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ABSTRACT

Neuronal networks maintain robust patterns of activity despite a backdrop of noise from various
sources. Mutually inhibiting neurons is a standard network motif implicated in rhythm generation.
In an elementary network motif of two neurons capable of swapping from an active state to a
quiescent state, we ask how different sources of stochasticity alter firing patterns. In this system,
the alternating activity occurs via combined action of a calcium-dependent potassium current,
sAHP (slow afterhyperpolarization), and a fast GABAergic synapse. We show that simulating
extrinsic noise arising from background activity extends the dynamical range of neuronal firing.
Extrinsic noise also has the effect of increasing the switching frequency via a faster build-up
of sAHP current. We show that switching frequency as a function of input current has a non-
monotonic behavior. Interestingly the noise tolerance of this system varies with the input current.
It shows maximum robustness to noise at an input current that corresponds to the minimum
switching frequency between the neurons. The slow decay time scale of SAHP conductance
allows neurons to act as a low-pass filter, attenuate noise, and integrate over ion channel
fluctuations. Additionally, we show that the slow inactivation time of the sSAHP channel allows the
neuron to act as an action potential counter. We propose that this intrinsic property of the current
allows the network to maintain rhythmic activity critical for various functions, despite the noise,
and operate as a temporal integrator.

Keywords: stochasticity, regular rhythmic activity, CPG, Gillespie algorithm, extrinsic noise, intrinsic noise, reliability

Several key brain functions critically depend on the reliable activity of neuronal networks. One of the
enduring questions in Neurosciences has been to understand how neurons generate robust activity patterns
despite an inherently noisy framework. Here we ask how noise arising from intrinsic sources such as
thermal fluctuations ion channels and extrinsic sources such as a variable input affects activity in an
illustrative network capable of generating rhythms. The network consists of two neurons connected by
an inhibitory fast GABAergic synapse that causes neurons to switch off as synaptic current builds up
(See Figure 1). Mutually inhibitory networks of neurons -are a recurring motif across brain areas, for
example; in the hippocampus (Pelkey et al., 2017), central pattern generators associated with locomotion
and digestion (Otto Friesen, [1994), insect olfactory systems (Daun et al., 2009), REM sleep cycle (Lu et al.,
2006), and working memory (Myre and Woodward, |1993)). The on-off switching activity of neurons allows
them to be associated with multiple networks (Hooper and Moulins, |1989). It dictates sequential order of
activity required, for example, locomotion (Cangiano and Grillner, 2004) and spatial navigation Dragoi
and Buzsaki (2006).
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In the system described in Figure 1, switching occurs due to an action potential (AP) triggered build-up
of a calcium-dependent potassium current, specifically called slow after-hyperpolarization (SAHP). The
potassium current causes the neuronal membrane to be hyperpolarized. This hyperpolarization is long-
lasting due to the intrinsic slow closing time of the SAHP channel. As the potassium current builds up, it
makes it incrementally harder for the neuron to fire an AP in response to a stimulus (conductance of SAHP
grows with every calcium spike that closely follow APs). Eventually, the neuron unable to generate an
action potential, deactivates the inhibitory synaptic current (GABAergic) to the connected neuron. This
release from inhibition enables the other neuron to fire action potentials, creating the 121212 activity
pattern. A detailed chronology of events is as follows: Strong DC input is applied to both the neurons
(with identical intrinsic properties but slightly different initial conditions). The neuron with advantageous
initial conditions takes over and generates action potentials. The resulting synaptic current inhibits activity
in the other neuron via a GABA synapse. In the active neuron, in the meantime, APs cause the opening
of voltage-gated calcium channels (VGCCs). VGCCs follow the open-close action of APs closely. The
incoming calcium flux through VGCCS activates the sAHP channels (Figure (1| B top three panels). sSAHP
channels respond rapidly to calcium. However, as the name suggests, sSAHP channels inactivate slowly;
therefore, with each calcium pulse, the number of active sSAHP channels increases. The slow closing
time of the channels allows them to remain open even after calcium channels are closed and calcium is
extruded out, ensures that potassium builds over multiple action potentials. Beyond a hyperpolarization
threshold induced by the potassium current, the neuron is disabled. Thus the action of SAHP terminates
the AP activity after a characteristic time interval governed by the potassium current build-up (Manira
et al., |1994)(Figure (1| B top third panel). The termination of the burst of APs puts an end to the active
inhibitory synapse. The other neuron gets activated now and completes the rhythmic pattern(Figure[I| B
bottom panel).

