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Abstract

Breathing is a rhythmic motor behavior that regulates the exchange of blood gases.
The preBotzinger Complex (preBotC) generates the inspiratory rhythm. preBotC
rhythm is an emergent network property where synaptic connectivity and intrinsic
neuronal properties play critical roles. Network synchronization in each breath cycle is
necessary for preBotC rhythmogenesis. preBotC Type-1 neurons are putatively
rhythmogenic. They synchronize with initial low-level activity due to convergent-
coincident inputs from their pre-synaptic partners. However, we still lack an
understanding of how preBotC Type-1 neurons can act as coincident detectors since
the Type-1 neurons are considered integrators.

In this study, | developed experimentally constrained and validated models of preBotC
Type-1 neurons to understand their physiology and computations. | constructed
biophysical models of Type-1 neurons through a stochastic search spanning 24 model
parameters and screened them for nine physiological measurements to ensure they
were within their experimentally reported bounds.

Of over two lakh models, 135 models qualified as physiologically valid. We observed
that degenerate interaction among model parameters gave rise to robust Type-1
phenotype and underlies their heterogeneity. Type-1 models exhibited a strong
correlation between the A-type K + channel and the sodium persistent channel
properties. Published single-cell (patch-sequencing) transcriptomics data validate this
model prediction. Spike-triggered averaged currents of valid models revealed they
span the entire spectrum of encoding regimes from integrators to coincidence
detectors. We postulate that the heterogeneity in physiological and encoding
characteristics of Type-1 neurons is crucial for the resilience and robustness of
preBotC dynamics and breathing.



Synopsis

Breathing is a rhythmic motor behavior that regulates the exchange of blood gases in
mammals and requires the coordinated activity of several muscles. These muscles
are controlled by an intricate system of interconnected neural circuits, the breathing
central pattern generator (bCPG) located in the brainstem. The preBotzinger Complex
(preBotC) is the kernel of bCPG that generates the inspiratory rhythm. preBotC rhythm
is an emergent network property where synaptic connectivity, network topology, and
intrinsic neuronal properties play critical roles. However, existing preBotC models are
based on pacemaker-like neurons and do not capture these emergent properties. The
pacemaker-like currents are not necessary for preBotC rhythmogenesis as the rhythm
persists when they are pharmacologically blocked. Recent studies revealed network
synchronization in each breath cycle is necessary for preBotC rhythmogenesis.
Further, electrophysiologically classified preBotC Type-1 neurons are putatively
rhythmogenic and form the rhythmogenic kernel. These neurons fire sparsely in the
inter-breath interval, but during the pre-inspiratory period, they start to synchronize,
and activity builds up in the network. This pre-inspiratory activity transforms into an
inspiratory burst. This transition from sparse firing to synchrony is the hallmark of
Type-1 inspiratory neurons.

Type-1 neurons can synchronize with initial low-level activity due to convergent-
coincident inputs from their pre-synaptic partners, which enable the recruitment of
more neurons as the cycle progresses. However, we still lack an understanding of how
preBotC Type-1 neurons can act as coincident detectors and participate in
synchronization, given that, classically, Type-1 neurons are considered integrators.
Since preBo6tC rhythm is an emergent network property, we must analyze interactions
between intrinsic neuronal properties and synaptic connectivity to understand the
mechanistic underpinnings of rhythm generation.
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In this study, | developed experimentally constrained and validated models of preBotC
Type-1 neurons to understand their physiology and computations. | constructed
biophysical models of Type-1 neurons through a stochastic search spanning 24 model
parameters related to voltage-gated ion channel properties, geometry, and passive
electrical properties. These models were screened for nine physiological
measurements of sub- and supra-threshold excitability to ensure they fell within their
experimentally reported ranges. This strategy ensured we span a large parametric

range without being biased towards hand-tuned models.

| simulated over two lakh models to search parametric combinations that give rise to
preBotC Type-1 neurons. We found 135 models with physiological measurements
within the experimental bounds and, thus, qualified as valid. These valid models
captured the experimentally observed heterogeneity in preBotC Type-1 neurons. Most
measurements were weakly correlated. Most model parameters were also weakly
correlated, and most pairwise correlations between model parameters and
measurements were also weak. When there was a correlation, one-to-many, and
many-to-one correlation between the model parameters and measurements.
Together, these findings suggest that degenerate interaction among model
parameters gives rise to robust Type-1 phenotype in preBotC neurons and underlies

their heterogeneity.

In the valid Type-1 neuronal models, we observed a strong correlation between the A-
type K* channel and the sodium persistent channel properties. Thus, an important
prediction from this study is that the A-type K+ channel and the sodium persistent
channel must be correlated for the expression of the Type-1 physiological phenotype.
This prediction is validated by the single-cell transcriptomics data available in the

literature.

Having analyzed physiological determinants of preBotC Type-1 neurons, | explored
their computational properties by computing spike-triggered averaged currents. We
discovered that the preBotC Type-1 neurons span the entire spectrum of encoding
regimes from integrators to coincidence detectors. We postulate that this wide range
of physiological and encoding characteristics of Type-1 neurons is crucial for the
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resilience of the preBotC network and robustness of breathing under various

physiological states.

The first step in understanding preBotC rhythmogenesis is to create biophysically
realistic neuronal models; the second step is to connect them in a network to develop
a quantitative framework for preBotC synchronization and rhythmogenesis. In this
thesis, | implemented the first step of the work, which was to construct the Type-1
population. My future experiments will be to construct preBotC rhythmogenic
microcircuit models by incorporating these neurons to understand the physiological
mechanisms of breathing rhythmogenesis.
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Chapter 1

Introduction



1.1 Breathing CPG

During Routine work, breathing occurs effortlessly and involuntarily. It is an essential
rhythmic motor behaviour that drives gaseous exchange through the lungs. Under
normal metabolic conditions, i.e., at rest, a breath has two components:

1. Active inspiration occurs when the diaphragm receives neuronal signals to
contract and its downward movement leads to expansion and inhalation.

2. Passive expiration is driven by the diaphragm's recoil force. Under passive
expiration, the abdominal, the major expiratory muscle, does not receive any
neuronal signal. During high metabolic demands such as running, exercise,
and swimming, expiratory muscles contract to expel air from the lung
(Abraham et al., 2002).

This automatic breathing is due to the preBotzinger Complex (preBotC), a part of the
ventral medullary respiratory group located in the brainstem. preBotC generates the
inspiratory rhythm, seamlessly

regulating it without a conscious effort.
Generation and  regulation  of
respiratory rhythm can be studied in
slice preparation (Smith et al., 1990). A

healthy brainstem slice from rodents

containing preBotC and hypoglossal

Figure 1.1. Brain Stem Slice Preparation to
study inspiratory = Rhythm. Simultaneous
independently (Figure 1.1). preBétC recordings from preBotC neurons and hypoglossal
nerve(Xlin) showing aligned burst firing where
neurons project to XlIn, which projects | each burst is equivalent to (fictive) inspiration.
Figure adopted from (Smith et al., 1991).

nerve (Xlin) can generate rhythm

to the upper airways and tongue. It

facilitates the upper airway patency during each inspiration. Thus, in brainstem slices,

the XlIn activity can be considered equivalent to (fictive) inspiration. Despite this

accessibility of neurons and network, understanding the rhythmogenic mechanisms
has been challenging, mainly because of two reasons:

1. The canonical central pattern generation mechanisms based on pacemaker

neurons or half-center oscillators are not true for preBotC (Ashhad et al., 2022).

2. preBotC consists of diverse neuronal subpopulations based on their

neurotransmitter types, electrophysiological properties, and molecular markers.

Until recently, it was impossible to specifically target these neuronal subtypes

14



to understand their role in breathing rhythmogenesis. Now, transgenic mice

lines are deployed to express fluorescent proteins specifically in subpopulations

of neurons and record from them.

1.2 Neuronal Diversity

In initial attempts to understand the preBotC neuronal diversity, Rekling et al., 1996

carried out the electrophysiological recording to understand the electrophysiological

-52mV. -49 mV
-68 mV

Figure 1.2. Electrophysiological classification of preB6tC neurons:

potential after a delay known as latency to first spike.

hyperpolarizing current, they show a rebound spike.
Figure adopted from (Rekling et al., 1996)

|20 mv

10.2 nA

|20 mv
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2(mns

Type-1: When these neurons are held at -70mV and given a depolarizing current, fire action

Type-2: when these neurons are injected with a hyperpolarizing current pulse, they show an initial
membrane potential drop that recovers partially due to the activation of hyperpolarization-activated
cyclic nucleotide-gated (HCN) channels. This results in the sag potential.

