrange projectios that facilitate network
synchranization. In conclusion, e fasterthe network componentsynchraize their
activities, the fasterthe burst terminges (e.g. shorter period), and this concept will be

further examined in the next slection.

An increase in synchrony causes burst termination in the absence of refractory

period

”

As introduced previously, a “burst cort
followed by a quiescent episode. The last part of this work focuses on investlgating
such quiescent episode cento be when at he single cell level, there is no slow
mechanism directly contributing to the refractory period that catheeseuron to enter
the refractory state

Two examplesof typical bursting activities facilitated by SW network topology
are shown irPanel a2 inFigure 36. Within each bursthe network synchronization
level varies within a range and eventually increases to a local maximum. This
phenomenon is demonstrated fanel aibl in Figure 36, where the synchronization
level is calculated as the sizé & time window preceding a specific time point during
which a populatiorwide activity event has occurred, e.g. 85% of the population fires at
least once. By this definition, a smaller time window implies a more synchronized
network state, while a largeime window implies a less synchronized network state.
This measure was relatively insensitive to the choice of population percentage threshold
to claim population wide activity had occurred, for similar results were obtained with
values from 70% to 95%.

For further investigation of the relationship between network synchronization
level and burst termination, a separate set of simulatwas designed. In these

simulations, a stimulus whose amplitude is just sufficient to generate a single action
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potental was administered at a randomly generated time to each neuron during a

specified time window. This random delivery of stimuli was drawn from a uniform
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Figure 3.6 Progressive synchronization during a burst, and associated probability of

bursting given a certain set of initial synchrony condition. Time-varying synchronization
measuregshown inal/bl)associated with the simulatioakown ina2/b2,with p values of 0.031€al, a2)

and 0.0631(a2, b2)respectively. Synchronization at each given timeneasured by the time window
preceding the reference point during which 85% of the neuron population fires at least once. Panel ¢
illustrates the probability of seffustained burst from equilibrium conditions given an initial level of
synchronized netark-wide firing (closed circles and open circles represent p = 0.0361 & 0.0631

respectively). The dashed lines at 28 and 44 msec are also shown in panel al/a2 for reference.
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distribution and applied to the network initially in a quiescent state. Whenitaai
guiescentcondition is imposed, the probability of pedimulus activity is maximized
when the initial stimulus is applied within a specific time window. This optimal time
window ranging from 28 to 44 is indicatedRanelC in Figure 36.

This optimal time window is specified as the two dashed lind3anel aia2 of
Figure 35, within which the majority of intrdourst spiking activities occur. In addition
to a general trend of increasing synchrony (decreasing synchronization measure) toward
the end of each burst, the bursting activity terminates as the network activity becomes
highly synchronous, e.g. when the synchronization measure eventually falls outside the
time window of 2842 msec. Based on these observations, we can conclude tha¢in th
SW regime, burst initiation is due to the initial firing of pacemaking nodes and recurrent
excitation within the network. Burst termination, on the other hand, can be attributed to
an increase in the level of synchrony in the network beyond whi@ifasstained burst

is unlikely.

3.4 Summary

In the project presented in this chapthg influence of networtopologyover the
output of the neural network is investigate@ihe transitionsn network level activities
presentechere are also observedn other topologydependent activity variation studies
where the component model neuron is of the canonical form, e.g. an integfiee or
Hodgkin-Huxley model(Netoff et al. 2004) The values for sym#ic delay used in Netoff
et al. 2004 were set at 2.8~3.7 msec; thereforesriatworld topologyin their study
supports hyperactive behavi@.g. seizingsimilar to what we observed here with longer
synaptic delays Consequentlya distinct transiton of network activity to rhythmic burst
occurs at highevalues ofp, where the topology isonsideredo be between the small
world and therandomstructure Factors other than the level of synaptic delay which

might contribute todifferences in observéions can also include the fundamental
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differences in the component neuron as well as the size of the simulated network.
another set of simulatior{sesults not shown)ve have observed thaittvall elseis held
equal, the minimal reconnection proldapip which results in a SW topology facilitating
networklevel bursting activity increases when the size of the ML network is increased.
There are many neural systems where SW connectivity is likely to be present
(Boersma et al.; Gong et al. 2009; Wright and Butera 2006; Yan et al., 200D)t is
speculated that the mechanisms elucidated in this project may foster slower neural
rhythms with timescales that currently cannot be accounted for by the time constants
voltagegated, calciuractivated, or other synaptignetic mechanisms. The input
output properties of the ML model are not esoteric; if one interprets the ML model as a
generic measure of neural activity, the response of the ML model to input doeng t
active phase is remarkably similar to the response of endogenously bursting neurons (e.g.
ML as a model of the envelop of bursting activityjherefore, the results derived from
this project hag the implication in issues such as how endogenously imgysteurons,
regardless of thenechanisms underlying ¢ir pacemaking propertiesjay contributeto
maintainng network rhythms much slower than thaursting activitiesat the level of
isolated neurons.This observation is especially interesting and r&h¢to the ultimate
goal of the work presented in this documeas the preBotzinger complexin the
transverse slice respiratory circuitry shheen shown to contaimultiple types of
pacemaking neuronsvorking collectively to generate rhythmic PBC regiontput

(Thoby-Brisson and Ramirez 200Q1)
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4. INTER-NEURON COUPLING DEPENDENT NETWORK-LEVEL

PHENOMENA?Z

4.1 Abstract

Important physiological functionswhich often manifest at the time scale of
seconds omore are initiated, controlled ad monitored by neuron networks. On the
other hand, théunction of a given neuron network is governed partibihyinterneuron
interactionsthat occurat a drastically different time scaléddhering to the objective of
investigating emergent excitatory network phenom#rawork pesented in this chapter
focuseson howchanges irthe type and strengtbf coupling among two or are neurons
at the millisecond time scatmnmanifest at another time scale orders of magnitude apart
(Figure3.1).

In addition to elucidating the mathematical yet physiologicalgnificant
relationship between processes occurring at drasticallyeliffeimescalesand different
structural levelsthe research presented here also provides possible explanations for the
effects of gagunctional coupling in theutput ofrespiratory transverse slice preparation
(Bou-Flores and Berger 2001)Thework also serves as a basis for further explorations of
the fine balance between mple excitatory effectorse(g. multiple neurotransmitters)

concurrent in neuronal populati in vivo(Doi et al. 200; Zanella et al. 2009)

2 The work presented in this chapter has been submitted to Journal of Computational Neuroscience as a
paper and is currently in thé*8ound of review process. The author of this document is the first author of
the aforementioned paper in review. The portion of the work presented in this chapter investigating the
effects of varying Ggap while fixing Gsyn in the pahesll scenario wasriginally conducted by the third
author of the paper. The metric proposed in this work categorizing different burst solutions was
contributed by the second author Natdl@orikova. The author of this document is independently
responsible for all othework presented in this chapter except otherwise clarified.
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Q Synaptic Coupling

Model Neuron Gap Junctional Coupling

Synaptic Coupling Burst Period
Gap-Junctional Coupling Time scale ~ second

iyl 1111
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Spiky Synchrony
Time scale ~ millisecond
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Figure 4.1 Effects of synaptic and gap-junctional couplings at different time scales.
The couplings effecspike synchrony at the millisecond time scale, and also have effects on the burst
period at the second time scale.heTsynaptic coupling has a time constant of 5 msec, and the gap

junctional coupling modeled as a simple electrical resistor takes effect immediately.

4.2 Methods

The simulation studiesre performed on networks ofsingle neuron model
published previouslyPurvis et al. 2007) The network contains either 2 or 50cku
neuron models, and the model neurare connected to each other with-talall
excitatory synaptic coupling(Butera et al. 1999a; Purvis et al. 20(&f)d electrical
coupling which is modeled as a simple resistor. Values of electrical and synaptic
coupling are specified where needed; otherwisejinal parameter values were adopted
from previous work.

All simulations were run for 160 seconds of simulation time. To eliminate initial
transient network activity, results from the first 60 seconds of all simulations were
discarded. The simulations we performed in NEURON In addition, a subset of the

pairedcell network seup was subject to quasi steady state -loear bifuration
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analysis using XPP AUTO.Resulting data from all simulations was analyzed using
customized MATLAB scripts. The purpe ofthese MATLAB analysess to extract
features which can serve as a platform for comparison between phenomena observed at
different time scales. The two features extracted from these network simulations are
network burst periodRanel A,Figure 31) and intraburst spike synchron{Panel B,

Figure 31).

SDI - Quantifying phenomena occurring at the millisecond time scale

When analyzingntra-burst spike synchrony, a Spike Deviatiodéx (SDI) was
used to calculate the degree of sgieel alignment irfiring times. One neuron is first
selected as the reference, and for each spike produced by the reference neuron, the time
interval between the spike and the closest spike, either forward or backward in time,
produced by another neuron within the samestis identified. Tiosestspike fOr the
reference neuron is then calculated as the averaged value of the aforementioned time
intervals identified for every single spike produced by the reference neuron within a
single burst. Repeating the same caldotabver the entire neuron population, the SDI is
defined as the standard deviation of all thgsdsspikevValues identified for all neurons in
the population (N = 50).

The calculation of SDI can be summarized by the following equations. If N1 is
defined as the number of spikes within a single burst, and N2 is defined as the number of
bursts recorded from the same neuron (neuron x) from the population, then:

T nthburst= {2 anl spikes[MIN( | spiketime(neuron x}- spiketime(neuron y, ¥ X) )] }/ N1
T closest spike, neuronx [ Zall burstsof neuron x(T Nth burst of neuron >) ] / N2

SDI ZU(T closest spikef neuron 1,--+ Tclosest spikef neuron x1 - -- Tclosest pike of neuron Sa
whe e o is the standard deviati on.
This SDI metric was not intended to be a rigorous definition of spekel

synchrony, but rather to easily distinguish at a population levgh@ase synchrony (SDI
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is near 0) from splaphase synclony (SDI is on the order of many milliseconds), which

is analogous to anphase synchrony in the tweeuron case.

4.3 Results

As stated in the Methods section, the two types of -iméerral couplings of
interest here are the synaptic (chemical) coupling the gagunctional (electrical)
coupling. The link between manifested electrical profiles observed at different time
scales is established by examining tlkationship betweenetwork burst period (on the
time scale seconds) and intrarst spike syrfaony (on the time scale of milliseconds).
The structure of the discussion in the following subsections is summarized as follows.
Using a 56cell simulated neural network as the substrate, the effeatargihg the two
types of coupling strengths respeely on network-level electrical profilesre examined
The investigation the moves to examining simulatiomesults from pairedell networks.
With qualitatively identical manipulation of the two coupling strengtlmmsistencyin
changes of electritgorofiles in both the 5@ell and the pairedell settings suggest
similar underlying mechanisms.These mechanisms are further examined in using
bifurcation analysis. In addition temphasizingthe physiological significancef the
work presentedthe poject concludes with the introduction of a metric that connects

changes in electrical profiles with changes in bifurcation landscape.

50-cell network: Coupling strengths alter burst period and spike synchrony within
the burst

In a 58neuron network, a&rying gapjunction and synaptic coupling strengths
produces two effects that occur at two different time scales orders of magnitude apart.
The faster millisecond time scale corresponds to that at which each individual neuron
spikes, and the slower second diracale corresponds to that at which netweviel

bursting activity manifesté~igure4-1). At the level of network bursting activity, for a
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given value of excitatory synaptic conductancey{Gincreasing the strength of gap
junction coupling (Gap from zero causes the network burst period to increasar@-

2B1 through 42B3). However, beyond a criticalgp value, termed Gpp-criticar (Figure.
4-2B3, 4-2B4), the network burst period quickly decreases and remains nearly
unresponsive to furthehanges in coupling strengths.

Increasingthe value ofGsy, while fixing the valueof Gyap On the other hand,
causesan abruptincrease followed by gradual decrease in the SDI measure (Panel D,
Figure 4-2). In the parameter space examindt decrege in theSDI measure never
reaches to thealue characterizing tphase spiking activities (Panel 4B, Figure4-2).