The overall time over which a single neuron in this network remains active is a function of inactivation
time constant of the SAHP current and synaptic current, stimulus strength, calcium ion flux, intrinsic noise
due to fluctuations of ions channels, and extrinsic noise arising out of modulation of the stimulus (Figure ]|
A) (Figure (1| B third top panel). These contribute to the potassium current differentially and dictate the
burst interval.

Effects of various sources of noise on system behavior and, generally on brain function have been
extensively investigated (Goldwyn and Shea-Brown, 2011). Noise can be both disruptive and enhance
function (Stacey and Durand, 2001). The addition of noise can increase signal detection and transduction
via stochastic resonance in Hippocampal CA1 neurons. (McDonnell and Abbott, 2009} |Schmid et al., 2001}
Stacey and Durand, 2001)). Coherence resonance is another interesting phenomenon that arises due to
noise but increases the regularity of activity (Andreev et al., [2018). Apart from these external sources of
noise (extrinsic noise), intrinsic sources of variability such channel fluctuations can also modify function
(Schmud et al.,|2001). Noisy opening and closing of voltage-gated calcium channels can allow intracellular
calcium influx and trigger downstream calcium-mediated signals, make the neuron more excitable, allow
transmission of subthreshold signals (White et al., 2000) and cause a post-inhibitory rebound effect (Tegnér
et al.,|1997)).

Here we systematically investigate the consequences of significant sources of intrinsic and extrinsic noise
on the reliability of switching in an essential functional network capable of rhythmic behavior: two neurons
connected by an inhibitory synapse (Figure[I]). The effect of extrinsic noise is studied by varying the
amplitude of the current noise. It has been shown that voltage-gated calcium channels (VGCCs) fluctuations
are one of the main contributors to the stochasticity at the synapse (Modchang et al., 2010). We study the
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Figure 1. Network and switching mechanism: A. The network of mutually inhibiting neurons along with
the ion channels which orchestrate the firing and switching activity of the neurons. B. Top to bottom:
Neuron fires action potentials due to depolarization driven by the external current. Calcium channels open
a result of depolarization of the membrane leading to calcium ion influx. The build-up of SAHP current
over multiple action potentials leads to termination of burst in neuron 1. Escape from inhibition and burst
of the neuron 2.

influence of intrinsic noise arising from channel fluctuations of the VGCCs. We ask how calcium channel
noise modulates SAHP conductance and, in turn, changes the switching rate.

1 METHODS

We used a ionic conductance-based model of neurons that are connected to each other via an inhibitory
synapse. The potassium current, SAHP (slow afterhyperpolarization) which is mediated by calcium ions
orchestrates switching in the network (equations (), (2))). Extrinsic noise is interpreted as the noise arising
independently of the state of the neuron, such as the background noise, and is implemented here as an
additive term ¢ to the differential equation of the voltage (equations (1)), (2)). In contrast, intrinsic noise
depends on the state of the neuron. It is implemented in the model as the stochasticity associated with
a small number of ion channels and stochastic channel opening. To model realistic intrinsic noise, we
simulate a Markovian description of the calcium channels using the Gillespie algorithm.
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1.1 Network model

The neurons have voltage-gated calcium channels, and sAHP channels along with voltage-gated sodium
and potassium channels leak current and extrinsic noise.

A% . .

Cﬁ = legternal — INa — Ik — ILeak — Isynapse — IvGoc — Isapp + noise amplitude §; (1)
dVa . .