Type-3: These neurons do not show firing or spike once until highly depolarized. With a
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diversity of neurons in preBotC. Based on the electrophysiological properties of
preBotC Rekling et al., 1996, classified them into three classes: Type-1, Type-2, and
Type-3 (Hodgkin, 1948). The initial latency to the first action potential firing is a
prominent characteristic of preBotC Type-1 neurons (Figure 1.2). Type-2 neurons, on
the other hand, are characterized by their sag potential. The sag potential arises due
to HCN channels (Kallurkar et al., 2022). Lastly, Type-3 neurons are mostly silent
when depolarized and show a rebound spike. Simultaneous preBo6tC neuron and Xlin
recordings revealed that Type-1 neurons start firing at low-frequency before the onset
of inspiration in each cycle (Gray et al., 1999) (Figure 1.3). The low-frequency firing by
Type-l neurons starts at 398 £102 ms (mean + SD) before the onset of XlIn activity,
whereas Type-2 has a smaller latency of onset at 171 +87 ms (Rekling et al., 1996).
This pre-inspiratory preBotC activity is also observed in multi-unit recordings in
anesthetized rodents, suggesting that it is crucial to generate preBotC rhythm.

A B

Type-1 Type-2

|20mv

>|
x"n ' bt i 8
- 5s

Figure 1.3. Activity of preB6tC neurons during inspiratory rhythms. Simultaneous recording
of Type-1 or Type-2 neurons with XlIn. (A) Type-1 neurons show low-frequency firing before the
onset of Inspiration in XlIn, Whereas (B) Type-2 firing is aligned with Inspiratory bursts in XlIn.
Figure adopted from (Gray et al., 1999)

With this understanding of electrophysiological diversity in the preBotC neurons,
subsequent papers explored their molecular identity. To figure out the developmental
origin of the preBotC rhythmic network (Bouvier et al., 2010) employed transgenic
mouse lines and found that the transcription factor Developing brain homeobox 1
(Dbx1) gene controls the fate of glutamatergic interneurons of preBotC. Dbx1+
neurons means the neurons that expressed Dbx1 developmentally. This is because
postnatal preBotC neurons do not express Dbx1. Ablation of Dbx1 expressing neurons
(hereafter referred to as Dbx1+ neurons) completely silenced the preBotC and caused
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a massive loss of preBotC glutamatergic A Dbxi* B Dbxi*
neurons. Further, Dbx7 null mutant had a ‘type 1' 'type 2'
beating heart but did not show breathing
movement and died within minutes of

delivery. Electrophysiological recordings

showed that Dbx1+ neurons exhibit
excitatory Type-1 and Type-2 properties
(Figure 1.4) (Picardo et al., 2013). Type-1
neurons are the excitatory population of the

preBotC, and they start firing in the pre-

inspiratory (pre-l) period. This suggests that
Figure1.4. Delayed excitation and sag
Type-1 activity might be a deciding factor in | potential in Dbx1* neurons. Type-1 Dbx1*
. ) . ) neurons exhibit delayed excitation upon
inspiratory rhythmogenesis and that it may | gepolarizing current injection and no sag
potential in response to the hyperpolarizing
current pulse. Type-2 Dbx1* neurons

population. To test this hypothesis, (Cui et exhibited sag potential. Figure adopted from
(Picardo et al., 2013)

constitute the rhythmogenic preBotC

al., 2016) expressed Channelrhodopsin-2
(ChR2) in the Dbx1*neurons. Photo-stimulation of these neurons induced the next
inspiration onset earlier than expected (Figure 1.5A). This experiment was repeated
at various times spanning two consecutive inspirations, and the phase shift (ratio of
perturbed cycle duration to control cycle duration) was calculated. Photo-stimulation

of Dbx1*neurons caused phase advancement in breathing rhythm.

A B

s SST-ChR2
mm— Dbx1-ChR2 - s Dbx1-ChR2

v

05 .
IGGEMO M 0.0 - - : E . : l

T— Ctrl 0.1 0.2 03 04 05 06 0.7 08 09
stimulation phase

phase shift

Figure 1.5. Dbx1+ photostimulation leading phase advancement in inspiration onset. (A)
Photostimulation (indicated in grey bar) of Dbx1+ ChR2 in preBotC between two inspiration leads
to early onset of inspiration (black arrow) indicated in Vr (tidal volume) and in genioglossus
electromyographic activity (GGemc) and Dbx1+ ChR2 V. (B) Phase shift curve with respect to
stimulation at different phases of expiration (phase: 0.0-0.8) or inspiration (phase: 0.9-1.0).
Electromyographic activity (GGemg) measures the electrical activity of the muscle in response to
nerve stimulation. Figure adopted from (Cui et al., 2016)
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The Dbx1*population can be divided into somatostatin expressing (SST+) and non-
expressing (SST-) subpopulations. Photo-stimulation of SST+ neurons, prominently
Type-2 (Ashhad and Feldman, 2020), did not lead to phase advancement, suggesting
that Type-1 neurons are critical for setting the phase advancement. This lends itself to
further evidence for the Type-1 population being rhythmogenic. This series of
experiments confirms that the Dbx1+ neurons form glutamatergic Type-1 and Type-2
populations, with Type-1 neurons being putatively rhythmogenic.

To summarise, the preBotC neuronal A preBatC

(para) XI_YI__________j/_‘ -Er a >
comprising Type-1 and Type-2 neurons, | ™RG <™= i

other

population can be functionally segregated into
rhythmogenic and patternogenic neurons,

modulation
apnea

€]
understanding of rhythm generation is not well GAéA

respectively (Figure 1.6). However, mechanistic

established. Multiple research groups have Figure 1.6. preBStC  neuronal

tried to explain the rhythm generation by | diversity. Dbx1" population of the
preBotC is excitatory and can be divided
making network models with high calcium | into SST* and SST- neurons, which are
] ] ] ] patternogenic (Yan Cui et al., 2016) and
levels to activate calcium-activated cation-non- | putatively rhythmogenic populations,
specific currents (CAN) and persistent sodium E,%Sppjg::éﬁly' CA::Slfétzalf fftheiﬁﬁggs
neurons. Figure adopted from (Ashhad

(Nap) -dependent bursting. While persistent and Feldman, 2020)

sodium depolarises the neurons activating

CAN, Nap time-dependent inactivation leads to termination of the activity. This cycle
repeats and hypothesized to explain the preBotC rhythm (Butera et al., 1999; Phillips
and Rubin, 2022). However, these models don’t hold up under physiological conditions
without evidence of such calcium levels in physiological scenarios and no evidence of
pacemaker neurons in preBotC. Theoretical models built around these hypotheses
show bursting driven by Nap and CAN currents and match the output of the preBotC
network. However, these models cannot explain the physiological mechanisms
underlying preBotC rhythmogenesis (Butera et al., 1999).

The alternative framework for rhythmogenesis came from the Burstlet Theory.
Type-1 neurons exhibit low levels of gradually increasing ensemble activity before
inspiratory bursts (when the whole network synchronizes to generate a population

burst) during pre-inspiration. The Burstlet Theory proposes that this pre-inspiratory
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activity represents the latent signature of an emerging mechanism for rhythmogenesis.
When excitability is high, inspiratory bursts consistently occur with highly synchronized

a & Nonrhythmic
O ||

bi

Rhythmic: bursts

Rhythmic: burstlets bii \

Preinspiratory
(burstlet)

Burstlet
1,000

frequency

Frequency
(Hz)
AW 19mog

syn(hronizationa

¢
[ 4

C o !nzerb:[rst 0 Preinspiratory e Burst
. interv
preBotC . e % . = 1.0 T T T T T T —0 T 7
rhythmogenic - : 3o
& WEE O~ ... 01 oSk N
. o " aard P AE 2
PreBOtC 238 [ e, R R <
pattern/output A L - L '::?".Kﬁ., J . KA., | % ez
=09 . Lt vt ¥ by PP
. Inspiratory &°8 021} Y e - s Al [ = o s
|\ A ' N o 1 1 1 ] 1 1 1 1 1 1 1 1
motoneuron -250 250  -250 250  -250 250
Lag (ms) Lag (ms) Lag (ms)