This phenomenon is aaopanied by an abrupt chanigethe networkourst period Panel

A, Panel C1C3, Figure 42). The abrupt increasae networkburst period occurs at the
same level of Gpwhere the switch in spike synchrony occiarfel A & D,Panel C2 &

F2, Figure4-2); however, the burst period continues to increase unlike the decreasing
trend in the SDI measurellowing the abrup change These observations are robust
across a broad range of the parameter space (R&é@), Figure4-2).

To summarize, while fixing Gn, Ggapp-critical COrresponds to the value ofgsat
which the effect of increasingyp on the burst period revses. SimilarlyGgaps.critical
corresponds to the value ofgfs at which the effect of increasingsgs on the spike
synchrony(SDI) within each burst reversesin addition, for the simulation settings
specific to our study, the§Ggapp-critical & Ggap-scriticat) DOth have the valuefd.75nS when
Gsyn Is fixed at 2nS. As will be further described section 3.2, Gpp-critical aNd Gaps-

critical tUrNS out to be identical for any fixed level of,6
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Figure 4.2 50-cell: effects of Ggap and Gsyn on burst period and spike synchrony.

The burst period is coleroded in Panel A, and th8pike Deviation Index (SDItharacterizing spike
synchrony iscolor-coded in panel D The calculation of SDis described in the Methods section. Panels
B/E areraster plots of several periods of bursting (B) and a single burst (E) within the network for 4 sets of
coupling parameters indicated by the solid black boxes in panels A/pathmeter sets are: Ggap = 0, 0.5,
1.75 and2.25 nS, with Gsyn fixed at @S. Panel C/F contain thsame information for anothersats of
coupling parameters indicated by the dashed black boxes in gdbelthese parameters are: Gsyrl.5

nS, with Ggap = 0, 1.25, and 3 nS.
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Unlike the cases wheres(a is kept fixed with varyig values of G, we do not
observe the type of complex thresholding phenomena when varying valugg, afes
coupled with a fixed value of §& For each fixed value of &, the burst period abruptly
increases as & is increased beyond a critical ual (Gyncritat, Panel C2 in Figure-2).
Furthermore, unlike the case whemaying Gyapis coupled with a fixed 6, (Panel B3,
Figure 42) where both increased burst duration and recovery time together contribute the
observed increase in burst perititk increase in burst peridaereis predominantly due
to a lengthening in the recovery time of the burst. At the same critical valug.ofh®
model neurons transition inesynchronouspiking e.g. antiphaseactivities (Panel F2
F3, Figure 42) ard never return to theynchronous e.g. inrphasespking states (Panel
F1, Figure 42). As will be examined in later sections, the difference stems from the

interactions of different solutiehranches in a changing bifurcation landscape.

Paired-cell network: Effects similar to those observed in 50-cell network on burst
period and spike synchrony suggest similar underlying mechanism.

In Figure 43, the six panelsllustrate typical pairedell simulation results
observed from varying the strengths of congd between two model neurons. Each of
these six panels has three portions. The top portions are dedicated to illustrating the time
series membrane voltage data from patell simulations. The progression of intra
burst spiking synchrony is highligliten the middle portions of these panels. Lastly, the
bottom portions correspond to results derived from-imar bifurcation analysis. Panel
A through Panel C represent resultsnirsimulations with a fixed £, and varying Gap
values; whereas PanBlthrough Panel F represent results from simulations with a fixed
Ggapand varying G, values. Overall, systematically varyingagand Gynin the paired
cell scenarios yield results that are qualitatively similar to that frorse8Onetwork

simulatiors.
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With a fixed Gy, the paired model neurons cannot maintaim-phase
synchronousspiking activitieswhen the burst period increases witg{tPanel A & B,
Figure 43). On the other hand, when the burst period decreases with further increases in
Ggap (Panel C, Figure 8), the two neurons ararihg identically with synchrony. As
shown inmiddle portions of Panel £, the burst initially starts with the two neurons
firing synchronously however, this statées not stable and isst within the first few
action potentials of the burst. In genemlithe simulated pairedeuronsa largervalue
of Gyap (Panel B Figure 8) doesallow themodel neuronso maintaintransientin-phase
synchronousspiking activitiesfor a longer fraction of the burst duratidiman smaller
values of Gap(Panel C, Figure-8).

Briefly summarizing, in the pairedeuron scenaridhe sjpke synchrony within a
burst transitions fronm-phasesynchronouso anti-phaseasynchronouspiking activities
when the Gap < Ggapp-ciiica- From now on, this mode of bursting activities where intra
burst spike synchrony transitions from synchronous to asynchronous is characterized as
antiphase spike bursting ASB). Whereas Wen Gap >= Gyappcriicas  the spiking
activitiesfrom the paied model neuronseemain synchronous throughout the buestd
this mode of bursting is characterized inagphase spike burstingIB, synchronous
spiking throughout burs). In addition, :1ce Gyapp-criical COrresponds to a change in
spike synchrony athe value of Gy is varied, i.e. Gupp-critical = Ggaps-critica, theywill be
referred to collectively as daciica- FOr the purpose of clarification, the naming

convention is detailed in Table}4

Table 4.1 Bursting Mode Characterization.

Bursting Mode Characterization
Anti-PhaseSpikeBursting ASB) In-PhaseSpikeBursting (SB)
Synchronous iphasgIP) spiking Synchronous iphasqIP) spiking
activities transition to asynchronous ant  activities are maintained throughout a
phasgAP) spiking activities within a burs single burst
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Panel D through F of Figure-3 together with e highlighed Row A in Figure
4-4, illustrate the results obtained when a fixed,@& coupledwith varied values of Gn
across an appropriate region of paramespace. As derived similarly from its
counterpart in 5@ell simulations, increasingsga while fixing Gyap resultsin a lossof in-
phasesynchronous spikingctivities earlier within a burs{middle portionsof Panel D
through F, Figure 8) along with an increase in burst perigtbp & middle portionsof
Panel D through F, Figure3). The complex thresholding phenomena observed while
varying Gy With a fixed Gy, are not observed here.

The effects described so far are spike mediated. In-aéwon network without
spiking currents (i.e. just a sdbreshold oscillation), manipulation of;$zor Gsn has a
negligible effect on periodrésults not shown). The key conclusion from both the
network level and the paireteuron simulations is that manlption of spikelevel
synchrony ultimagly alters the burst dynamic&urthermore, tis conclusion, along with
the characteristics of ASB and ISB activities, permassthe time constant of the cheati
synapse is decreased to danth of the original Mae (results not shown The paired
cell simulation setip enablesa more indepth treatment using numerical bifurcation
analysis. The next two subsectiorfecus more on the application qtiasisteady state
bifurcation analysi®n results from simulatioscenarios where varying values af.gare
coupled with a fixed value of £ Results from such treatment on cases wheygiss

varied while keeping Gpfixed will be discussed in comparison when appropriate.

Transition between ASB and ISB

The quastisteady state bifurcation analysis of the paicel model is used to
understand the dynamical mechanisms accounting for the transition between ASB to ISB
as Gapand/or Gynis varied. The variable h is treated as the slow-8o@e bifurcation
parameteris the fastslow decomposition. Thiwvariable h accounts for the slow

inactivation of an excitatory (depolarizing) persistent sodium curgky) in our neuron
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model. Itis responsible for frequency adaptation and the cessation of spiking activity
once a burst has beenitiated(Butera et al. 1999a)Analyzing the pairegheuron model
under quassteady state conditions is reasonable for analyzing the dynamics thdpurs
(Bertram et al. 1995; Izhikevich 2000; Rinzel 1985ince we are dy studying the
activities of the paired neuromg the timescale of bursting. This form of analysis and
the qualitative features of the gle neuron and twaeuron bifurcation diagram are
comparable to previous studies ofcled squaravave bursters for both single cells as
well pairs of coupled cells that have considered electrical coupling (De Vries et al. 1998;
Sherman 1994).

As a prelide to the detailed treaémt in the following two subsectionshe
strucure of the summarizing Figure3lis provided agairas follows:

The bottom portionsfdPanels A through F in Figure 3d&monstrate the results
from utilizing the quasisteady statdifurcation analsis on the pairedell simulations
In Panel A through C, the value ofyis fixed; whereas in Panel D through F, the value
of Ggapis fixed. The value of 6, in Panel A through C is fixed at 3 nS, with the values
of Ggapbeing 0, 06, and 1.5 nS respectively. For sintidas in Panel D through Panel F
the value of Gypis fixed at 0.7 nS, while &, are 0.75, 1.5, and 3 nS respectively.

From ASB to ISB: Effects of Varying Ggap While Fixing Gsyn

As shown byDe Vries et al. 1998 anflherman 1994ye alsoobservedwo sub
critical Hopf bifurcationsn our pairedcell models. Emanating from each of the Hopf
bifurcations aréwo periodic solution branchesferred to here as tlamtiphase AP, red)
and the in-phase [P, black) solution branch. Bch of these two solution branches
corresponds to the afghase and iphasespiking activities respectively. Wén there is
no electri@al coupling Panel A Figure 43), the two periodic solution branchasenearly
identical in location andboth periodic branches emanate from Hopf bifurcations in the

increasing h direction witlunstable periodic orbits. At their respectiiit points
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(saddlenodes of the periodic solutions}he APperiod branch reverses its stability twice
and IPperiod branches reverse ittability once,and both continue inthe decreasing h
directionuntil terminatingat the equilibrium solution brandkigure 44, bottom portion
of Panel A). In this casehen Gapis zero(Gsyn = 3nS), the AP branch is stable atfte

IP branch is unstable in the range of h where bursting occurs. Whgis Greater than
zero, the AP and IP solution branches become distinct and exist at different
ovelapping intervals of h (Panel B, Figure-3). Furthermore, a -ghaped curve
bifurcates from the slow manifold resulting in a set of asymmetric ststatly (ASS)
solutions upon which theeriodic solutions terminate, in a manner similar to that

presented in previous wo(sherman and Riel 1992)
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Figure 4.3 Paired-cell: Effects of Gsyn & Ggap on burst period and spike synchrony.

(IP: black. AP: red.Bursting trajectory: green. Steady State Solution: brown.) Example results frem two
neuron network simulations. From top to botfdranels AC illustrate the simulation results when Gsyn is

fixed at 3.0 nS, and Ggap =0, 0.5, and 1.5 nS. Similarly, Panels D through F illustrate the results when
Ggap is fixed at 0.7 nS, and Gsyn is varied from 0.75, 1.5, and 3 nS. From top to, ldtmin each

panel sequentially highlight the change in burst period, the detailed spiking profile that occurs within each
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burst, and the resultsdim nonlinear bifurcation analysis. Specific to the qustsiady state nelinear
bifurcation analysisthe xaxis represents the slow bifurcation parameteamd the yaxis represents
membrane voltage. The trends in burst period and-intrat spike synchrony are similar to those observed

in network simulations illustrated in Figude2.

As Gyapincreases, the entire AP solution branch and associated Hopf bifurcation
shifts to lower values of h, while having no effect on the stable equilibrium solution or
the location of the IP branch. For low to intermediate levelsygf(Gigure 43 Panel A
& B, bottom portion3, a growing continuous region of the AP branch loses stability.
Correspondingly, the IP periodic branch gains stability over a larger @nge For
example, in the bottom portion of Figure84”aneB, there is a brief initial interactioof
the burst trajectory with the IP solution, but the bursting trajectory converges to the AP
spiking solution. As Gyapis further inceased to large values (Figur&4anelC, bottom
portion) the bursting trajectory lies entirely on the IP periodic binaduring the spiking
phase. At this point the AP periodic branch is at all points unstable, while the IP periodic
solutions are stable.

Taken together with the previous section, these results suggest that an increase in
Ggappromotes a transition frorma-phase spikingctivitiesto in-phase spikingctivities
As Gyaplis increased, periodic solutions corresponding to AP lose stability, while periodic

solutions correponding to IP gain stability.