C% = leaternal — INa — Ik — ILeak — Isynapse — IvGoo — Isamp + noise amplitude §3  (2)

1.2 Hodgkin-Huxley Neuron Model

The classical Hodgkin-Huxley neuron model describes how neurons generate action potentials (Hodgkin
and Huxley, 1990). It has Na™, KT, and leak channels given by,

%
C—r = =gnam°h(V = Ena)l — gien'(V = Ex)) = go(V = Ep) = 1 3)
dx
pri az(l —x)— fyx  where,x =n,m,h ()

Where,

V': membrane potential

n, m, h: gating variables which represent the open fraction of channels of sodium (m, h) and potassium(n).
C = 1 uF/em?: the capacitance of the cell membrane

Eng =50mV, Ex =-77 mV, and E}, = -54.4 mV: reversal potentials of sodium, potassium and leak
channels respectively.

gNa = 120 mS/ em? and G = 36 mS/ em?: maximal conductances of sodium and potassium currents
respectively.

gz, = 0.3 mS/cm?: leak conductance

1(V 4 40)

Am= 1= exp(—.1(V 4 40)) )
B = 4.0exp(—(V + 65)/18.0) ©6)
ap, = .07exp((V + 65)/20.0) (7)

1
= T (v + 35)/10) ®
. 01(V + 55) o

" 1— exp(—(V +55)/10)
Br, = 0.125exp(—(V + 65)/80.0) (10)
INa = gnam’h(V — Enq) (11)

Ig = ggn*(V — Ek) (12)
)

ILeak = gleak(v - ELeak (13)
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96 1.3 sAHP channels

97  The model for calcium-mediated potassium current, SAHP is based on the sAHP channels of CA1
98 pyramidal neurons (Sah and Clements, |1999) (Stanley et al.,|[2011).

47‘b 37‘b 27‘1, Ty To
R = CaR = 2CaR = 3CaR = 4CaR = (14)
Ty 2ry, 3ruy 47y, Tc

99  Where r, =4 i M/sec, r,, = 0.5/sec, r, = 600/sec , and r. = 400/sec. Here R, CAIR, CA2R, CA3R, CA4R,
100 and O are the states of the channel. R is the closed state, and O is the open state. The total conductance of
101 the channel is dependent on the fraction of open channels. The peak open probability of the channel is
102 0.4, and its mean open time is 2.5 msec. When [C'a®T]; falls rapidly, the decay of SAHP is limited by the
103 channel closing and C'a™2 dissociation rates to give a time constant of 1.5 sec (Sah and Clements, |1999).

Isagp = gsanp(V — Esanp) (15)

104  Where g, agp = 0.4 uS/em? and Egagp = Ex =-77 mV

105 1.4 Synapse

106  Inhibitory synapses are modelled using a tan hyperbolic function.

tanh(¥
p= % (16)
107 d ]

sS_p
R VR 17
dt Tr( s) TdS a7

108 )
Isyn = gsyn<v - Esyn) (18)

109 Where gsyp = 2.2 mS/ch, Esyn=-80mV, 7. =0.3 msec™ ! and 7, = 8.9 msec™! .
110 1.5 Voltage gated calcium channels

111 We model the L-type C'av; 3 calcium channels which open at low voltages given by (Stanley et al., | 2011)).

2a(V) a(V)
So = S1 = 9 (19)
B(V) 28(V)
a(V) = Vf” (20)
1- o]
BV) = —= e
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1
Too(VImV]) = (V130) (22)
1+e

Here «, 3 are voltage dependent probabilities of transitions of states S; . The conductance is dependent
on the fraction of open state.

ICav = gCav<V - Ech) (23)

Where geqp = 0.15 mS/em? and Eqy = Ecq = 25 mV
1.6 Modelling calcium dynamics

The intracellular calcium concentration dynamics is modeled as a leaky integrator, (Stanley et al.,[2011)
(Wang, 1998).
d[Ca?* Ca?*
€] ey — (€D

24
dt TCa 24

Where a = 2.10~4[mM (msecuA)~tem?] and 7¢, = 14 ms. a depends on the area to volume ratio of
the neuron, intracellular buffering of calcium, and stochasticity factor, and converts calcium current into
the units of calcium concentration per unit time. The resting calcium concentration is 100 nM and goes up
to 2.5 uM per spike.