Figure 1.7 preBo6tC rhythmogenesis. The preBotC keeps the rhythmic breathing going by
syncing up its neurons, controlled by the balance of excitation and inhibition (E-I) in the network. In
scenario (a), when the E-I balance is shifted towards inhibition, the rhythmogenic neurons fire but
can’t synchronise, resulting in no rhythm. In (b), with more excitation, the neurons start
synchronizing. This synchronization increases the activity in the output neurons, indicating the
emergence of the rhythm. As excitation keeps increasing, neuronal synchronization gets stronger
until it reaches a tipping point, leading to an inspiratory burst that is relayed to the (pre) motor
neurons via the preBotC output neurons. (c)The synchrony among neurons is evident in their
membrane potential correlograms, revealing increased temporal alignment of synaptic inputs onto
the pairs of output neurons during the preinspiratory periods and inspiratory bursts. Figure adopted
from (Ashhad et al., 2022)

activity in each preBotC cycle, driving motor output. Whereas under lowered
excitability, expected XlIn bursts may not manifest at the expected times due to low
synchrony firing in the preBotC rhythmogenic population. Instead, rhythmic bouts of
synchronous low-level population activity, termed burstlets, appear within the preBo6tC.
The absence of expected XlIn bursts is due to the failure of the burstlet to trigger
inspiratory bursts that would normally propagate to motor neurons (Figure 1.6). To
understand how preBotC synchronizes and the factors that govern burstlet to burst
conversion, Ashhad & Feldman, 2020 simultaneously recorded from pairs of output
neurons (Type-2) and discovered that excitatory postsynaptic potentials onto these
pairs (which are the inputs from their presynaptic partners/ rhythmogenic neurons)
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show lesser and lesser correlation lags as the cycle progresses from interburst
intervals to pre-inspiratory period and inspiratory bursts (Figure 1.6). This revealed the
progressive synchronization of the rhythmogenic population during inspiratory burst
formation. When this synchrony was low, preBotC activity terminated as a burstlet.
The follow-up modeling study (Ashhad et al., 2023 ) revealed that for the preBotC to
synchronize in every cycle, based on physiological constraints, the network must
operate as a coincident detector. Specifically, Type-1 neurons can synchronize from
initial low-level activity due to convergent-coincident inputs from their pre-synaptic
partners that enable the recruitment of more and more neurons as the cycle
progresses. However, we still lack an understanding of how preBotC Type-1 neurons
can act as coincident detectors and participate in synchronization, especially given
that, classically, Type-1 neurons are considered as integrators (Prescott, 2014).
preBotC rhythm appears to be an emergent network property, we must analyze
interactions between intrinsic neuronal properties and synaptic connectivity to
understand the mechanistic underpinnings of rhythm generation. Thus, it is crucial to
construct preBotC network models with biophysical models of Type-1 neurons, whose
properties faithfully cover the range of physiological measurements from experiments.
The first step in understanding preBotC rhythmogenesis is to create biophysically
realistic neuronal models; the second step is to connect them in a network to develop
a quantitative framework for preBotC synchronization and rhythmogenesis. In this
thesis, | have focused on the first step: creating a biophysical neuronal population of
preBotC Type-1 neurons to understand their physiology and computations.
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Chapter 2
Methods



For constructing Biophysical models of Type-1 neurons, it is necessary to know the
ion channel expression in these neurons. An ion channel is made up of multiple
subunits. Different genes can encode functionally equivalent subunits. Hence, the
same functional ionic current can be mediated by channels of different subunits, giving
rise to different properties in different neuron types in different brain regions.

With this understanding, we constructed the phenomenological ion channel models of
effective currents/conductance of various types instead of applying the activity of ion
channels with biologically accurate subunits. We used experimental data from the
literature for preBotC ion channels and made eight ion channels discussed in 2.2. We
employed Hodgkin and Huxley formalism to construct the ion channels of the preBotC

Type-1 neuron.

2.1 Hodgkin and Huxley Model

Hodgkin and Huxley used the squid giant axon, a simple system to understand the
neuron's electrical properties and action potential generation. Using a parallel
conductance model, they characterized sodium and potassium currents and explain
action potential generation and propagation in the neuron, represented as an RC
circuit (Hodgkin and Huxley 1952).

Each component of the cell is represented as an electrical component. The lipid bilayer
is defined as a capacitor, voltage-gated ion channels as conditional resistors, and
electrochemical gradient as a voltage source whose voltage is determined by relative
concentrations of the ion species inside and outside the cell.

Extracellular Medium

T
g,V) Q%
Cn__

EN_ E,

Intracellular Medium

Figure 2.2. Neuron as RC circuit where ion channel is represented as conditional resistor, lipid
membrane layer as capacitor. Voltage source is the reversal potential of the ion across the
membrane for that particular ion channel (Ey).
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This model consists of a set of differential equations, explained below:
Mathematically, the cell lipid bilayer acts as a capacitor because it separates the
charges and thus, is represented as capacitor in the diagram. The capacitive current
through the lipid bilayer is given by:

_ Cm AV

I, = Sndin Q)

where 1}, is the membrane voltage and C,, is the specific capacitance of the cell.
An ion channel acts as a resistor because it offers resistance to the current that flows

through the membrane. Current through an ion channel is given by

I; = g;i(Vn — Ey) (2)

Where E; is reversal potential of the ion, g; is the conductance of the ion channel.
Current through the membrane can be written as the summation of capacitive and
ionic currents.

I=1+1 (3)

_ Cm dViy,
dt

I +9i(Vn — ED) (4)

Each ion channel is represented as a separate conditional resistor in the cell. A cell

with sodium and potassium channels can be represented as below

_ CmdVi
dt

1 + 9k W — Ex) + 9na (Vi — Eng) + 91V, — E}) (9)

In our model of Type-1 neurons, we incorporated eight ion channels mentioned in
section 2.2. lon channels are functions of both time and voltage; this dependence is

represented using gating variables equation 6:

_ CmdVi
dt

— _ . Ca; _ . Ca;
ENap) + gCaSKaZ(Vm - Ek) + gCaTazl o + gCaLal(Cai) o +
Cao Caop

Jeana(Ca)) Vi, — Ecan) + 91V — Ep) (6)

I + Grara* WV — Ep) + Gna @iV — Eng) + GxaaiVy — Ex) + Gnapai(V, —
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Where a represents the activation and i represents inactivation of ion channel.
9k INa> 9ka> GNaps Ycasks Years ears Yean, g1 are the conductance’s at steady state
of eight ion channels used in our model.

dx Xoo—X
== (7)

dat 1y
Where x can be an activation (a) or inactivation (i) variable

Yoo = a’x‘:cﬁx (8)
_ 1
T = ax+Px (9)

a, , B, are activation/inactivation rate constants of an ion channel transitioning from
open to close, and vice versa. x is activation/inactivation variable associated with a
channel and 7, is the time constants of the activation/inactivation variable.

lon channel dynamics can be understood via three curves: activation probability,
inactivation probability and time constant. The activation/inactivation curves a/i,
show the probability of a channel to open/close as a function of voltage. The time

constant (z,,;) curve shows how fast the channel activates/inactivates as a function of
voltage. Varying the properties (V;,, Activation, V;,, Inctivation,t Max) (Constants)

of these curves change the ion channel dynamics Figure 2.3. This is the strategy we

used to span the reported ranges for our stochastic and unbiased search.

2.2. preBotC Type-1 Neuronal lon Channels

2.2.1. Sodium Fast Channel

This channel replicates the fast sodium current of the preBotC. Because of its fast
kinetics, it is also called transient sodium channel. It activates within a few milliseconds
of current injection in a voltage-dependent manner. We used the experimental data
reported by (Rybak et al., 2003) for preB6tC Sodium transient currents. Equations used

to construct it are as follows:

I = gnaa®i(V,, — Eng) mAlcm? (10)
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Figure 2.4. Sodium fast kinetics constructed from the experimental data (A) shows activation
(meona) and inactivation (hena) probabilities of the sodium channel with respect to voltages. (B) shows
activation time constant (Tmna)of the sodium channel with respect to voltages. (C) shows inactivation
time constant (Thna)of the sodium channel with respect to voltages.

dxa/i _ Xa/ico—Xa/i (1 1)
dt Ta/i

1
Ta/i N qt(“a/i"‘ﬁa/i) ms (12)

1
xa/hw = Vm-V 1 (13)
a/li

ka/i

1+exp

;1 is the value of voltage at which activation or inactivation of a channel is

where, i) Va/ .

50%,
ii) kq/; is the factor that defines the slope of x,/,; . the activation or inactivation

probability curve (A)
iii) ag/; , Bayi are rate constants for an ion channel to make transitions from open to

close and vice versa.
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V)T, is the time constants of the sodium activation/inactivation.