From ISB to ASB: Effects of Varying Gy, while Fixing Ggap

The bifurcation landscape remains quite similar in cases where varyjngs G
coupled with a fixed value of & As shownm Panels D through F in Figure3} the
AP branch remains stable in the range of h where bursting occurs regardless of the
change in the value of &, However, as Gy increases, the IP branch loses stability
from the left (Figue 43 Panel DZPanelF2, bottom portion while AP branch remains

stable with extended stability into the lower higeg(highlighted row in Figure-4).
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Figure 4.4 Detailed profiles of the bifurcation diagrams where synaptic and gap-

junctional coupling strengths (nS) are varied. The coupling strengths are as follows: Gsyn = 0,

1,2 nS and Ggap = 0.1, 0.5, 1, 1.5 n&each panels, theaxis is h(inactivation parameter for persistent
sodium current), and the-gxis is the membrane voltage (mV)The highlighted row and column is
representative of the convergence behavior of the bursting trajectory, as well as the changes in the two
periodic solutbn branches AP (red) and IP (black).

For the viable range of h values, the bursting trajectory converges to the IP branch
if it is available and stable. For example, in the bifurcation diagram includéud a

bottom of Panel D Figure-3, there is an itial interaction of the burst trajectory with the
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IP solution. As the value ofaincreases, the interaction between the bursting trajectory
and the IP branclosesits significance, and the bursting trajectory converges to the AP
spiking solution. A Ggyn is further increased to large values (bottom portion of Panel F,
Figure 43), the bursting trajectory further follows the extended stabilitythef AP
periodic branch intahe region with lower h. These results suggest that an increase in
Gsyn promotes a transition from uphase spiking to anphase spiking. As & is
increasedthe IP branch loses its stability, and the burst trajectory instead converges to

the AP branch.

Transition between ASB and ISB Modifies Burst Period.

In this subsectionye present a potential dynamical mechanism to account for the
initial increase and subsequent decrease in burst period that occurs during the transition
between ASB and ISB as;{gor Gsynis varied.

For any fixed value of 6, the entire AP periodic solath branch transitions to
lower values of h as §gincreases (e.drighlighted column of Figure-4). Even though
the increase in Ly with a fixed Gy, has no effects on the region of hysteresis between
the IP periodic branch and the equilibrium branthdoes increase the region of
hysteresis in h between the AP periodic branch and the equilibriaamctor In
comparisonthe process of varyings@ while fixing Ggyap has insignificant effects on the
location and stability of the AP solution branch (&ighlighted row of Figure 44).

Comparing the @nels in each column of Figure44it can be easily seen that as
long as the AP branch is stable and the IP branch is unstable, the increase in hysteresis
with larger Ggap will correspond to an increase lnurst duration. This increase in burst
duration consequently leads to a longer bpestod. However, as {& increases, the AP
branch loses stability over some ranges of h and the IP branch gains stability. In addition,
at a sufficiently large value d@byap the AP branch becomes entirely unstable and the IP

branch becomes stable. This loss in AP stability combined with itsvée@t shift in
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location decrease the effective range of hysteresis in stable periodic solutions and the
equilibrium branch. tleventually offsets the increase in burst period due temaift
shifting of the AP branch and leads to an overall decrease in burst period. This form of
hysteresis is necessary for this class of squanee bursting(Bertram et al. 1995;
Izhikevich 2000; Rinzel 1985)

When varying Gy is paired with a fixed g, one does observe loss of stability in
the IP solution branch. Nevertheless, such loss of stability does not effectively change
the overall hysteresiegion (eg. highlighted row of Figure-4) and does not contribute
to the chage in burst periad In fact, the change in burst period whega ® kept fixed
can be attributed to an extension of the stable AP branch to the left. Therefore, the
aforemernibned relationship between the variation of coupling strength and the change in
hysteresis between the AP branch and the equilibrium branch, which causes period
modification, only exists for different g values when G, stays constant. In
biophysical €rms, increasing &, increases the dynamic range of the persistent sodium
conductance (regulated by h), where thethble existence of afpphase spiking together
with the hyperpolarized silence enable bursting to occur. This increased range of
conducance over which spiking occurs leads to longer burst durations. This increase in
Gyap Ultimately results in the anpihase spiking losing stability, while stabilizingphase
spiking. It is important to keep in mind that only the stability of the smiultiranch is
affected by the pcoupling strength; the rangd persistent sodium conductance where
in-phase spiking and hyperpolarized silence exist (necessary conditions for bursting),
however, does not vary with thesvalue.

In summary, we have slvn that the stability of the faster dynamics-fimase or
antiphase) spiking has a profound effect on the sleimee scale dynamics of bursting.
These results have been demonstratea fifty-neuron network as well astwo-neuron

network, and are ralst as either 6, or Gyapis varied. Mechanisms were determined via
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bifurcation analysis of a twoeuron network as 4z is varied, and are consistent with

dynamics observed in the fiftyeuron network.

Proposed Metric Defining the Class of Burst Solution

In this section, we propose a metric that categorizes and predicts the convergence
of the bursting solution onto either one of the periodic branches as the couplnyghstre
vary. Panel A of Figure -8 illustrates a zoometh version of Figure 4, shaving
portions of the bifurcation diagrams relevant to the graent of this metric (Figure-4
5, Panel B).

A closeexamination of Panel A, Figure3ishows that the start of the bursting
trajectory always converges to the periodic solution branch tkatis bl e at t he *
the zshaped steadstate solution. Furthermore, when both IP and AP branches are
stable, the solution converges to the IP branch. Since only the AP branch is stable at the
knee for lower values of coupling strengths, in suchsctse bursting trajectories always
start at the AP branch. On the other hand, the trajectory converges to the IP branch
solution for higher coupling strengths.

These observations are the basis for the formation of the proposed, metis
metric is déined to bethe distance from the end of the stable branch of the IP solution to

the knee of the steaebtate solution (niehik). When the IP branch intersects with this

knee, Ranieh .k equals zero, at which point one would predict a complete tiams$o the
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Figure 4.5 Development of a metric categorizing the class of the burst solution. Panel
A is a zoomedn version of Figure 3 For each supanel in panel A, the-axis is h, and the-gxis is
membrane voltage V (mV) Panel B illustrates & metric proposed to categorize the convergence of

bursting trajectory. Panel C compares the change in burst period (as the coupling strengths are varied)
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versus the switch in the sign of the metric (hstableLK). Note that Ggap is incremented in 0.8 m
panel C. The dashed line in Panel A represents the transition of (Hst#)ldetween positive and
negative value. The value of (hstablBLK) is negative for the three sydanels in the bottosright corner;
and the opposite is true for the fivebspanels on the tofeft corner. Accordingly, the bursting trajectory
(green) for the three sytmnels in the bottosright converges to the AP branch (red); and that for the top

left five subpanels converges to the IP branch (black).

IP bursting mode.Interestingly, the drop in bursting period correlates with a drop of the
value Runiehik to zero (Figure %, Panel C), both of which occurs whegagquals to
Gyapp-ciiica- 1 herefore, this metric can also be used to identify the critical val@gapf

(with fixed Gsyr) at which the reversal of the trend in the direction of change of burst
period, thus spike synchrony, occurs. Approaching from another standpoint, the metric is
also valid when characterizing the change in burst period and a ordlca of synaptic

coupling as varying 6nis coupled with a fixed gy

Effects of Gap Junctional Coupling on Spiking and Spectral Properties

Previously published research has studied howjgagtional coupling modulates
inspiratory motoneuron and phiemerve activities in the transverse slice as well as the
enbloc preparationgBou-Flores and Berger 20D1 Specifically, a reduction in gap
junction strength causes an increase in burst period along with the emergence of a
dominant intraburst spiking frequency as observed in both the hypoglossal nerve rootlet
recordings from the transverse slice. Simééfects on bursting period and inspike
frequency distribution were observed in phrenic nerve recordings. These observations
correspond to the results from our study presented in this paper whgrs f&ed and
Gyapis decreased from a very higlvéd (3 nS) down to the critical value,£aciiticar-

Extending and applying identical measures used in analyzing experimental data
on our simulation results, we were able to derive conclusions that are consistent with
these phenomena observed in experinsettihngs. As can be seen in Figur& 4 along

with an increase in burst perieda dominant frequency for inttaurst spiking begins to
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emerge when g, is decreased from 2.25 nS while fixing,& Further decrease ing§
below 1.75 nS still allows dominant intraburst spiking frequencto exist, accompanied

by a decrease in burst period.
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Figure 4.6 Gap-junctional coupling & spectral properties. Panel A isidentical to Panel A

of Figure 42, illustrating how burst period changes with respecht@nges in coupling strengths. Panel B
demonstrates the appearance of a dominant-lmtrst spiking frequency as g@mctional coupling

strength is varied. The-axis runs from 0 to 60 Hz, showing the range of Hutast spiking frequency in

our simubtion data. The-gxis shows the percentage of occurrences of a specific spiking frequency within

a single burst. The coupling strengths used to generate Panel B are identical to those identified by the solid
black boxes in Panel A

4.4 Summary

There islittle doubt about the imptance of the roles playday factors such as
electrical or chemical synapses in the functional output of neuronal populations. The
slightest differences in the timing, amplitude, or synchrony of the functional neuronal
output can be magnified through the circuitry in our nervous system and manifest
downstream as physil abnormalities or diseaseson® examples which hawadready
beenareador extensive research askeep apnea, Sudden Infant Death Syndrome (SIDS),
and the R# syndrome. These disturbances or abnormalities have been linked at the
cellular level to several neuromodulatory substances such as norepinephrine and

serotonin, which exerts mainly excitatory effects at the millisecond-dcake when
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working alone, buproduce unexpected emergent network properties at a different time
scale.

Even though previousesultspresentedn Sherman et al. 1991, 1992, and 1994
have presented several aspects of our results in other cantextork here is the first to
demonstate at multiple structural levels how thmanipulation of spike synchrony
through either electrical or chemical coupling can lEadomplex thresholding changes
in burst period. Such phenomeoannot be simply explained by a single wagfined
biophysi@al mechanism, but only by considering the interactions between the spiking and
bursting processes and the emergent dynamics of the couptbspes. The underlying
mechanisms have also been investigated via quasi sséaeéybifurcation analysis at the
pairedcell level, and can be generalized to explain the complex phenomena observed at
the 50cell network level.