1.7 Modelling channel noise

For large channel numbers, the fluctuations in the conductance of channels are small and can be
modeled using deterministic dynamics. However, a small number of ion channels typically dictate the
neuronal dynamics. Under these circumstances, the stochasticity of ion channel fluctuations becomes
relevant. Channel noise has been extensively studied, and various methods to model channel noise have
been explored (reviewed in (Goldwyn and Shea-Brown, 2011). Stochastic dynamics simulated using the
Gillespie algorithm is a fast and accurate algorithm to simulate channel noise (Gillespie, [1976b).

Given that the fluctuations arising out of VGCCs are significant contributors to noise in the calcium signal
that ultimately governs switching dynamics, we selectively target the investigation of noise arising from
calcium channel fluctuations. Towards this control experiment, we implement Markovian description only
VGCCs using the Gillespie algorithm (Gillespiel |1976a), whereas the other components of the model are
modeled deterministically. To accurately capture all transitions, We developed an algorithm to implement
the Gillespie algorithm (for Markovian progression) and Euler method (for deterministic progression) in
tandem for a system of equations with multiple timescales that span several orders of magnitude ((Stanley
et al., 2011) (slowAHP 7 = 1.5 s, fast voltage, and calcium dynamics 7=14 ms). We call this Gillespie-
Euler Hybrid Algorithm, *Tandem Progression Gillespie (TPG), used to simulate realistic time scales and
amplitudes of channel noise.

In our implementation of the Gillespie Algorithm, we updated the entire system at 1) the fixed time step
dictated by the deterministic part of the model and 2) the waiting times obtained from modeling the calcium
channel dynamics as a Poisson process. This is distinct from |Chow and White (1996)), where the voltage
is updated only at times dictated by channel transitions. This modification was crucial as the build-up of
SAHP due to calcium fluctuations would be missed between the channel waiting times otherwise. This
would be especially true when the waiting times are longer. Thus by updating the whole system together at
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a time that arises either out of the calcium channel fluctuations or voltage equations, the dynamics of this
multi-timescale system evolved more accurately via TPG.

In the algorithm by Goldwyn et al. (Goldwyn and Shea-Brown, 2011) (Model DB accession number
138950), voltages are updated at a fixed time step. This algorithm is correct under the assumption that
1) The rates for transitions do not change between two time-steps and 2) There are no slow timescales
involved which could keep track of all the fluctuations, as the fluctuations between the fixed time steps may
not be seen by the voltage and other currents in the neuron.

Algorithm 1. Goldwyn and Shea-Brown Gillespie Modification

ts < time of the next transition,
t, < time to the next transition,
dt < fixed time step
Initialize state vector for ion channels and rates

[ While ¢ < £, }

Gillespie algorithm
Rate calculation
waiting time: t,, = -log(u.r.n)/total rate

Ift, <t+dt

ts =1+ dt
Ry : My < worntotal rate < SO 7
Changes associated with 2,

Update the open fractions
Calculate the conductance and change in voltage
Vigat = Vi +dVdt
t<t+dt

Another implementation of the Gillespie algorithm for conductance-based neurons suggested by Chow et
al. (Chow and White, 1996)) integrates the deterministic system till the waiting time given by the Gillespie
algorithm and updates the stochastic system only after Gillespie waiting times. This algorithm assumes
that the rate constants do not change during the time step, and the rate and waiting time calculations take
into account the dynamics and time-scales from all the ion channels present in the neuron. Yet another
approach used to model channel fluctuations: the system size expansion approach used by (Fox and Lu,
1994), which involves solving the drift-diffusion equation to accurately model the stochastic dynamics
simulated using the Gillespie algorithm since the Gillespie algorithm is computationally expensive. This
approach was not appropriate as the system is not large enough and also would compromise accuracy.