V) x4/ - is the function that produces the voltage dependent activation/inactivation

probability.

2.2.2. T-Type Calcium Channel
These are low voltage-activated calcium channels activated at hyperpolarized

voltages , also called transient opening calcium channels. We used the experimental

data and curves reported by (Elsen and Ramirez, 1998)
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g
~
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Figure 2.5. T type calcium channel kinetics (A) shows activation (/7.cat) and inactivation (A.cat)
probabilities of the T type channel with respect to voltages. constructed from the data Ramirez and
Elsen 1998 (B) shows activation time constant (tmcat)of the T-type channel with respect to voltages.
constructed without experimental data (C) shows inactivation time constant (zncat)of the T type
channel with respect to voltages constructed without experimental data.

_ B Ca;
I = gCaTazl( _CTO) (14)
d(a/i) — a/i ocar—a/i (15)
dt TajicaT
! (16)

tajicar = CaqyitBayi)
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. 1
a/lOOCaT - _Vm_Va/l: 1/2CaT (1 7)
ka/i CaT

1+exp

O'OSS(VQI/ZCG.T_VTI‘L) (18)
a— Vaijacar—Vm
exp kacar -1

Val/ZCaT_Vm

B, = 094exp™ s5 (19)
_Vm—Viiacar
a; = 1.6e*exp  kicar (20)
1
ﬁl = __Vm+Vi1/2CaT (21)
exp kicar +1

Where,

o, Ba, @; and B; are rates of transitions of open to close and vice versa of activation
and inactivation of calcium activated calcium permeable channel T-type Calcium
channel (CaT). 1,/icar is the time constants of the T channel activation/inactivation.
a/iwcat IS the function that produces the voltage dependent activation/inactivation
probability. V, i1 /2car is the value of voltage at which activation or inactivation of a
channel is 50% where as k, icar is the factor that defines the slope of a/i.car the

activation or inactivation probability curve.

2.2.3. L-Type Calcium Channel

These are high voltage activated calcium channels activated at more depolarized
voltages, also called long lasting calcium channels. We used the experimental data
reported in (Elsen and Ramirez, 1998).

I'= Jearai(Ca) (1 -c2t) (22)
da __ QooCal—a
E N TacCal (23)

1
a =
Cal ™ tra(a, +Bq)

(24)
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Figure 2.6. L type calcium channel kinetics (A) shows activation (n«caL) probability of the L type

channel with respect to voltages. constructed from the data Ramirez and Elsen 1998 (B) shows
activation time constant (TncaL)of the L type channel with respect to voltages. constructed without
experimental data.

a

Tacal — aa+6[l§a) (25)
. C
i(Ca;) = i, (26)
0.055(Va1/2caL—Vim)
Aaq = _Va1/12C2aL_Vm (27)
exp kacaL -1
Val/zCaL_Vm
B, = 0.94exp 5.5 (28)

Where,
a,, B, are rates of transitions of open to close and vice versa of activation of calcium

activated calcium permeable channel L-type Calcium channel (CaL). t ¢, is the time
constants of the L channel activation. a.c,;, is the function that produces the voltage
dependent activation probability. V,; ,¢a, is the value of voltage at which activation or
inactivation of a channel is 50% where as k,¢,;. is the factor that defines the slope of
A-cq. the activation probability curve.

Va1/2caL= —27.82 mV

KacaL =5.6

tfa=>5

2.2.4, A-type Potassium Channel
This is voltage dependent potassium channel with quite fast kinetics such that it

completes with fast sodium channel. This is one of the main channels that plays a
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major role in the Type-1 phenotype of preBotC. During the initial latency period, it
competes with fast sodium and firing starts only after it starts to inactivate and sodium
current takes over. We used the experimental data and curves reported by (Hayes et

al., 2008)

A B
3.0 1.0+
IS
+ ]
g ®
S 1.5- % 0.5
- 8
5
N—
0'0 T T T 1 0'0 T T T T 1
-150 -100 -50 0 50 -150 -100 -50 1] 50
vV (mV) V(my)
Figure 2.7. A-type potassium channel kinetics (A) shows activation (72.X*) and inactivation (l-oka)
probabilities of the A type potassium channel with respect to voltages. constructed from the data
Hayes et al., 2008 (B) shows activation time constant (Tnka) of the A- type channel with respect to
voltages. constructed with experimental data. (Tka) is constant 7,4 = 250 ms.

I = Gyaai(p — B (30)
d@/) _ a/icoka=a/i (31)

dt Ta/iKA

i 1
ikt =~ Fm-Vaujoa (52)

kajika 44

exp
__ mfacxfq,

Taka = gtxa(ag+1) (33)
Tika = 50 xifac (34)
7=t (35)

1+exp 5

-3 4
1673Z(Vin—V 1 /24 )9-648¢

k
ex mKA E E
p 1 ( )
8.315(273.16+celsius)

1e_3Z*gmn(Vm—Val/ZKA)9.64-8e4

Bo =22 (37)

8.315(273.16+celsius)
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a,, B, are rates of transitions of open to close and vice versa of activation of A-type
potassium channel. Tk, is the time constants of the KA channel
activation/inactivation. a/i,ka is the function that produces the voltage dependent
activation/inactivation probability. V;,, /,xa is the value of voltage at which activation or
inactivation of a channel is 50% where as k,k, is the factor that defines the slope of
a/iwka the activation or inactivation probability curve.

a=0.05 (constant factor)

(celstus=22)/10 factor to account for temperature variability)

qt =3
Vi1/2xa=-85.6 (variable)
Va1/2ka=-16.3 (variable)
gmn =0.55

k.ka=14.9 (variable)
kixa=-13.8 (variable)
afac =1 (variable)

ifac =4 (variable)

2.2.5. Sodium Persistent Channel

This current is called persistent because of its large inactivation constant which is time
dependent and voltage independent. In Type-1 of preBotC these channels always
have non zero probability of opening at depolarized current. We used the experimental

data and curves reported by (Yamanishi et al., 2018)

1.0

0.5+

(In)activation

0.0 T 1

-100 -50 0 50
V(mV)

Figure 2.8. Sodium persistent channel kinetics (A) shows activation (axnap) and inactivation

(ionap) probabilities of the persistent channel with respect to voltages. constructed from the data
Yamanishi et al., 2018.
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I = g_Napai(Vm - ENap) (38)

d(a/i) _ a/icoNap—ali

dt - Ta/iNap (39)
1
AooNap = Vim—Vai/2Nap (40)
exp KaNap 41
. 0.5
ioonap = — ez + 05 (41)
exp Kinap 41

Tanap = 3 * afac (42)
Tinap = 571 *ifac (43)

Tanap » Tinap @re time constants of the KA channel activation/inactivation. a,nap, icnap
are the function that produces the voltage dependent activation/inactivation
probability. Vg1 /2vap, Vit2nap are the value of voltage at which activation/inactivation
of a channel is 50% where as k,nap » Kinap is the factor that defines the slope of
M,Naps Neonap the activation/inactivation probability curve.

Va1/2nap=-47 (variable)

Vi1/2nap=-39 (variable)

Kanap=4.3

KiNap=-9.5

afac =1 (variable)

ifac =1 (variable)

2.2.6. Delayed Rectifying Potassium Channel

No experimental data was available that characterized this channel in Type-1 of
preBotC. We used data available for the hippocampal channels for our model
(Mishra and Narayanan).

I = g_kdra4(vm — Ey) (44)

E — Qookdr—a (45)

dt Takdr
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: (46)

Qoogdr = Vai1/2kdr—Ym
exp kakadr +1
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Figure 2.9. Sodium persistent channel kinetics (A) shows activation (n=«dr) probability of the
delayed rectifier potassium channel with respect to voltages. (B) shows activation time constant
(Tnkar) Of the delayed rectifier potassium channel with respect to voltages.