Exploring further in the area of respiratory rhythmogenesis and maintenance,
previously published research has studied how inhibitory syn@ptismission and gap
junctional coupling modulate inspiratory moeuron activitie§Bou-Flores and Berger
2001) The “kernel” for t hese modul ator-y effe
Botzinger Complex (pBC) regignand air resultsare consistent with these ideas.
Moreover, our researcks also in line withrecent expemental results where the
characteristics of neuronal network activities chainga complex way as themount of

excitation present in the systemaries(Doi et al. 2009; Zanella et al. 2009)
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5. TWO TYPES OF PACEMAKING PBC NEURONS:
DIFFERENCES & SIMILARITIES MANIFESTING AT THE
SINGLE-CELL LEVEL AND THE LEVEL OF SIMULATED PBC

REGION®

5.1 Abstract

The respiratory rhythm originates in the brainsi@ianchi et al. 1995; Feldman
and Smith 1989n a critical region of the ventrokatal medulla called theBZ (Smith et
al. 1991) Evidence fromin vitro (Funk etal. 1993; Koshiya and Smith 1999; Ramirez
and Richter 1996; Smith et al. 1991; Smith et al. 128@)in vivo studies(Koshiya and
Guyenet 1996; Ramirez et al. 1998; Schwarzacher et al. 1995; Solomon et al. 1999)
suggests that this region contains a locus of rhythm generating inspiratory neurons that
continue to fire when isolated vitro, and cause a cesgat of normal breathing when
lesonedin vivo. The traditional view othis respiratory rhythm generatiooccuring
primarily via complex network of inhibitory and excitatory connecti@snchi et al.
1995; Richter et al. 19923)ad become controversial whehythmogenesis persed in
enbloc preparationvhen synaptiénhibition wasblocked(Brockhaus and Ballanyi 1998;
Feldman and Smith 1989; Onimaru et al. 199Recent result§Del Negro et al. 2002a;
Thoby-Brisson and Ramirez 2001; ¥ et al. 2003have also shown that iaddition 6
the NAP-dependent pacemaker®r Cd'-insensitive pacemake(Bel Negro et al. 2002a;
ThobyBrisson and Ramirez 200%)a second type of pacemakexistsin the BC of

mice (Pena et al. 2004; ThokBrisson and Ramirez 20Q1) This second type of

% The concept of the new PBC neuron model has been previously detailed in Specific Aim # ZgimhtiH
R01-HL088886by the author of this document.
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pacemaker is referred to aadmiumsensitiveor CAN-current dependénpacemaker
(Pena etla2004; ThobyBrisson and Ramirez 20Q1)

The work presented hewonsists of theconstructionof a new generation PBC
model neuron, whicincorporate a seconegmessenger pathwdyked totheintracellular
[C&®"] buffering mechanism As will be preseted in the result section, this PBC model
neuronis able to simulateboth the NAPRPdependent and the CABurrent dependent
pacemakers.Based on this model, a series of network simulations were conduacted
examinethe emergennetwork rhythmsas a result including a varying percentage of
different types of pacemakers in the networkA future study focusing on the
investigation ofhow PBC activities might be modulated by neuromodulatory substances

released by Raphé neurasgpresenteth Chapter 7.

5.2 Methods

Overview

All simulations presented in the study were performed in MatLab with SimEngine

developed by Simatra Technologidgt://www.simatratechnologies.cmThe single

cell level simulations wre performed for ® seconds simulation time, witlesults fom
the first 30 second discarded as transient. The netlswek simulations were performed
for 90 seconds simulatidime withthe first 30 second discarded as transient.

For our purpose, wérst constructed a singleompartment PBC neuron model
that serves as a basis for eimponenteurons within the simulated PBC regidrhe
mo d € parameter spacmade up by theonductance othe persistent sodium current
(gnap and the cakium-depeneént catiofic current (gear), Can be categorized into two
“pacemaking modes” where the mNAPbUstemoe ur on

a CAN-burster In other words, the model possessdapability to simulat¢Figure 51)

a spectrum of pacemalkgnactivities characteristic to thg,-dependent NAP-burster,
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Cd'-insensitive) as well ascl-dependent CAN-burster, Cd'-sensitive) pacemaking
neurons The distinction between the two pacemaking modes is made based on the
differences in simulated memane electrical activitieas a result oflepolarizing current

injection Examplesof these“pacemakingmo d e s as well as the
values used to simulate each can be founBiguire 5-2, and the exact criteria used to

make the distinctionsra detailed in the result secti@rigure 53).
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Figure 5.1 Schematics of the single PBC neuron model. The new PBC neuron model
includes a new calciuractivated cationic currenfican), an inward calcium currenfit), a Gprotein
coupled pathway which fefcts calcium buffering mechanisms mediated by BRwell as a membrane
calcium pump. The black arrows associdtevith the ion channels are indicative of the -imunrent flow
direction. The red arrows indicate the positive effectheffollowing thredactors on intracellular [Ca2+]:
1.) ER calciurrrelease, 2.) inward calcium current, and 3.) activation ot@upled recptor. The green
arrows indicate the negative effects intracellular [Ca2+Dbf: 1.) ER calciurauptake, and 2.) voltage

[Ca2+} dependent membrane cale pump

Single PBC model
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The schematic of the singleompartmentPBC neuroncentral of this stdy is
illustrated in Figure 8. It consists of eight netinear differential equations. It contains
a buffered oscillatory IP3 endopasmic reticulum (ER) Ca* pathway that is also
dependent upon synaptic activation. The model is desthlp the following equations

dv/dt =- (liotai - lex) / Cm (C: membrane conductance)

Where fota= Inapt Inat Ik + lcat lcant It + lieak + lsyn + lionic + JIEXToudK

The equations governingap lna Ik Isyn (Synaptic excitation), andionic (tonic
excitation)are adopted fronprevious work(Purvis et al. 2007) Current injection into
the model neuron is simulated by the tegg IJEXT,/K represents the current change
due to the outward calcium flux through the calcium pumihe calciumdependent
cationic currentdy, (CAN-currert) can be described by the following equation

lcan= Gan®  F €T C a-EcaidpyVwhile F(C&]) = 1/ (L+(Keadl[CET)

The oscillatory IR-ER-C&* pathway that includesytoplasmic buffering effects
is formulated as three ndmear differentialequations(Keizer and De Young 1992;
Wagner and Keizer 1994)

dicg€] / dt 2 B (efn QHRERIEXTow)

d[IP3]/dt = Gq(t, V) + P([C&"]) - D([IP3])

dw/dt = (Wins - W) / T([CaZY]), whereB ( [>T} eepresets cytoplasmic calcium
buffering effectsP([C&"]) accouns for effects ofintracellular calcium concentration on
IP3 production , andD([IP3]) is the degradation term forJjloncentration.The Gq(t, V)
term simulates the time and voltagependent effds from Gprotein coupled receptor,
and this term is omitted in the work presented hefi¢ne variable w describes the
activation of the IRreceptor that is dependent upon both calcium agditling to the
appropriate sitesJER, and JER,; stand repgectively for the calcium flux flowing into
the cytoplasmic space and the calcium uptake by@Rthe other hand, JEXF stands

for the outward calciumflux through apump locatedon the membrane, whose
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dependency on membrane voltage and intracellulaiuca concentrations modeled as
follows (Cha et al. 2009

Vactivation= 1 / (1+exp{(V+40)/5));

[C&']-dependenactivation =0.26e ([Ca?']%) / (0.1+[C&"]?)

JEXTout = Vactivaion® C& *-dependenactivation

Detailedexpressions for the formulations listed above as well as the parameter
valuesrelevant to the newly includadward transient calcium current)(turrent as well
asthe IP3-ER-C&* mechanisms cape found inAppendixA. The parameter values used
are all of the correct order of magnitude as observed in previous erp&siracross

various cell types.

Single cell level analysis: parameter space identification — Pacemaking bursters vs.
non-pacemakers, NAP-bursters vs. CAN-bursters

All parametervalues assigned to thmarameters in the PBC modweksented here
— such as the parametegsverning the IP&alcium pathway othe calcium buffering
mechanism, the persistent sodiwarrent conductanceas well asthe CAN-current
conductance- could potentially significantly alter the electrical profiles of the model.
However, n an attempt to focus our efforts to address issues relevant to different
pacemaking modes directly stemmirirom the (ce)existence of persistent sodium
current, the CAN current, and the serotonergic modulatory effettts parameter space
examined in thisvork is limited to be twedimensional. Namely, the parameter space
consists of twoconductancevariables — the NARcurrent conductancégnsy) and the
CAN-current conductanc€.a) — where both are varied between 0 to 3nS with 0.1nS
increment.

Using a divideand-conquer methodology, west divide the (gan Ghap Parameter
space into thesubspace coristing of nonpacemakers, as well ése subspacahere

intrinsic bursting activities were observedhe division is made possible by injecting a
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model neurorwith a specific (g Ghap Pair at a hyperpolarized state with incremental
depolarizing curreninjection I f the model’'s membrane el e
the transition from silence to bursting, and eventually to spiking activities, then the model
is categorized as a pacemaker. Oflsg, the model whose activities transition directly
from silence to spiking is categorizedaasonpacemaker.

The constrained parameter spdoe pacemakers was then further divided i8to
regions representinipe 2 pacemakingnodes— the NARbursters, and the CANursters
— based on the modulation of teo d e | neuron’s bursting act
currentinjectiors. Thecriteriaused as well as the calculations perforntedefine each
“pacemakingno d aré detailed in Section-8. The prototypical simulatedelectrical

profile of each operatingodeis shown irFigure 53 & Figure 54.

PBC nucleus model

51 PBC model neurons were coupled with-tadbll as well as sparse (10%
connectivity)synaptic projections to create &-&ell network. In the sparse connectivity
scheme, each model neuron witlthe network projects synaptically on average to 5
other randomly selected neurons in the netwoflhese simulations were designed to
investigate how differenpercentagecombinations of nofpacemakers witta specific
type of pacemakers might affectetwork-level rhythmogenesis. The number of
pacemakers in each netikas varied fom O (e.g. no pacemakers in the netwoirt)51
(e.g. all network components are pacemakeit) roughly5-cell increments (Figure-3
& Figure 58). Some example network coogitions areéd5% nonpacemakers & 5%
NAP-bursters, 0B0% nonpacemakers & 20% NABursters, or 70% nepacemakers &
30% CAN-bursters The component model neuroimseach simulated PBC nuclease
uniformly selected from the population of NAfsters, CANoursters and non

pacemakeras described in the previous ssdxtion

64



For each compositn scenarip 15 trials were performed where the model
neurons were connected with -tdtall synaptic projections For each composition
scenario, aditional 15trial simulations were performed where the modelronsare
inter-connected with sparse connections (10% connectivity), and are assigned parameter
values identical to those used in the 15 trial simutatieith altto-all connections.In all
casesthestrergth of each synaptic projectidgsy) received by a single model neuron
was scaled so that the total excitation from synaptic inputs egualSnS On the other
hand, the total tonic excitation received by a single model neuron was selected to be

0.2nS

Simulating the PBC nucleus — Activity analysis

Within the simulated PBC nucleudyythmic bursting activities can occur at the
single cell level, at the level of a clusteonssting of a small subset of network
componenneurons, andinally at the netwrk levelinvolving a majority (80%) of model
neurors. In view of our objective to examine activities beyond the sheglelevel, a
automated algorithm was implemented for buaettectionoccurring atthe clusterevel
and above This algorithm takes histogram of spike times from every cell in the
network as input, and determines whether the network activities exhibited can be
consideredas a networklevel burst or not. The maximum and minimum amplitofle
the histogram was calculatednd the diffeence between those values was parad
againsta thresholdAwrey. If the thresholdvas metat least twice throughout theon
transientsimulation time(e.g. at least two bursts 60 seconds)and if the amplitude of
the histogram remained <10% of timaximum amplitude fosomepre-definedminimum
amount of timgInterval,in), then the outpuivas defined as burst. The valuéor Aires
was chosen to be ,5and the value forand Intervahi, was chosen to b&50 msec
respectively Depending on the dege of population recruitmenthe defined burst can

be either a clustdevel or a networkevel phenomenon.The degree of population
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recruitment is defineds themedianof the percentage of neuron population that fires at
least once witin a single epsde of (cluster or network) rhythmic bursting activity
summarizedacross all burstdrom all 15 trials per simulation gtup (e.g. certain
pacemakr % compositiorcombined witha specifictype of pacemakemith a certain
connectivity scenari9. In addtion to the degree of population recruitment, another
feature of interest ishe period of bursting activitdefined as the time interval which

elapses between two episodes of activities.

5.3 Results

Investigating the parameter space: Pacemaker identification

Starting from a state of zero electrical activities, pacemaker neurons are those
neurons that respond to de@ating current injection with themergence of bursin
activities. Furthermore, ondhese pacemaker neurons are already exhibitingibgrst
activities, they continue to respond to additional depolarizing current injectih
bursting activities util spiking activities emerge and persist with further depolarization.
Non-pacemakers, on thether handare defined as neurons that resptndepolarizing
current by a direct transition from naativity to spiking.

Setting @ak at 33 nS and ka at -70mV, for each pair of (g, Gan), @
depolarizing current is injeetl into each model neuronWith ghap and @gan being
systematically &ried from 0 to 3nS with 0.1nS increment, a total of 34596e(31 e 36)
singlecell simulations were performed whetee magnitude of the depolarizing current
wasincreased from 0 to P& with 2pA incremenfor each pair of (g Gan). Based on
the response of a model neuron to depolarizing current injectienpatameter spais
divided into two parts; namely, the pacemaking region and thepacemaking region

(Figure 52).
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Panel G inFigure 52 illustrates theresults fromthis process ofdentifying
pacemakers in th@nap Gcan) Parameter spacelhe redsquaresndicate a (gup Gean) pair
that facilitdesthe emergence of bursting activities in responseettain magnitudeof
depolarizing current injectignwhere h e  “ t h rcerrert mdgrttide where the
transition from silenceo bursting occurs diérs for each(gnap Gcan) pair. The blue
squaresin comparisonrepresent thégnap, Gcan pairs where the electrical profigeof the
nonpacemakermodel neuros transition directly into spiking as the magnitude of
depolarizing current is increased.

Panel A through Cillustrate the electrical profiles of model neurons with values
of (Ghap Gcan) COrresponding the empkized parametgrair in Panel DFigure 52. The
bursting activities shown are those that first emevigk depolarizing current injean.

The (Gap Gan) Values specific to each panel are detailed in the figure caphisitan be

already seen from this figure, characteristically different bursting activities exist within

the parameter space.In the following suksection, he differemes in bursting
characteristics- such as brst shape and burst duratiera s we | | as the mod
response to depolarizati@me closely related to thdfferent mechanisms underlygrthe

rhythmic bursting activities

Mechanisms underlying bursting activities in different regions of the pacemaking
parameter space

As alluded to earlier, previous experiment results have demonstrated the existence
of two different types of pacemakers within the PBC region. The type of pacemakers that
responds to depaiaation with prominent period modulation was identified to bé-Cd
insensitive, as its bursting activities persist with the blockade of caldapandent
cationic current (b)) with Cd". These pacemakers have also been shown to be sensitive
to the blockde of persistersodium current (hy) with Riluzole and are alternatively

referred to asphrdependent pacemakers, e.g. NBister. On the other hand, those
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pacemakers whose bursting activities are sensitive t@@ulication have been shown to
be resstant toward Riluzole. These Gdensitive pacemakers are referred to as CAN
bursters in this work. Unlike NABursters, the electrical profiles of CADrsters show
very little period modification when injected with depolarizing current. In fact, CAN
bursters exhibit more prominent butkiration modulation when depolarized.

In addition to the classifications based on responses to depolarizing currgnt, Cd
or Riluzole, these two types of pacemakers have been shown to respond to serotonin
applicationdifferently. The increase in burdtiration observed in CAldursters is more
prominent than period modulation in response to serotonin application. Contrary to the
case with CANbursters, decreased buditration and period are observed in NAP

bursterswith serotonin application. Further analysis of the PBC model wdiimhlates
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Figure 5.2 Investigating the parameter space: Pacemaker Identification. Panel A
through C illustrate the bursting activity of model neuron from different corners of thegtaraspace as

the pacemaking property first emerges with depolarizing current injecBanel D shows the result from
pacemakingdentification within the parameter space where (gnap, gcan) = (0~3nS, 0~3nS). The red
portion represestthe sub parametespaceof pacemakers, and the blue portion represtrdt of non

pacemakers.
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both types of pacemakers as detailed below highlights the undemgalganisms for the
pacemakers’ distinctive responses to depol

Along the two ags of our parameter spacthe pacemaking properties tfe
model neurons depend entirely ga,(when gan= 0) or kan (When gap= 0). With this
sole dependency on eithefagor Gan for their pacemaking property, tmeodel neurons
alongthe axegprototypically demonstrate the peridteft portion of Panel A & B, Figure
5-3) or burstduration modulation{Panel C & D, Figure #) characteristicof the two
types of mcemakerge.g. CANbursters and NAMBursters)in response to depolarigjn
current injection Resultsfom bifurcation analysis otwo model neurons prototypical of
the CANburster and the NAP burstereaillustrated in Figure 8 and Figure 8l &
Figure 55 respetvely.

Figure 53 demonstrate the analysis results for thePMNburster (ga=3, Ga=0nS).
As illustrated in the left portion of Panel A & Bepolarizing current injectioleads to
faster bursting activity (reduced period) as well as a relatively less significant decrease in
burst duration. This phenomenon caa bxplained by examining the change in
bifurcation landscape as shown in the right portion of Panel A & B, Fig@te Ehe slow
bifurcation parameter herehswhich governs the inactivation gfj}in the model neuron.
With all else being equal, a ddpdzing current injectiorshifts the lower branch of the
steady state solution (black) to the left. Consequently, the region of hysteresis between
the steady state solution and the period solution (red) decreases, leading to significant

reduction burst @riod and less significant decrease in burst duration.
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Figure 5.3 The electrical profile and bifurcation landscape for a NAP-burster in

response to depolarizing current injection. The topleft portion of panel A shows the electrical
profile of a modelneuron(membrane voltage V, m\With (gnap gcan = (3, 0)nS and the bottonteft

portion shows the variation in the activatiofnl ,,, current(h, no unit) The right portion of panel A shows

the corresponding bifurcation landscape (red: periodic solutorown: unstablesteady state solution

black: stable steady state solutjprwith corresponding bursting trajectory imposed in gre&anel B

shows the same information from same model neuron, with the addition of a depolarizing current injection
of 10pA. The mechanism for prominent periotbdulation observed is illustratead the right portion of

Panel A & B.

Nortlinear bifurcationanalyss was also performed for theprototypical CAN
burster (a0, @¢a=3nS). In kgure 54, the top trace of Pah@ shows the membrane
voltage of the pacemakingCAN-burster withno current injection. The intracellular

calcium concentration- which is directly linked to the inward calciudependent

cationic current experimentally verified to be responsible for #oemaking property of
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a CAN-burster—is contributed by two sources in the modeling work presented here. The
first source is the fast inward calcium current, and the second one istréneellular
calcium release from the endoplasmic reticulum (ERptolled by [IR]. The
relationship between the membrane potential and the variations in the two concentrations
([Ca®] & [IP4]) of a CAN-burster is shown as the green trace in Panel B, FigdreThe
projection of this relationship (green) on to thg glane indicates a constant relationship
between [C&] and [IR;] (black) through the progression of the bursting activity.

Since the conventional role ofahis completely abolished in a prototypical CAN
burster the variationin [C&®"] (direct contributbn) and [IR;] (linked to [C&"], indirect
contribution) can be considered athe slow mechanissnresponsible forinducing
bursting activities.Furthermore, notfinear bifurcation analysis was conducted taking the
main slow mechanism, [&3 oscillation, & the bifurcation parameteiChanges in the
pacemaking properties of the CANirster as a result of serotonin application or
depolarizing curreninjection can be explained by examining the bifurcation landscape of
the prototypical CANourster.

For different values of [IF] within thebaseline oscillatory rangeniddle trace of
Panel A, Figure 8l), thebifurcation landsaperemains constapand simulation results
showed no modulations in burst duration ordbperiod(results not shown)When[IP3]
is elevated above its baseline level, simulating the effectsrofasen applicationthe
bifurcation landcape still remains identicaPénel C1C2 and D1D2 of Figure 54,
where[IP;] was fi xed .2utM 0 .e8 p)elbivaver,édedrease in brst
period and asignificant increase in burst duration waxbservedsince a drastically
elevated [IF] upsetghe original calcium uptakeslease ER mechanisms. As a result, the
amplitude of [C&] oscillation increases, allowing longer burst durateod a slightly
shorter burst periotb manifest (Panel C2 & D2 of Figure4y. Similar phenomena were
observedin previousexperiments investigating hothe electrical activities oCAN-

bursters can be modulated by the applicatiomarepinephringNE), which triggers
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overlapping if not identical dowstream seconchessenger pathways as 5KDoi and
Ramirez 2008; Doi et al. 2009; Feldman et al. 2005; Neverova et al. 2007; Viemari and
Ramirez 2006)

Further dissectioonf the bifurcationlandscapespecific to a CANbursterleads to
the conclusion that burst initiation and termination are caused Ilsgddlenode on
invariantcircle (SNIC) bifurcation structure completely different from that in the case of
NAP-burster. Due to this specific SNIC bifurcation structure, the shitih@steadystate
solution to the lef{Panel B & D, Figure %) as caused by depolarizing current allows
bursting activity to be initiated (green) at a lower level of’[Cé&anel D, Figure ).
This in turn leads to a prominergositive modulation in bursturation that is
characteristic of the CAMburster receiving a depolarizing current injection (Panel A,
Figure 55). The relationship between the amplitude of depolarizing current and the
minimum [C&*] for burst initiation is illustrated in Panel C, Figur&5

Previous experiment work has demonstratedespiratory related neurons (e.g.
PBC neuron, hypoglossal motoneuron) under serotonergic moduéasoppression of
leak current and agsitive influenceon intracellular [C4'] speculated to be mediated by
the IP3pathway As illustrated in Figure 8 through Figure B, the simulatedNAP-
burster respais to depoérizing current with decreasdslrst duration andlecreased
burst period. However, these effects are completely absent with any manipulations on
the IP3pathway as @, is set to zero. On the other hand, the burst period of the
simulated CANburster can only be modulated by an elevated)];[\Whereasits burst
duration can béncreased by both depolarizing current and an increasegld [#hce our
model accurately simulates the variety of responses elicitedtfrertwo types of PBC
pacemakersthe different mechanisms underlying pacemaking properties in the &AN
the NARDburster, as well as changes in their respective bifurcation landscape in response

to depolarizing current injection and/or elevated][{ifesented here provide an excellent
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substrate for further investigation of the serotonergic effects in the transverse sli

respiratory circuitry. This important point is further expounded upon in Chapter 7.
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Figure 5.4 The electrical profile and the typical bifurcation landscape for a CAN-

burster: simulated serotonergic modulation. From top to bottom,he three traceshown in

panel A are the membrane potentialV), the [IP3], and [Ca2+]traces(bothi n ) jofMy prototypical
CAN-burster with (gap gcan) = (3, 0). Panel B contains a portion of these three trances (highlighted by a
green box in Panel A) plotted in affdrent parameter spacghowing the variations in the two slow
processes [IP3] and [Ca2+]- in connection to a single burst of tlRAN-burster. Panel Tshows the
bifurcation landscap when [IP3] is fixed at 0.8iIM (green: bursting trajectory, red: pagic solution,
brown: unstable steady state solutibtack: stable steady state solutiorBanel DL shows the bifurcation
landscapavh en [ | P 3] iMs Pahdl @2e&dD2 aobm idto tRe rggioof interest in Panel C1 &

D1.
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Figure 5.5 Changes in the bifurcation landscape for a CAN-burster: depolarizing

current injection. (For Panel B & D, bursting trajectory is imposed in green. The color red indicates
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period solution and the color browr{unstableYlack (stable)indicates steady state satut) Panel A
illustrates thesignificant burst duration modulation as a result of depolarizing current injetaitom
portion). From top to bottom, the stimulus current is OpA and 20pA respectively. In comparison to Panel
C1 & C2 of Figure ®4, wherestimulus current is OpA, Panel B & D here illustrate the bifurcation
landscape when the stimulus current is 20pl.is important that the lowest [€3 supporting burst
initiation roughly equal s t & howes thidwale is leftBhiftedetd C1
roughly 0. 15uM i nPaflathshdws rBsult& frob tvdmmmeter bifurcation analysis,
showing how an increase in the amplitude defpolarizingstimulus current(x-axis) allows for burst

initiation at a lowetevel of [Ca®] ( u M)

Pacemaking mode identification: NAP-bursters vs. CAN-bursters

Summarizing the results presented so ifathe parameter space of interésig.
(Gecan Ghap) = (0~3 nS, 0~3 nS)xhe different underlying mechanisms for pacemaking
activities ina prototypical NARburster (go=0) as well as grototypical CAN-burster
(ghap=0) have been investigated usimgn-linear bifurcation analysis.The period and
burstduraton modulation observed iexperimens as well a®ur simdation studies can
be explaned by thedifference in thebifurcation landscape, along withangesn the
landscapdanduced by depolarizing current injectiortheseresults from analyzing the
prototypical NARburster and CAN irster can be applied to understanding the entire
paraméer spacen the sense that the combined effects@f & gcandetermine the degree
& type of modulation one observes when the model neuron is depolaripethis
subsection, wefurther categorize the (gp Gan) paraméer space into diffent
pacemakig modes, where depolarizing current injection causes characteristically
different modulations of the bursting activity of a single model neuron.