__ facx1
FaKar = Gt(ag+Ba) (47)
(g = —0.028 x —6(1 — =) (48)
2
_v+60
Bo = 0.1056 exp ™ 40 (49)
qt =1

Where,

a,, B, are rates of transitions of open to close and vice versa of Kdr channel. t,xq, iS
the time constants of the channel activation. a4, is the function that produces the
voltage dependent activation probability. V,, /,xqr is the value of voltage at which
activation or inactivation of a channel is 50% where as kx4, is the factor that

defines the slope of a,kqr the activation probability curve.
2.2.7. Calcium Activated Small Conductance Potassium Channel (CaSK)
These channels are found in preBotC (Zavala-Tecuapetla et al., 2008) but no one has

characterized it in preBotC. We taken the model from (Mishra and Narayanan) and

tuned it according to (Ashhad and Narayanan, 2013)

I = g_CaSKaZ(Vm — Ey) (50)
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E _ OocoCaSK—a (51)
dt TaCaSK

1

Ao = loglog (fq) —log(Cai) (52)
1+exp 0.7651
fac
Ta = agtBa) (53)
. 0.00246
Aq = 12log10(Cai)—28.48 (54)
exp —4.5
0.006
fga = 1210g10(Cai)—60.4 (99)
exp 35
fq = 4.1676e-3
fac =1

2.2.8. Calcium Activated Cation Non-Specific Channel (CAN)

These channels are found in preBotC (Elsen and Ramirez, 1998) but have not been
characterized yet. We have constructed the channel and tuned it according to (Ashhad
and Narayanan, 2013)

I = geanva(Ca;))(Vy — Ecan) (96)

1
a(Ca;) = ——z=v007 (57)

1—|—exp —0.00005

Ecan=0

2.2.9. Calcium mechanism

Internal calcium dynamics is determined by influx of calcium through Voltage Gated
Calcium Channel (VGCCs) and various efflux processes. This mechanism is adapted
from (Destexhe et al., 1993). Calcium enters through VGCCs in a thin shell beneath a
membrane, calcium retrieval consists of multiple process such as buffers, calcium
efflux due to pump and diffusion in subsequent shells. In this mechanism as given by
(Destexhe et al., 1993), calcium influx is into the thin shell beneath the membrane,

and active calcium pump is implicated.
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Where influx into the thin shell is

dCa;

_ iCa
dt - k(Z*F*d) (58)

d = 0.1 um is the depth of the shell beneath the membrane
F = 96489 Cmol™! is the Faraday constant

k = % is the unit conversation constant for VGCC'’s in uA/cm? and [Cqa;] in millimolar.

ic, is the current through VGCC'’s

Whereas the pump kinetics are as follow

dcai _ k( ica )+ Caico—Cay (99)

dt 2+F*d Tcai

Tcai = 160 ms is the rate of calcium removal.

This pump the calcium out unidirectionally.

These are the eight ion channels and calcium mechanism we have used to make a

biophysical model of preBotC Type-1.

2.3 Multi Parametric Multi Objective Stochastic
Search (MPMOSS)

It is a stochastic search strategy spanning multiple model parameters that satisfy
multiple constraints on physiological measurements (Rathour and Narayanan,
2012)(Prinz et al., 2004). This strategy ensures that we are not biased toward hand-
tuned models and are in the physiological ranges.

Multi Parametric (A Model with Multiple Parameters): The strategy spans multiple
model parameters. This indicates that it considers several parameters
simultaneously. This is beneficial where the interaction between parameters is
crucial for achieving the desired outcomes. In this study, we employed 24
parameters (Table 1). A parameter is picked randomly from the uniform distribution
of the parameter range.

Multi-Objective (Multiple Constraints on Physiological Measurements): Takes into
account multiple constraints related to physiological measurements. This suggests

34



that the algorithm aims to find solutions that satisfy multiple model parameters and
physiological constraints. This is important where models should align with real-world
physiological observations.
Stochastic Search Strategy:
e Stochastic search methods use randomness to explore the solution space
(Multiple parametric ranges).
o ltis helpful because we do not know the combination of parameters that can
give rise to the desired phenotype.
« There might also exist degeneracy and heterogeneity. Which this method is
helpful in encapsulating.
Significance: This search strategy ensures that the optimization process is not
biased towards hand-tuned models. Hand-tuning involves manually adjusting model
parameters, and bias toward such models can limit exploring the physiological
parametric space. Given the large number of free parameters (24), hand-tuning can
be exhausting.
This search strategy, MPMOSS (Mishra and Narayanan), aims to provide a more

objective and automated approach to get the desired model/results.

2.4 Parametric Ranges

Experimental data for ion channels taken from literature which report mean + SD or
SEM; for our stochastic search, we have taken these ranges to create the uniform
distribution, and sampling from these distributions gives the stochasticity and
heterogeneity in all the models we have constructed.

g S/cm? represents the maximum conductance

V1, mV represents the voltage of half maximum activation/inactivation probability.

T ms represents the activation/inactivation time constant of an ion channel

Diam pum is the diameter of the single compart model

R,, Q/cm? is the membrane resistance per unit area

C,, C/cm? is the capacitance per unit area

Table 1 Parametric Ranges
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No. | Variables Ranges Unit Reference
1 Jna 0.05,0.2 S/cm? Optimized in this study
2 Ixdr 0.1,0.6 S/cm? Optimized in this study
3 Jka 0.005, 0.05 S/cm? Optimized in this study
4 INap 5e-5, 4e-4 S/cm? Optimized in this study
5 JeaL 0.00007, 0.001 S/cm? Optimized in this study
6 Jear 0.00008, 0.001 S/cm? Optimized in this study
7 Jcan 0.00004, 0.0005 S/cm? Optimized in this study
8 Jcask 0.006, 0.06 S/cm? Optimized in this study
9 R, 5000,25000 Q/cm? Optimized in this study
10 Diam 15, 30 um (Koizumi et al., 2013)
11 Crm 0.8,1.2 C/cm?
12 Vi/2ana -40.9, -34.9 mV (Rybak et al., 2003)
13 Vi/2akar -30.2, -40.2 my
14 Vi/2aka -10.3, -20.3 mV (Hayes et al., 2008)
15 Vij2anap -50.7, -40.7 mV (Yamanishi et al., 2018)
16 Tanap 21,51 ms (Yamanishi et al., 2018)
17 TiNap 228,913 ms (Yamanishi et al., 2018)
18 Vi2inap -35, -45 mV (Yamanishi et al., 2018)
19 Vij2ika -70.2,-80.2 mV (Hayes et al., 2008)
20 Tika 80, 353 ms (Hayes et al., 2008)
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21 Taka 29,58 ms (Hayes et al., 2008)
22 Tana 0.25, 0.875 ms (Rybak et al., 2003)
23 TiNa 24.6,73.8 ms (Rybak et al., 2003)
24 Takdr 8.78, 16.687 ms

Constant Value

Variable
1 Vi/2iNa -67.5 mV (Rybak et al., 2003)
2 kina 10.8 (Rybak et al., 2003)
3 kana 6 (Rybak et al., 2003)
4 kaka 14.9 (Hayes et al., 2008)
5 kika -13.8 (Hayes et al., 2008)
6 kakar 7.9796
7 kanap 4.3 (Yamanishi et al., 2018)
8 kinap -9.5 (Yamanishi et al., 2018)

2.5 Physiological measurement Ranges

We used experimentally reported measurement values of Type-1 phenotype of
preBotC. each measurement are as follows:

Input resistence (R;,): It is defined as the gain of the neuron; it is measured as the
deflection in membrane voltage at some current. It can affect how a neuron responds
to synaptic input and influence its membrane potential.

Membrane time constant (z,,,): It is the time it takes for the membrane potential of a
neuron to reach approximately 63.2% of its final value in response to a step change in
current. membrane time constant reflects the membrane's ability to integrate synaptic

input and membrane charging or discharging.
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Figure 2.10 Measurement illustration (A) shows latency, FWHM and RMP of a neuron. (B) show
action potential height, threshold and fAHP of a neuron. (C) shows tau of a neuron (D) shows the
calculation of sag and input resistance.
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Full width at Half Maxima(FWHM): It is the width of an action potential at half of its
maximum value.

Threshold: It is the voltage at which an action potential initiates and if this threshold
is crosed, the action potential cannot be stopped.

fast After Hyperpolarization (fAHP): It is calculated as the difference between
threshold and the minimum point after hyperpolarization.

Resting Membrane Potential (RMP): It is the membrane potential of the neuron when
it is not receiving any input.

Action Potential Height (AP Height): It is the difference between the resting state
and the maximum height of the action potential.

Latency: It is the time delay between the stimulus given and the occurrence of the

first spike.

Table 2 Measurement Table

No. | Measurements Range Unit References
1 R, 150, 1200 MQ. (Reckling et al., 1996) (Ramirez and
Peter Elsen1998; Picardo 2013)
(Ashhad and Feldman, 2020)
2 T 5, 70 ms ms Picardo 2013; Sufyan and Feldman
2020
3 Sag <10 %
4 Fwhm <3 ms Del Negro et al., 2008
5 Threshold -45, -60 mV
6 fAHP < 25 mV (Zhao et al., 2006)
7 Rmp -50, -70 mV
8 AP Height > 65 mV Del Negro et al., 2002; Del
Negro et al., 2002; Zhao et al.,
2006
9 Latency 100,500 ms Picardo et al., 2013
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2.6 Making a preBotC Type-1 using MPMOSS

e Construct a single compartment model which would be equivalent to a soma

of the neuron.

e Create uniform distribution, for all 24 parameters, create 24 uniform

distributions with respective physiological parametric ranges reported in the

literature (Table 1).

e Stochastic Search, From these distributions pick values randomly (black line

in figure 2.11) and put that values into ion channels and ion channels into

compartment model made in step1.

Inward current

Diameter=15-30um

Outward current

NaF =)
Nap =)

CaT

CalL q
CAN q

which can construct a neuronal model.

Calcium activated catio non-specific channel (CAN).

q KA
=) Kdr
== SK
=) CAN

=yi6ue

wrigg:

Single Compartment Model

Figure 2.11 normalized uniform distributions of 24 parameters. x axis represents the
parameters number . The y axis represents the normalized values of the parameter of neural model
drawn from uniform distributions of each parameter. black line represents one of the model values

One compartment model of the Type-1 neuron. one compart model with defined diameter,
length and ion channels. with inward current by sodium fast channel (NaF), sodium persistent
(Nap), Calcium captivated T type channel (CaT), Calcium activated L type channel (CaL), Calcium
activated cation non-specific channel (CAN) and outward current via A type potassium channel
(KA), Delayed rectifier potassium channel (Kdr), Small conductance potassium channel (SK),
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e Assess the validity, The next step is to inject sub- and supra-threshold current
injections into the above compartment model and measure its active (latency,
Spike Height, Threshold) and passive (Rinput, Sag, Tau) properties.

e Analyze, Check if measured values fall in the same range in the type-1 preBotC
physiological measurements (measurements table) reported in the literature. If
it qualifies all measurement ranges, it is a valid model. further analyze is in

chapter 3, Results.

2.7 Simulations and analysis

Simulations performed in NEURON software with custom written code. With
temperature 34°C, E;=-70 (9mM extracellular potassium), time step 0.025 ms. Data
analyzed in Igor Pro with custom written code. FWHM is not characterized in preBotC
neurons. We estimated the FWHM from the voltage traces reported in the literature
(Del Negro et al., 2005; Hayes et al., 2008) using the website graphreader.com. The
experimental values for APpyyy , and APy.4n: Were estimated from the action

potential traces Type-1 neurons reported in Table 4.
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Table 3

No | lon channel | Region V1/2 V1/2 Tau Tau References
Activation Inactivation Activation Inactivation
1 Sodium fast Hippocampus | -23.9+0.9mV | -62.9 1.7 mV | 0.16 £0.02ms | 0.20 0.02 | Martina & Jonas
(Pyramidal) ms 1997
preBo6tC -438 + 23 | -67.5x3.6mV | 0.9 £0.2ms 35.2 + 3.4 | Rybak 2003
mV ms
2 A-type Hippocampus | -13 mV -56 mV 1ms Linear with | (Hoffman et al.,
(Pyramidal) V, slope 2.6 | 1997)
ms per
10mV
preBotC -16.3 mV -85.6 mV 200 (Hayes et al.,
constatnt 2008)
3 Nap Hippocampus | -43 £ 0.9 mV 2ms 100 ms Ceballos 2017
(Pyramidal)
preBo6tC -47.7+2.5 -39.1+2.9 3.4+1 571+50.9 Yamanishi 2018
4 T-type Hippocampus | -60.7, -51.7, -93.2,-85.4, 20,4, 5ms 375, 55, 60 E McRory 2001
-43.5 mV -73.9 mV ms
preBo6tC -59.05+0.01 -80.72+0.14 Elsen and
Ramirez 1998

This study aims to gain physiological and mechanistic insights into preBotC
synchronization. preBotC synchronization is an emergent network property (Ashhad
et al., 2022; Del Negro et al., 2018) shaped by intricate interactions between neuronal
properties and network connectivity. Therefore, to construct preBotC network models,
we first needed to build biophysical models of Type-1 preBotC neurons, which are
putatively rhythmogenic to faithfully capture their properties recorded in experiments.
In this endeavor, we realized that the voltage-gated ion channel (VGIC) properties in
preBotC neurons differ significantly from similar ionic currents in other brain regions.
For instance, the V4. of activation sodium fast (Naf) currents in hippocampal CA1
pyramidal neurons is -23.9 mV (Martina and Jonas, 1997), whereas in preBotC
neurons, it is -43.8 mV (Martina and Jonas, 1997). The A-type potassium current’s
inactivation is fast. It follows a linear voltage-dependence, whereas it is voltage-
independent with a very slow inactivation time constant of ~250 ms in preBo6tC Type-
1 neurons. Table 3 summarizes such differences in the preBotC VGIC compared to
the well-studied hippocampal pyramidal neurons. Such stark differences in VGIC
properties rendered the readily available models of VIGCs inaccurate for construction
of preBotC neuronal models. Thus, based on an extensive literature search, we first
constructed the ion channel models specific to preBotC neurons (see METHODS).

43



We incorporated eight voltage-gated ion channels in the models of Type-1 neurons,
as described in the methods, based on their characterization and the evidence of their
presence from pharmacological experiments in the preBotC (Del Negro et al., 2005;
Hayes et al., 2008; Rybak et al., 2003; Yamanishi et al., 2018; Zavala-Tecuapetla et
al., 2008). The literature on preBotC VGICs is sparse, and not all the eight ion channels
are fully characterized. Since this is the first study to construct ion channels and a
biophysical model of preBotC neurons that can replicate experimentally observed
measurements, we had to search wide parametric space for VGICs to arrive at ranges
that could reproduce the preBotC Type-1 phenotype. For this, we optimized nine
parameters for the final analysis, which include gyq, Gkar» Jka» Inaps Icars Icar> Geans
Jcask, and R,,; where g, represents the maximal conductances of Na fast, A-type K*
, persistent sodium, L-type Ca®*, T-type Ca?*-activated cation-nonspecific, and Ca?*-
activated small conductance K* channels, respectively, and R, is the specific
membrane resistivity. For the remaining parameters, we took their ranges around the

mean values reported in the literature (Table1).

We simulated ~2,00,000 models for the initial search to optimize these parametric
ranges. With these optimized ranges, we constructed 90,000 models, out of which 135
models had their physiological measurements within the experimental bounds (Table
4 ) and, thus, qualified as valid. The low success rate of valid models (0.15%) indicates
that our search strategy was unbiased towards any hand-tuned parametric range.

The histograms of various physiological measurements of the valid models captured
the experimentally observed heterogeneity of preBotC Type-1 neurons (Figure 3.1).
Table 4 compares valid models’ measurement ranges with the experimental estimates
of sub-and supra-threshold measurements. Specifically, we analyzed nine
physiological measurements that include input resistance (R;,), membrane
charging/discharging time constant (z,,*), sag potential (Sag (%), action potential full-
width at half-maximum duration (APgy 4 ), action potential threshold (AP:pnresnoia), the
fast afterhyperpolarization potential following the first action potential in (AP4yp),
Action potential peak (APygn:* (MV) , latency to first action potential at the rheobase
current injection, and the resting membrane potential(RMP). preBotC Type-1 neurons
are characterized by a high latency to fire an action potential at rheobase current
injection. Our models captured the entire range of latencies observed experimentally
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Experiment range = 200-1200 MQ

Experiment range = 5-70 ms

Experiment range = -50 - -70 MQ
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Figure 3.1 Heterogeneity in the measurements for valid models of preB6tC Type-1 neurons.
Histograms of (A) input resistance (R;,, ) (B) membrane charging time constant (7,,) (C) Sag potential
(D) Full-width-at-half-maximum duration of action potential (APrw+um) (E) action potential threshold
(APresnoid) (F) action potential fast after-hyperpolarization (APmnp) (G) resting membrane potential
(RMP) (H) maximum slope of action potential (APmax siope) (I) Latency to first spike (J), and the
amplitude of the first action potential at rheobase current injection.
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Table 4 Models and experimentally reported measurements statistics

Measurement Experiment Model Reference
(Unit)
Rin (MQ) 308+38(Mean +SEM) | 303+110(Mean+SD) | (Picardo et al,