Figure 56 illustrates the results from this procesStarting froma hyperpolarized
state, a model neuron waystematically injected with a depolarizing cutresnging
from 0 to 70 pA (with2 pA increment). The period as well as burst duration for each
level of current injection is calilated. As the model neuron becemeore depolarized,

the period modulatin is calculated as (peri@ghoarized - PEri0Ghyperpolarized /
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periothyperpolarized aNd the burst duration (BD) modulation is calculated asydBRizedc
BDhyperpolarizeg / BDnyperpolarized  During this processf incrementaldepolarizing current
injection if the maximum observed period modulation between tm@emens in
injected current is more negative th&0%, the pacemaker is theategorizedis a NAPR
burster (Panel A, Figure-&). This categorizatiorof NAP-bursters corresposdo a
median burstduration modulation beingore negativeéhan-15% (Panel B Figure 56).
On the contrary, a pacemaker is categl as a CAMNourster if its burst duration
modulation ispositive. In some cases, the level of burst duration modulation reaching is
greder than 30% (Panel B, Figure ). This categorizationof CAN-bursters
correspondd®y a maximum period modulation 0% (Panel A, Figure 5).

In summary, he parameter spadkat renders the PBC neuron with pacemaking
properties characteristic 8fAP-bursters is highlighted iarangein Panel C, Figure-5.
On the other handheé red region indicate the region whergacemaking properties
characteristic oOCAN-bursters arebserved The parameter space for NABursters does
not overlap with the igion for CAN-bursters. Interestingly, when a subset of the
identified NARDbursters is projected onto theaxis (gap forcedto 0), these neurons do
not lose thé& pacemaking property bubhstead behave as CAbursters. On the other
hand, when the paranes space for CANbursters is projected onto theayis (ganforced
to 0), all CANbursterslose their pacemaking properties. These observations are
significant in the sense thahey suggest the,drdependent and cdrdependent
pacemaking properties eemot mutually exclusivee.g. both currents contribute to a

neuron’s bursting activities

Significance of pacemakers in a neural network: beyond single-cell level bursting
activities & population recruitment

Networklevel simulations consisting of rhythaailly activecells are not unique

to the area of respiratory rhythmogenedixamples of network level simulations can be
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found in the area of cardiac physiology, where the significance of various attributes of the
sinoatrial nodge.g. the SN node), theatural pacemaker of the heart, has been studied
(Chang et al. 2009; Protas et al. 2010h addition, pevious experimestas well as
computational research focusing on investigating physiological functions bedthy
neural network outputs have demonstrated numerous aestawhere networlevel
rhythmic activities can emerge in the absence of bursting activities at the isolated single
cell level (Kosmidis et al. 2004; Rain 2008) Networklevel rhythmic bursting
phenomenon in the absence of pacemakers, along with the observed low population
percentage of pacemakers ranging from 5% to 10% in naturally occurring neural
networks, have long been used as two of the most ammanguments against the
significance of pacemakers in neural signaliktbwever, our simulation resuksaswill

be presentedn this section Panel A &B from Figure 57 & Figure 58) — propose that

the presence of pacemakers, albait low percentagg5.8%), demonstrate higher
capability at inducing cluster level rhythmic behavior with greater level of population

recruitment within each burst.
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Figure 5.6 Different pacemaking modes within the parameter space: NAP-burster &

1.9 2.4 2.9

CAN-burster. Wwithin the mrameter space of (gnap, gcan) = (0~3, 0~3nS), Panel A shows the degree of
period modulation from depolarizing current injection. Panel B shows the degree of median burst duration
modulation in response to depolarizing current injection. Panel C shewsdhallresults of pacemaking
mode identification in the parameter spac€he lowerleft corner (bhcK in Panel C represents non

pacemakers. The uppgght corner (lbown) in the same panel represeptecemakingnodel neuras that
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showminimal periodmodulation& negativeburst duratiormodulation (not characteristic of CAblrsters)
in response to depolarizing current injectidinerefore, this region is characterized neither as the-CAN
bursters nor as the NABursters. The parameter space characed as NAFbursters is indicated in

orange, whereas the parameter space characterized ab@sters is indicated in red.

Two important conclusions can be derived by examining the top two panels in
Figure 57 & Figure 58. First of all, in comparisomwith simulation results based on
model networksconsistingonly of nonpacemakers, a pacemaker percentage as low as
5.8% is able to induce clust@vel bursting behaviowith certainty(probability = 1)
Secondly, especially in networks containing NBiders,the inclusionof pacemakers
even at a low percentagescruit more neurons within the network to fire at least once
within a single burstWhen the pacemaker percentageaised to 9.8%, the probably of
emergingbursting activitiestill equals tol; furthermore, populatiorecruitment reaches
as high as 4% within each single burstTherefore, even though a network containing
only nonpacenakers can at times indudmursts involving groups of neurons in the
network the presence of pacemakers witla neural network cafurther contribute

positively tooverall networkievel rhythmogenesis.

Emergence of network-level rhythmic activity: NAP-bursters networks vs. CAN-
bursters networks

After identifying the (@ap Gcany pairs which render the model mens with
electrical profiles characteristic of either the *@usensitive (NAPburster) or C&

sensitive (CANburster) pacemakers, the netwdekel studies simulating the PBC
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Figure 5.7 Simulating the PBC region, all-to-all connectivity: effects of different

percentages of CAN- or NAP-bursters. In this set of simulations, the model neurons are
interconnected with alio-all synaptic projections. he xaxis shows the varying percentages of
pacemaking CAN (indicatedin red with hollowed diamond markey or NAP-bursters(indicatedin blue

with asterisk markej included in the simulated network.afel Ashows the probability of either cluster

level (population recruitment < 80%9r networklevel (population recruitment >= 80%jursting activities

in thenetwork. Defining the population recruitment as the median number of neurons that fire at least once
in all burst identifiedPanel B shows the degree of population recruitment for each type & percentage of
pacemakers included in the networlRanel C1 &C2 shows the variation of burst period versus the
percentage o€AN-pacemaker& NAP-pacemakergicluded in the networkespectively.
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Figure 5.8 Simulating the PBC region, sparse connectivity: effects of different

percentages of CAN- or NAP-bursters. In this set of simulations, the model neurons are
interconnected withsparse (10%)synaptic projectionse.g. on average, each model neuron receives
synaptic inputs from 5 neurons and project to 5 neunorthe network The xaxis shows the varying
perentages of pacemaking CANindicatedin red with hollowed diamond marksy or NAP-bursters
(indicatedin bluewith asterisk markej included in the simulated network. Panel A shows the probability

of either clustetevel or networklevel bursting activies in the network. Panel B shows the degree of
population recruitment for each type & percentage of pacemakers included in the network. Panel C1 & C2
shows the variation of burst period versus the percentag€Ad-pacemakers& NAP-pacemakers

includedin the networkespectively

region were accomplished bgonstructing a series ofl&ell networkswhere varying

percentagesf pacemakers- either NAP-burstes or CAN-burster— are connectedwith
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nonpacemakers with atb-all or sparsesynapticconnectons. The results from these
simulaticns were summarized Figure 57 and Figure 58.

As introduced in the previous section, Panel A from both Figtdend Figure 5
8 present the probability of netwal&vel rhythmic burst activity versus the percertad
pacemakers included in the network. Panel B from both figures illustrate the population
recruitment level observed within a single bursPanelsCl & C2 in Figure 57
summarizethe range of burst period observed versus the percentage of pacemakers
observed in networksvith all-to-all synaptic connectionsonsisting of either NAP
bursters & nofpacemakers, or CAlRursters & norfpacemakers.Similar information
from networks with spars@.0%) synaptic connections was shown in Panels C1 & C2 in
Figure 58.

Immediately, a conclusiocan be drawn frorRanel A & B from Figure &. The
probability ofbursting activitiesnvolving multiple neurongmergence reachesa$ soon
as the pacemaker percentage reaches.5.Bésthermore, population recruitment déév
increases Wit higher pacemaker percentages. The qualification of netlsoek
bursting activity (80% puoulation recruitmentjiefined in the Methods sectiom satisfied
when the pacemaker percentage reaches rpugtho. As the pacemaker percentage
continues to increasehé population recruitment leveicreases, andeachescomplete
recruitmentwhen thepacemakers included in the netwodaches 45% and 68% for
NAP-bursters networks and CAbursters network respectively This observation
impliesthat NAP-bursters have higher caphty at recruitingnetwork neurons.

Another feature of the clusteor networklevel bursting activities, e.gh¢ range
of burstingperiodthat can be msibly generated by theetwork,also exhibis interesting
variablity in relation tothe type of pacemakers included in the netw@#nel C1 & C2,
Figure 57). As shown in Panel C1 of Figure/s the median period observed in CAN
bursters networks remain approximately the same when different percentages of

pacemakerare included in the network; where as in the NARsters networks, a wide
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range of median burst period was observédle f i ni ng t he out put
variety of network burst activities observed, these two observations in network burst
period in NAP-bursters networks and CAbursters networks indicate that the NAP
bursters networks possess a leiglevel of output robustnes#&nother set of simulations
(results not showrwere also conductethere theeffects ofvarying levels of toniand
synaptic excitationswere investigated. In these simulations, temeralrelationship
between pacemaker percentagel the behavior bthe network remains the sanmeith
higherlevel of synaptic excitations supporting more netwleskel bursting activities ah
higher population recruitment for each percentage of pacemakers included in the network
In Figure 58, where simulation results from networks with sparse synaptic
connections were presented, one can see that condugimttatively identical tdhe
results from networks with atb-all connections an be derived. As the percentage of
pacemakers inaded in the network increasdsjrsting activitiedbeyond the singleell
level emerge with certainty, and the population recruitment level within aesimgist
increases.In addition, the range of burst period observed in MARsters network istill
wider than that bserved in CANbursters network, indatinghigher output robustness in
the NARbursters networksThe conclusions relevant to -adl-all NAP-bursters network

gualitatively reproducethose derived from previousmodeling researchbased on a

different PBC modgiresented by Purvis et al. 2007

5.4 Summary

A new PBC model built upon our previoustieveloped PBC neuron model
describedn Purviset al. 2007is introduced in this chapterThis new model is able to
simulate two types of pacemaking activiti¢s.g. CANbursters & NAPbursters)
experimentally identified in multiple publicatiorfBena et al. 24; ThobyBrisson and
Ramirez 2001) Different bifurcation structures underlying the two pacemaking modes

are also identified in this chapteNetworklevel simulatims investigating howdifferent
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percentages of different types of pacemakeétkin a smulated PBC region, in addition
to different interneurorconnectivity can influence ovall networklevel phenomena
The results support the significance of pacemakers, albeit at low percentages aillynatur
occurring neural networks. In fact, the imglon of pacemakers results in an immediate
increase in the probability of multieuron bursting activities to 1 as well as a higher
degree of population recruitment.Lastly, except fora reduced output robustness
observed inthe NAP-bursters networkspetworks with sparseconnectivity produce
gualitativelyidenticalresults withnetworks withall-to-all connectivity.