2013; Rekling et

306+130(Mean+SD) Range: 155, 679 al., 1996)
Range: 150, 1200
T " (MS) 24 + 3 (meantSEM) | 6 £ 0.1(meanzSEM) | (Ashhad and
Range: 5,70 Range: 5,13 Feldman,  2020;
Picardo et al.,
2013)
Sag (%) Negligible Range: 0, 8.4
AP # (ms estimated: 1.3, 2.6 Range: 0.8, 2.2 (Hayes et al.,
pu i () J 2008; Morgado-
Valle and
Feldman)
APipreshora (MmV) Not characterized Range: -59.7, -47
AP¢yyp (MV) 10.4 £ 2.8(meantSD) | 9.9 + 1.7(meantSD) (Zhggozt)al-,

Rmp (mV)

Not characterized

Range: -68.8, -65.2

APHeight 1_ (mV)

75,58,59,51
(estimated)

Range: 70.5, 111.5

(Del Negro et al.,
2005; Hayes et

al., 2008;
Morgado-Valle
and Feldman;

Zhao et al., 2006)

spike (ms)

Latency to first

308 + 16(mean+SEM)
398+ 102(meantSD)
Range: 100,500

303+9.4(meantSEM)
Range: 100,500

(Picardo et al.,
2013; Rekling et
al., 1996)

T,,* experimental range is taken from Dbx1+ neurons.

APyt calculated from Type-1 neuron Figure 7 (Hayes et al.,, 2008) using a website

graphreader.com.

,élPHeightJr calculated from figure 6, figure 7, figure 3, figure 4 from Del Negro et al., 2005; Hayes et al.,

2008; Zhao et al., 2006; Morgado-Valle and Feldman 2002 respectively using graphreader.com.
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(100 ms — 500 ms). 7,,, the experimental range for DBx1+ neurons was used as the
reference, since Type-1 neuron specific measurements are not available. We
observed that t,,does not cover the whole range of reported values because Dbx1*
neurons include both Type-1 and Type-2 neurons (Picardo et al., 2013). Given that
Type-2 (SST*) neurons have a higher range of t,,, (10- 60 ms ; Ashhad and Feldman,
2020), our study predicts that the Type-1 neurons have small membrane time
constants. Sag potential was negligible, with 60% of the models having less than 2%
sag. This is consistent with experimental observations (David et al., 2022; Kallurkar et
al., 2022). These measurements also fall within the experimentally determined values.
For the characterization of valid models, we observed that the AP,j,,esn01¢ Was a critical
parameter. Specifically, several models qualified all other measurement criteria but

exhibited very high AP, esno1a» IN NON-physiological ranges (up to -25 mV).

-1.0
Rin I
-0.5
-0.0
APThreshold
—-0.5
AF‘max slope —-1.0
Latency to
first spike
Figure 3.2 Pairwise correlation and scatter plot of all measurements of the 135 valid
models (A) Pairwise scatter plot of 9 measurements. Each box is the scatter plot between the two
measurements for with the background color of each plot representing the correlation strength of
the two parameters. Heatmap: correlation coefficient.
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Given these observations we had to fix a robust criterion for the AP;j,esnoia t0 qualify
the models as valid. However, AP esno1a fOr preBotC Type-1 neurons has not been
characterized experimentally. Thus, we decided to fix AP;jpresnoia CUt Off to be less
than -45 mV, based on the measurements from other neuron types . For the valid
models AP esnoia Was between —60 to —47 mV.

Our model measurements were heterogeneous, we questioned whether these
measurements held some pairwise correlation and were stilling lead to heterogeneous
population. We proceeded by checking for any existing correlation and this indeed
turn out to be the case (Figure 3.2). We observed that most measurement pairs (32
out of 36) were weakly correlated, reflecting a true heterogeneity in the models. Four
out of 36 pairs were strongly correlated. For instance, positive correlation between
APipresnoia @nd APrayp is evident because APr,yp Was measured as the difference of
action potential minima from the APihreshold- Thus, greater the
depolarised/hyperpolarized  AP;presnoia the  higher/lower the APy,ypbecomes
respectively. A positive correlation between R;, and t,, can be due to t,, being
proportional to R,,. 7,, = R,, * C,, and R;, = R,,/area which makes this correlation
more evident. There was a positive correlation between R;, and Sag, though the
absolute sag is insignificant. This correlation is indirect, membrane charging ( z,,, ) and
slow inactivation dynamics of A-type channel leading to this correlation. Slow the
charging, more time for A-fype inactivation leads to higher sag and via versa. A
positive correlation between 7,, and the RMP of a neuron is related to the excitability
of the neurons, which can be seen in a positive correlation between R;,, and t,,, where
R;, is the measure of excitability. There was a negative correlation between APryyu
and APpax siop, Where APy a4 g10p 1S the maximum speed attained by the action potential.
If an action potential has a higher speed, the width of the action potential would be
low, and vice versa, hence the negative correlation.

Despite the heterogeneity spanning the whole measurement ranges with varying
degrees (Table 4) of valid models (Table 4), all still exhibit Type-1 phenotype. We
asked if some underlying parametric correlations define the Type-1 phenotype in
preBotC neurons.
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Figure 3.3 Degenerate parametric interactions underlie heterogeneity in Type-1 neuronal
models. (A) Pairwise scatter and correlation plot of 24 parameters of 135 valid models. Each box
is the scatter plot of two parameters, with the background color of each plot representing the
correlation strength of the two parameters. Heatmap: Pearson’s correlation coefficient. (B)
Histogram of correlation coefficient values centered at zero, revealing weak pairwise correlations.

The valid model parameters exhibited weak pairwise correlations (Figure 3.3), with the
exception of gi,, and Vi ;,qnqp that was strongly correlated (with Pearson’s coefficient
of -0.6). This analysis indicates that the interactions between the sodium persistence
(Nap) and A-type potassium (KA) channels might play an important role. This
correlation might be essential to defining the preB6tC Type-1 phenotype (Goaillard
and Marder, 2021, also see DISCUSSION).

The weak correlation in underlying parameters reveals the underlying degeneracy in
the model parameters, where disparate parametric interactions give rise to the Type-
1 physiological phenotype. This is further evident in the parametric comparison of
three example models with similar physiological measurements. Figure 3.4 shows
three degenerate models with approximately the exact measurements and varying
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degrees of underlying parameters. For type-1 models showing heterogeneity and

degeneracy, we checked whether any measurement correlated to any parameters

(Figure 3.5). Latency, which is a critical measurement for Type-1 phenotype, has low

correlations with all parameters. We found that multiple parameters (R,,, Diam, V; /24n4

) showed a correlation with one measurement (Sag). While, multiple measurements

(Rin, Sag, APipresnoia » APranp ) correlate with the same parameter (Vi /54nqp )- Thus,
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—~ 04 AP =55 mV . 04 AR =-54 mV
£ AP, mv z AR —i17my
E.-201 AP =t0M E-20{ P =0T
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Figure 3.4 lllustration of functional degeneracy in preBo6tC Type-1 neuronal models. (A)
Selected four valid models (in different colors) with similar physiological measurements. each
neuron’s corresponding measurements are indicated (B) normalized parametric ranges of 135
qualified models (grey dots). Parameters of four models (color-coded according to their traces in A)
are highlighted. The underlying parametric ranges of these four models are quite different, even
though their physiological measurements are similar.
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there exist one-to-many and many-to-one correlations between the parameters and
the measurements.

This also implies that this phenotype is not because of one parameter, but it is a
combinatorial effect of multiple parameters. A few prominent correlations, 7,5, and
APrywum , are highly positively correlated, which was reasonably expected. For
instance, fast/slow sodium channel activation will lead to a fast/slow ramp-up of the
action potential, which, in turn, will lead to small/large APgyyy, as it is also seen in
Figure 3.4. R;, and Diam are negatively correlated since, as explained above, R;, is
inversely proportional to the neuronal surface area. R;, and g, are negatively
correlated. A-Type potassium channel has a large window current around the resting
membrane potential. Thus, around resting membrane potential, increased A-Type
conductance will act as a leak conductance, decreasing the gain of the neuron
(Rathour and Narayanan, 2012). There exists a positive correlation between
APrapp @and Vi 24nqp- Given depolarizing conductance sodium persistent and sodium
fast plays a vital role in determining the neuron's threshold. Threshold correlated to
APrayp; hence, not just V; ,4n4p Should correlate to AP;,yp; We would expect sodium
fast also to correlate, and it indeed correlates weekly (Figure 3.5). A negative
correlation between Sag and Diam of a model does not seem to be a direct correlation;
larger Diam leads to lower Ri» and hence low 7, (a positive correlation between Rin
and 7, Figure 3.2) and hence less sag as explained before.

With this one-to-many and many-to-one relationship between parameters and
measurements of the neuronal population, we looked at how the Type-1 neuronal
population might participate in synchronization. We computed the spike-triggered
average (STA) currents in ten randomly selected models out of the 135 valid ones
(Das and Narayanan, 2014). We injected Gaussian white noise with zero mean and
tuned the variance for each model so that the firing frequency was less than 1 Hz. We

averaged the current up to 200 ms before the action potential.
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Figure 3.5 Scatter plot between parameters and measurements. Each box is a scatter plot
between one parameter and a measurement; the color of the box indicates Pearson's correlation

coefficient as the heat map. There are few strong correlations, whereas most pairs are weakly

correlated.

This gave us insights into the current waveforms to which the neuron was optimal

ly

responsive (Figure 3.6). We observed that the neuronal population exhibited STAs,
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which could be qualified into the entire spectrum of integrators (model 8) to
coincidence detectors (model 5) with varying degrees. The underlying parameters for
these neurons were widely distributed, suggesting that the integrator- and the

coincidence detector-type STAs are not associated with any specific model parameter.
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Figure 3.6 Spike-triggered average (STA) currents reveal a wide spectrum of computational
regimes, from integrators to coincidence detectors, in pr.eB6tC Type-1 neuronal models (A)
STA analysis of 10 randomly selected valid models. The integrators (e.g., model 8) show a
monophasic positive STA current up to 50 ms before the spike; differentiators or coincidence
detectors (e.g., models 2,5,6, 7, and 10) exhibit a biphasic STA current with a negative current
window that precedes a narrower positive currents window before the spikes. (B) These models'
underlying parametric ranges do not correlate with the specific type of STAs. Note that model pairs
with overlapping STAs, e.g., models 4 and 9 and models 2 and 10, lack overlapping (correlated)
parametric distributions.
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Chapter 4

Discussion



All valid models span the measurement ranges on which they were constrained. The
model parameters were weakly correlated. Therefore, this Type-1 phenotype cannot
be explained by a particular parameter; it is the interplay of all the parameters that
causes the Type-1 phenotype to emerge. A pairwise comparison of model parameters
and measurements revealed one-to-many and many-to-one correlations. This again
implies that one physiological property (measurement) cannot be explained by any
specific model component (parameter). There is an exception in our models; one
prominent negative correlation comes up between gy,, and V.1 on4p- Since the lower

Vimi/2nap TeSUlts in higher Nap currents near resting membrane potential, this

correlation implies that the KA and Nap channel expression is positively correlated in
preBotC Type-1 neurons.

There are two possibilities: either it is a spurious correlation, or our study predicts that
correlations between the KA and Nap channel define the Type-1 phenotype in
preBotC. To test this prediction, we carefully screened the single-cell transcriptomics
data of preBo6tC Type-1 and Type-1 neurons collated via patch-seq analysis (David et
al., 2022). Surprisingly, this correlation can also be seen at the transcriptional level as
well(Kallurkar et al., 2022). A-type current is mediated by K,, channels K, 1.4 (Kcna4),
K,3.3 — 3.4 (Kcna3 — 4), and K,4.1 — 4.3 (Kcnd1 — 3). And sodium persistent channel
(Na,1.6) encoded by Scn8a gene are present in preBotC Type-1. All 7 Type-1 neurons
show correlated expression (Appendix) either both have high level (21,3t 4t gth 7t
neurons from the left in pink) of expression or the low levels (15t , 51 from the left in
pink) of expression. Notably, such a strong correlation was not observed in the Type-
2 neurons.

A possible reason for the prominent correlation between Nap and KA is that Nap is
important for depolarizing the neurons once KA inactivates to the activation potential
of fast sodium currents. Nap does not inactivate completely (2.2.5) and it has a high
window current. During the initial latency period, KA competes against sodium fast
and Nap channels. Whereas the fast sodium current needs a certain depolarization to
get activated, persistent can lead to depolarization and contribute to neuronal firing.
This has to be tested via pharmacological blocking of Nap channels.

Type-1, the characteristic of delayed firing upon current injections, has been
hypothesized to be majorly contributed by the KA channels. Because of its fast
kinetics, KA currents can compete with transient sodium currents, which delays the
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action potential firing. Also, KA inactivation is time-dependent and voltage-
independent in preBotC (Hayes et al., 2008). Therefore, once it starts to inactivate
after a delay, trainset sodium current takes over, leading to the neuron's firing. If this
is true, then the action potential latency of a neuron should correlate to A-type
inactivation. This was observed in the measurements vs parameters pairwise
correlation Figure 3.5.

Do KA potassium and Nap exclusively determine the Type-1 phenotype, or can it
come about via other channel interactions, too? In future analysis, we will address this
question by implementing a virtual knock-out of different VGICs and analyzing their
impact on the measurements of valid models. The virtual knockout experiments of
each channel one-by-one to screen for knockouts that can abolish the Type-1
phenotyp would be crucial to address this question.

Another insight from this study is on the encoding properties of the preBotC Type-1
neuronal population. Type-1 neurons are considered integrators (Prescott, 2014).
However, our STA analysis on randomly selected valid models revealed that preBo6tC
Type-1 neurons exhibit the entire spectrum from integers to coincidence detectors.
This heterogeneity is useful for the network and might be important for the resilience
of the network under various physiological states (Dong et al., 2018).

In this thesis, | have completed the first step of the work to construct the population.
preBotC Type-1 neurons. My future experiments will involve conducting the second
part of the project, connecting these neurons into networks (of excitatory Type-1 and
inhibitory neurons), and uncovering the mechanistic underpinnings of preBotC
rhythmogenesis.

The valid models exhibit heterogeneity in various properties, which might be vital for
the network to be resilient in the face ever changing physiological demands. How do
the variations in ion channels, which define neuronal properties and excitability, help
the network to be resilient? The respiratory system operates under diverse
physiological conditions, from tranquil breathing to the heightened demands of
exercise or stress. For example, during the heightened demand, we have increased
frequency of breathing with respect to resting resting state. This increase in frequency
would require preBotC to synchronize and desynchronize at a faster speed. This
dynamic change will require an increased neuronal activity which might cause network

fatigue if all neurons were to have similar excitability. The heterogeneity in neuronal
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excitability, and hence their responsiveness to excitatory inputs, would ensure that
network activity is not oversaturated, and the dynamic range of network output is
tunable within a wider range of regulatory inputs. In the same way, computational
heterogeneity in preBotC neurons may be essential to modulate preBotC dynamics in
different respiratory states.

For instance, when during hypoxia/hypercapnia, there is increased rate firing of the
upstream networks that process chemosensory inputs. Under these circumstances,
neurons that act as integrators (as assessed through the STA) are better suited to
optimally respond to the rate-modulated inputs. Whereas, under vocalization/ speech
preBotC dynamics undergoes very precise temporal modulations (Okobi et al., 2019;
Wei et al., 2022) where coincidence detectors are better suited to process such inputs.
| am poised to explore how these variations in ion channel properties manifest during
different respiratory states, thus shedding light on the dynamic nature of respiratory

control.

An important finding of this study is that preBotC Type-1 neurons operate in a
coincidence detector-like mode, as opposed to the conventional integrator mode.
Typically, coincidence detection arises due to hyperpolarizing-activated cation
nonspecific currents (HCN channels). HCN channels in neurons act as coincidence
detectors because their restoring properties counteract changes in membrane
potential. Interestingly, our valid models, despite lacking HCN channels, still exhibit a
coincidence detector-like mode of operation. Upon investigation, we found that A-
type conductance in our models shares properties with HCN channels, such as
being restorative and having slow inactivation. These unique properties of A-type
conductance transform the mode of operation of Type-1 neurons from integrators to
coincidence detectors. Furthermore, varying the expression levels of this
conductance allows neurons to switch modes based on the network's conditions and
demands. This implies that different combinations of channels can lead to the same
operational mode in various parts of the brain, highlighting an underlying degeneracy

in neuronal mode of operation.

Understanding how variations in ion channel properties contribute to these distinct
respiratory states is crucial for deciphering the adaptability and resilience of the
respiratory network.
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Correlation between A-type potassium and sodium persistent in Type-1 neuron of the preB6tC

at transcriptional level. Figure taken from (Kallurkar et al., 2022)
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