The completion of this project where different types of pacemaking modes are
examined at both the singtell level and the network levelstablishes a simulation
platform for investigating how modulatory agents commonly present in the transverse
slice (e.g. serotonin, SP) can affect neuronal activities at multiple structural levels. This

proposition is described in more details in Chapter
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6. HYPOGLOSSAL MOTONEURON: NEUROMODULATORY
EFFECTS VIA THE ACTIVATION OF SECOND-MESSENGER

PATHWAYS*

6.1 Abstract

Respiratorynotoneuronsuch as Hypoglossal Motoneurons (HM#$ not directly
involved in respiratory rhythmogenesis; however, their disgh pattern is an important
determinant for alveolar ventilation through convolving with respiratory mechanics.
Changes in respiratory motoneuron excitabiétg functionally important afilure to
regulate this aspect calead to pathological conditis (Feldman et al. 2005)
Specifically, the excitability of HM is subject to modulation by numerous factors
including serotonin (5HT), TRH, norepinephrine (NE), substance P (SP), pH level, as
well as multiple protein kinasesd phosphatases.

Relevant to the scope of the reseapriesentedn this document respiratory
motoneurons receive tonic serotonergic moduet directly from medullary Rphé
neurons,and excitatory innervationsthrough the premotoneurongSection 21). The
serotonergic modulation mediated by a myriad of intracelsiigmaling pathways is of
special interest, since prelinsiry experiments in this area hashown that such
mechanism plays an important role hetlongterm plasticity of HM(Neverova et al.
2007; Tadjalli and Peev). In this chapter, we present results fronpr@liminary study
focusing on constructing a negeneration HM model incorporagna part of the
complexsecond messenger pathwalmvnstream of serotonergic modulatiomown to

be significant in the regui@an of intracellular calcium dynamicsThe model facilitate

* The preliminary work presented in this chaghas been published in the form of a pesiiewed book
chapter, Computational model of TASK channels and RPg&hway dependent serotonergic modulatory
effects in respiratoryelated neurons Adv Exp Med Biol. 2008;605:388. The author of this documen

is independently responsible for the work presented here.
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the investigation of how neuromodulatory factors such as 5HT and pH can affect HM

activities and serves as a basis for furtserdy in the ar@of long-term plasticity.

6.2 Methods & Results

The serotonergic modulation of calcitsignaling is mediated by two subtypes of
5-HT receptors, namely, thel$T;4 and the BHT, receptorgBayliss et al. 1997) Both
receptor subtypes are abundant in neonatal HM and thataan of each contributes
differentially to the regulation of intracellular calcium profile. Activation eH®B;a
reduces current flow through-Nand P/Gtype calcium channels and consequently
inhibits afterhyperpolarization (AHP) caused by calckadivated potassium current
(Ladewig et al. 2004) On the other hand, the activation ef%, receptors affectbasal
intracellular calcium corentration and has generally been linked to the PKhway
leading to ckium release fsm intracellular storesF{gure 6-1). The PKCpathway
involves phospholipase C (PL@)ediated production of inositol triphosphatesflEhat
leads to calcium release from intracellular stores and diacylglyceral (DAG) activation of
proteinkinase C leading to phosphorylation and dephosphorylation of membrane proteins.

Neurotransmitteinduced enhancement of excitability can be mediated by
inhibition of a resting K+ current. TASK channels, TASK3 channels, as well as their
heterodimers prade prominent leak K+ currents and are targets for neurotransmitter
modulation in HMs(Berg et al. 2004) These pkesensitive K+ channels can be fully
inhibited by 5HT, NE, SP among other neuromodulators and causpolarization
(Talley et al. 200Q) Furthermore, it has been shown that® induced depolarizing
current has a ptdensitive component mediated by the TASK channels

In the present work, we introduce a compuwtadil HM model that includes TASK
channel conductance as well as cellular mechanisms for the protein kinase C (PKC)

pathway that allow for neuromodulatory effect BiAS.
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Figure 6.1 Schematic representation of our working modified HM model.

Our working model qualitatively reproduces features of serotonédiated
effects on HM excitability. These features include increased membrane excitability,
decreased AHP aniplide, elevated basal intracellular calcium concentration®{[fa
and depressed [€% oscillation amplitude.We started with the HM model of Purvis and
Butera 2005.The total TASkchannel caductance of 3.5 nS was adopted from Talley et
al. 2000. As proposed in Talley et al 2000, TASK channels are considered to be fully
inhibited with the application of 8HT. The mechnisms through which-5T receptor
activation modulates [G§; can be represented by a set of three sanetius differential
equationgCuthbertson and Chay 1991)

d[G-GTPJ/dt = g—hgRudG-GTP] (1)

where Ry is the fiaction of activated PKC.

d[DAG]/dt = kqRp-hg*[DAG] + 1 4 (2)
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where B ¢ is the fraction of activated PLC.

d[C&]i/dt = Rps - h[C&®']; + I (3)

The preliminary results from our working model are illustrate&igure 62 and
two scenarios were imgtigated. Scenario one consideredT modulatory effect on
intracellular calcium dynamics and consequently membrane electrodynamessitsR
from scenario one are illustratedpanel A1 and A2 of Figuré-2. The second scenario
consides the effectof 5-HT on both calcium dynamics and TASKannel conductance.
The resulting intracellular calcium concentration profile andesponding membrane
potential trace are illustrated in panel B1 and B2. Actionnpale were evoked via a
600-ms current pude of 1 nA. Bath application ofBT (25 uM) was simulated for 200
ms and is signified by the haontal baiin Figure 62.

The simulation results indicate thatHa application results in reduced AHP
amplitude and consequently a higher AP firing frequeragufe 6-2, PanelAl). The
correspondng intracellular calcium profile (Figure6-2. A2) demonstrate -BIT
modulatory effects characterized by an elevated bigafl]; and smaller oscillation

amplitude. The smaller oscillation amplitude is caused by calcium induced calcium
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Figure 6.2 Simulating the serotonergic modulatory effects in HM. Panel A1 & A2,

simulation results from considering only the modulatory effects mediated by thep&K®@ay. Panel B1

& B2, simulation results from considering modulatory effects mediated by both thep@k®ay and the
TASK channels. In both simulation scenarios, simulated membrane potential is shown in Panel Al & B1;
whereas corresponding intracellular calcium dynamics is shown in Panel A2 &TBR2. readers are
encouraged to refer to Appendix B ftire results froman improved version of this model, as well as

Ladewig et al. 2004or the experiment results serving as the benchmark for this study.

release from the endoplasmic reticul(@icadewig et al. 2003) Whenthe inhibition of 5

HT on TASK-channel condetance is taken into consideration, the simulation results
illustrate higher membrane excitability signified by accelerated AP firing frequency while
the [Ca®"]; profile remains nchanged from scenario onEigure 62, Panel B1 &B2).

The gradual increase in AP firing frequency can be attributed trraabe in the fast

transient potassium curreng (results not shown).

6.3 Research Significance
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Respiratoy motoneuronal excitability issubject to modulatio by several
transmiters. Some of these modulatory effects, such as those mediateti yabe
highly correlated with sleewake states and rhythmic motor activiti€surillo-
Rodriguez et al. 2009)Activation of 5HT receptors habeen traditionally linked to the
activation of PKC pathwa The PKC pathway can also be activated by mGluRs, which
are also abundantlyxpressed in HMs. It has been proved that the PKC pathway is
crucial to the induction ofvLTF in motoneurons and has a significant impact on
intracellular calcium ghamics. The second feature of the PKC pathway renders more
investigation because intracellular calcium dynamics have been linked to several
physiological and pathphysiological state¢Feldman et al. 2005) The disruption of
calcium signaling can have detrimentéleets especially in neurons such kbls that
have lav calciumbuffering capacity(Lips and Keller 1999) In addition to peptidergic
and serotonergic modulations, HMs are also subject to modulation by pH values.
Variations in pH values are assated with physiological states such as hypoxia. The
pH-sensitivity in HM is mediated by TASK channels, which are bited in acidic
condition and activated in alkaline condition. Eaiiin caused by TASKhannel
inhibition can also be with-BIT andoccur in be paallel with the activation of PKC
pathway(Talley et al. 2000)

Our new HM model qualitatively reproduces observations of hoWT5
application can alter membrane electrodynamics both directly byiithibng a
conductance (TASK) and indirectly through the PKathway ([C&];). This new HM
model serves as a first step to modeling how neuromodulators affect resprieteatey
motoneuronadctivity either directly or via intracellular signalingthevay at a single cell
level. Our next step is to modify this preliminary model so thatatteelerated action
potential firing frequencywith 5-HT application falls within physiological range.
Current implementation of the PK@athway can also be impred via differentiating

effects mediated by different receptor subtypes. Additional sec@sdenger pathway
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mediated by other protein kinases suclpmagein kinase ARKA) andprotein kinase G
(PKG) can also be implemented for further investigation of leach pathwayféects

HM membrane electrdynamicssuch concept isutlined in further details in Chapter 7.
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7. SUMMARY & FUTURE DIRECTION

7.1 Summary of work & limitations

The work presented in this document che collectively considered aa
preliminary treatment tinvestigating emergemtetwork properties at different levels of
networks existing in the transverse o# preparation Starting from the level of
intracellular networks exemplified by seconemessenger pathways diating
neuromodulatorffects,and progressively moving toward higher structural levels, these
networks include the network @f single nucleus (e.g. the PBC nucleus) consisting of
identical neurons and the network of nudech as the transverse slice respiratory neural
circuitry (e.g. the Raphé region, the PBC nucleuShe constructiorand integratiorof
the pathway model shown to beboth significantin intracellular calcium metabolism
and crucial for mediating neuromodulatory effeetsito previoussingle neuron modsl
facilitate the investigatons of how exogenous factors such as 5E8n modulatesingle
cell activities(Chapter 5 & Chapter 6) Even though the complexity of theathway
model presenteds drastically reduced from other published pathway mo(@salla
2002; 2003) and studies presented in the document were conduttemblation (e.g.
without consider interactions with other pathwayd)e model has allowedor the
gualitative reproductiorof experiment observatienand facilitated some preliminary
networklevel simulation work. In one of the ensuing subections, the author of this
documentpropose how considering interacte pathway models might allow future
researcherdo understand lonterm plastic phenomenodependent on both stimulus
pattern and strength.

Beyond thdevel ofintracellular pathway and tHevel of single neurarstudiesat
the level ofsimulated PBC region with thenproved single PBC model neuron, as well

as with the MorrisLecar model neuro, have also been presented in this document

93



Based onthe results fromthese studiesit has beenshown that regardless of the
mechanisms underlying the pacemaking properties in individual PBC neg@bapter

5), a secial network structure called smalbrld can facilitate networkevel rhythmic
activities (Chapter 3) The interneuron coupling types and strengths, on the other hand,
can interact and induce unexpected netweviel phenomena at a time scale orders of
magnitude larger than that of theupdings (Chapter 4) While theresultspresentedare
consistentwith experiment observationand other modeling worksthe altto-all
connectivity adopted imostof the network setups is unrealistic. It is the belief of the
author of this documenhat more n-depth knowledgecan bederived with network
simulationsadopting a smalvorld network topology where synaptarojectionsand
gapjunctional couplings are assigned in a spatially relevant wayotHer wordsfor
future studes, thenetwork conectivity can be mafied such thatlusters of neuronm

the smalworld are interconnected with synapses and gap junctiwhge inter-cluster

long-range connections are achieved by synaptic projections only.

Table 7.1 Major limitations of the work presented in this document.

Major limitations of the work presented in this document

1. With improved computation

technology, results can be refine
using networks with PBC model

neurons

Chapter 3- Network Topology 2. The difference between clustere

and longrange projections should
also be expressed in the inter

neuron connection strengthnd/or

types

1. All-to-all connectivity is unrealistic
insights derived from Chapter 3
were not incorporated
2. Insufficient experiment datan the
strengtls of gapjunctional
couplings in the PBC region

Chapter 4- Inter-neuron interactions

1. Simplified seconemessenger

Chapter 5- CAN-burster & NARburster
pathway
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2. Secondmessenger pathway
considered in isolation
3. Calcium buffering mechanism
unaccounted for
4. Formulation of the @term
included in the model needs to b
refined based on more experime
data

1. Simplified seconemessenger
pathway
2. Secondmessenger pathway
considered in isolation
3. Calcium buffering mechanism
unaccounted for
4. Does not accourior agedependent
differences in the electrical
activities ofHM observed in
experiments

Chapter 6- Hypoglossal Motoneuron

7.2 Proposed future studies

Using what havébeenacomplishedin this documentas basisseveralpossible
future investigations in the area of respiratory neurattd and rhythmogenesis are

describedn this section

Pathway mediated long-term plasticity in Hypoglossal Motoneuron

There are two types of lortgrm plasticity of interest observed in HMs,vitro
long-term facilitation (ivLTF) andn vivo long-term facilitation (LTF). In the case of
ivVLTF, the plasticity ismeasured asctivity-dependent postsynaptic enhancement of
AMPA receptor function; whereas LTF iseasured aan increase in respiratory motor
output after episodic exposures to hypoxia. Batkivo andin vitro respiratory long
term facilitation require mechanisms depending on intermjttauit not continous, 5-
HT, receptor activation, and has been suggested that these dasgng changes in the
excitability involve PKC activation via the &PLC sigialing pathway downstream of

serotonin receptor activatigireldman et al. 2005)
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CAMKII-pathway <—— [Ca?*] DAG

PKC-pathway —— AC

J

PKA-pathway

Figure 7.1 The interactions among different intracellular pathways. The PKC-

pathway is not isolated in the intracellular space. The upstream contributor, [Ca2+], affects
the CAMKII-pathway, and th protein kinase C itself interacts with AC and influence the fpkthway
indirectly.

The PKC pathway is not isolated in the intracellular sg&tella 2002; 2003)
In fact, the PKC pathway can interact with BI€A pathway via Adenylate Cyclase (AC),
and the CAMKII pathway via intracellular calcium concentratiigure 71). The PKA
pathway and the CAMKII pathway have long been the focus of intarebiei aea of
neuroscience investigating the late laegm tentiation (lateL TP) phenomenon in the
CA1 region ofhippocampugSmolen et al. 2006) Previous experiment andnodeling
studies combined with experiments identifying gérscription factors have allowed
for investigations of hownultiple kinase activitiexan converge and industimulus
pattern dependemiastiaty which occus ata much slower timscale(Bejar et al. 2002;

Bhalla 2002; Hayer and Bhalla 2005; Mayford)Z Smolen et al. 2006 By combining
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theseresults from the modiag and experiment studies areas other than respiratory
neural contrqgl further advances can be made to elucidades intracellular pathways
facilitate long-term plasticity inHMs. An HM model simulating stimuli pattermn
dependent LTF byncorporating interacting secomdessenger pathwaysid a calcium
diffusion mechanismbetween intracellular compartmeritas been constructed blyet
author of this documentA conceptual desigmore detiledthanthat presented iRigure
7-1 as well asthe simulationresults were presented in SFN 200®ppendix C).

However, theeresults are preliminany natureandarenot presented in this document.

PBC membrane voltage

5 sec After reciprocal coupling, might have some
form of period modulation in the PBC

Raphe membrane voltage membrane voltage (results not shown).

5 sec

Figure 7.2 Significance of the serotonergic modulation from Raphé neuron: a

preliminary study. Part of this proposethodeling workhas been accomplishéy the author of this

document (results not shownyhere the reciprocal connection between a model Raphé neuron and a PBC
model neuron (prototypica AN-burster, see Chapter 5) results in a significantly modulated burst period.
Recall from Chapter 5 that, contrary to that of a NARster,the burst period of a prototypical CAN
burster is resistant to depolarizing current injection.

Simulated Raphé modulatory effects in the CAN- & NAP-bursters

In addition to networkevel studies presented in Chapter 5, where different types
of pacemaking modes are examined separately at the network level, the author of this
document has also independently completed other relevant projects in early 2009
(results not shown). The first project focuses on the effects of mixing different
percentages of CAfursters and NAPursters in a single network (e.g. a mixmdsters

network), and the second investigates tHeot$ of different network topologies (e.qg.
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regular, SW, and random) in CAblrsters, NAFbursters, or mixedburstersnetworks.
Based on these studies, it can be concluded that in maeemakers networks, netwerk
level activities quickly converge to tke typical of a CANoursters network presented in
Chapter 5as soon as the percentage of CBNsters is increased beyond 20% regardless
of the topologies

This observation is especially interesting singe,addition to the differential
changes in burstepiod and burst duratiom response to depolaation observed in
CAN-bursters and NAPursters respectivelyexperimerdl results have also shown that
the pacemakingctivities of CAN-bursters ad NAP-bursters are modaied differently
by serotonin. To facilitate future efforts in investigating the interactions between the
PBC region andhe Raphé nucleuéRN), a Raphé model neuronsimulating all the
characteristics of typicaRaphéspiking activitieswas constructetby the author of this
document (Figuwe 7-2). Since the new PBC model neuron presented in Chapter 5
includes mechanisms capable of simulating neuromodulatory effeciatracellular
[C&®"] and[IP3] via G-protein coupled receptorgeciprocally couplingt with the Raphé
mode neuron provides model system for investigations the paireetell levelthat can
be further extended into investigations on the relationship between the RNeaR8C

region. Figure7-2 illustrates the concept for this proposed study

Modeling the Transverse-Slice Respiratory Neural Circuitry

The goal ofthis proposeduture study is to develop a neg¢éneration transverse
slice model that incorporates the current knowledgiheslice-level architecturavith 5
neural populations: tonically firing neurons, Raphé raes, PBC neurons, pre
motoneurons (preMNs), and HMSimulated networksontainingimproved versiosof
the singlecell models withmore comprehensiveecondmessenger pathways than those
presented in Chapter 5 & @& this documentan be utilized in corstructingthe entire

transverse slice modelWhile the inter-nuclei interactionshouldreflect the schematics
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anatomically derived aslustrated in Figure 2, the intranucleus connections should
base ortheresults from thenvestigations of themallworld topologypresented in this
document as wellasthose fromfuture investigations on the effects pifiysiologically
and spatially relevanmtetworkconnectivityset up

Theincorporation ofinteractingsecondmessengepathway at the single neuron
level leads t@ transverse sliaespiratory circuitry modelhich puts the investigation of
neuranodulation into a larger contextThis new frame work will facilitate #depth
understanding on how the respiratory neural control signalsthismespirdory circuitry
can be affected bmultiple factors to result in interesting neural plasticity that is crucial

for respiratory homeostasis, especialtyen the organism is in distre@sg. hypoxia).
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APPENDIX A

The IP3-ER-Ca®" mechanism

With V representigp the membrane voltage af@a’’] representing calcium
concentration in the intracellular spadee P3-ER-C&* mechanisms included in the new
generation PBC model neuron consists of the following equations:

diC&]/dt = ?PBX [ €a{(IBRERIEXTow)

d[IP3] / dt = Gq(t, V) + P([C&T]) — D([IP3])

dw / dt = (Win - W) / Tw([C&])
where

B([Ca?"]) = 1/{tau *[1 + Kcyt*Beyt/((Keyt+[Ca ) 2)]}

JER, = c1*(v1*(w*[Ca*] / (d5 + [Ca?']))"3 + v2)*([Ca*"|er — [CATT]) - K* I,

JER = v3*([Ca&12) I (k372 + [C&"2)

[Ca’*]er = Caldum concentration in the ER 2.0 [C&®'])/0.185

I = fast inward calcium currestgt*mt*ht*(V -Ecy)

where

mtinf = (1+ exp((Vm+38)/5))* 1

taumt = 2+ 5/ (exp((V+28)/ 25) + exp((V+28)/ 70))
htinf = (1+ exp((V+70.1)7))"1

tauht = 1+ 20/ (exp((V+70)/65)+ exp((V+70)/65))

dmt /dt = (mtinfmt) / taumt
dht / dt = (htinfht) / tauht

and

P([C&Y) = v6*[Ca?"] / (k6 + [C&]); D([IP3]) = V7*[IP4]
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Wint = [IPg*d2 / (IPs] + dd® ) [CE]) ( a
TW([Ca"]) = 1/ (a2*(a*d2 + [C&™]))
where
a=1/((1+Kcyt*Beyt) / ((Keyt + [CaZ'])"2))
Furthermore, adetailed in Section 5.2

JEXTou =1/ (1+exp((V+40) -5))e 0 . 2 6 &"2) [ (T [Ca’']"2)

The following table shos/the parameter values used in the formulation

Table A.1 Parameter values for the IP3-ER-Ca?* mechanism.

Parameter Name Parameter Value
gt 1nS
vl 6.5
v2 0.066
v3 0.9
V6 0.24
V7 0.1
cO 2
cl 0.185
c2 0.19
dl 0.13
d2 1.05
d3 0.943
d5 0.0823
a2 0.2

Beyt 150
Kcan 0.8
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Keyt 1.5
K 0.0005uM/pA
k3 0.1
k6 0.25
tau 0.01 msec
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APPENDIX B

The PBC neuron model, Purvis et al. 2007 & Butera et al. 1999

The following equations for thi@ur currents included in the original PBC neuron

model whereadopted from the appendix from Purvis et al. 2007.
(Sodium current)ph= gha* Me: * (1-n) * (V — Eng)
Ne = 1/(1+expf(V+29)/4)),1,= 10,
(Delayed rectifier current) = g * n** (V —Ex)
N = 1/(1+expf(V+29)/4)),1, = 10;
(Persistent sodium currg@fifap= Gnhap* Me * h * (V —Eny)
M = 1/(1+exp{(V+45.1)/5))
ho= 1/(1+exp((V+53)/6))1n, = 10000

(Leak current)ieak= Geak* (V — Eiear)

The hypoglossal motoneuron (HM) model, Purvis et al. 2005

The following equationgor the ten currents includein theoriginal HM model
were adopted from the appendix from Purvis et al. 2005.
(Sodium current)na= tha* M3** h * (V — Eqo);

M., = 1/(1+expf(V+36)/8.5)),Tn = 0.1;

ho= 1/(1+exp(V+44.1)/7)),tn = 3.5/(exp((V+35)/4) + exp(V+35)/25)) + 1
(Persisent sodium currenthap= Ghap* Mnap™* Nnap* (V — Eng);

Mapeo = L/(1+expf(V+ 4 7 . 1 )mha® 0.1 ) , T

Mape=1( 1+ € x p ( ( V®150; / 5) , 1
(Delayed rectifier currentk = g * n** (V = Ey);

N = 1/(1+expf(V+30)/25), 1, = 2.5/(exp((V+30)/40) expf(V+30)/50)) + 0.01

(Leak current)icak= geak* (V — Eieay)
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(Low-voltage activated calcium curremgFr g * m¢* hy* (V — Ecy)
Meoo = 1/(1+exp€(V+38)/5), Tmt = 5/(exp((V+28)/25) + exp(V+28)/70)) + 2;
ht-.o = 1/(1+exp((V+70.1)/7)th = 20/(exp((V+70)/65) + exp(V+70)/65)) + 1;
(High-voltage activated current) ¥ g, * m,* hy,* (V —Ecy)
My = 1/(1+expf{(V+30)/6)), Tmn = 5;
hho= 1/ (1+expmE2B+70)/3)), 1
(High-voltage activated current) + g, * my * (V —Ecy)
Mp-eo = 1/(1+exp(-(V+17)/3), Tmp = 10;
(Calciumdependent potassium currenf) g * z¢ * (V — E)
Zsk = 1/(1+(0.003/[C&])?), Tk = 1;
(Fast transient potassium currentylg,* ma* hy* (V — Ey)
Mao = 1/(1+expf(V+27)/6)), Tma= 1/(exp((V+40)/5) + exp(V+74)/7.5)) +0.37;
Naw = 1/(1+exp((V+80)/11))Tha = 20;
(Hyperpolarizatioractivated currentyl= g, * mp * (V — Eyp)
Mh- = 1/(1+exp((V+79.8)/5.3)),
Tmh = 475/(exp((V+70)/11) + exp(V+70)/11)) + 50
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APPENDIX C

del — poster from SFN 2009
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