To isolate the influence of noise due to VGCC fluctuations, we use the Markovian kinetic scheme to
simulate channel dynamics, whereas the rest of the system is allowed to evolve deterministically. Since we
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Algorithm 2. Chow and White Gillespie Modification

ts < time of the next transition,
t,, < time to the next transition,
t < current time
Initialize state vector for ion channels and rates

[ While t < t,,4 }

Gillespie algorithm
) Rate calculation
Ry = Y1 ri <wurn X totalrate < Y07 7
Changes associated with 7,

Update the open fractions
Calculate the conductance and change in voltage
Vitt, = Vi +dViy,

l

Recalculate rates 1
waiting time: t,, = -log(u.r.n)/total rate
t—t+ty J

wanted to study the effect of the channel noise arising from one type of ion channel, these modifications
were essential. Integrating at fixed time steps as in (Goldwyn and Shea-Brown, 2011) will lead to missing
channel fluctuations that take place between two time-steps. The fast activation and slow decay timescales
associated with the SAHP current will cause the fluctuations caused by a noisy current input to have a
cumulative effect on the SAHP current and significantly modify switching times between neurons. In order
to not miss these fluctuations, we update the whole system deterministic and in tandem’, the stochastic
system at the Gillespie algorith determined time-steps. While integrating merely at long waiting times
associated with small channel numbers, the dynamics of the other components of the model neuron may
not be captured correctly and could lead to errors. To model the neuronal dynamics correctly, especially
when the waiting times are longer than a fixed time step (0.01 msec used in simulations), we integrate
the system at the fixed time step and also update the stochastic channel states at every integration step to
take into account the changed voltage and current values. Thus by updating the whole system together,
we believe that we are modeling the stochastic channel dynamics as well as the neuronal and network
dynamics accurately. In summary, in Tandem Progression Gillespie, every component of the model is
updated at the same time and is described in Algorithm 3.

For higher channel number, Chow and White and TPG algorithms show similar trends in switching, see
in Figure 2] as most transitions occur at the Gillespie waiting time.

1.8 Calcium channel opening failures

To test how sAHP integrates over irregular and unreliable calcium signal, we induce calcium channel
opening failures with a given probability. Calcium failures are modeled either as individual channel failures
or as ensemble level or pulse failures. Ensemble level failures are calcium pulse failure. Each calcium pulse
can be invisible to the neuron and thus SAHP current with a certain probability (failure rate). The calcium
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Algorithm 3. Tandem Progression Gillespie

ts + time of the next transition,
t, < time to the next transition,
t < current time,
dt < fixed time step,
Initialize state vector for ion channels and rates

[ While t < tong }

Y
Gillespie algorithm
) Rate calculation
Ry : Y M ri <wrn x total rate < > 1 7
Clhanges associated with R,

Update the open fractions
Calculate the conductance and change in voltage
Vittmin = Vi + dVimin

Ift =t

min

waiting time: t,, = -log(u.r.n)/total rate
tmin = min(ts, t +dt) — t J

Recalculate rates w

4 A 10" B
o ® o TPG ® @ Chow and White
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Figure 2. Comparision of switching dynamics for TPG and algorithm used in (Chow and White, |1996) A.
The mean switching frequency described by TPG, and, Gilespie implementation of Chow and White . B.
The CV of interburst intervals for different numbers of calcium channel for the two algorithms.

current comes up again after the failed calcium pulse, and the failure is limited to the duration of calcium
pulse and is carried out by multiplying a voltage-dependent block on the calcium current. In this case, all
channels fail to open during the block. In the case of an individual channel failure, each channel opening
transitions fail with a certain failure probability (failure rate), and thus only one channel fails to open.
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1.9 insilico

insilico is a C++ based computational tool specifically designed developed to simulate neurons. The
deterministic model is implemented using insilico-0.25
http://www.iiserpune.ac.in/~collins/insilico/.

1.10 Analysis

To study the effect of various parameter on the switching dynamics, we look at the burst length and the
switching frequency of the neurons which is the primary functional read-out of the network.
Inter-spike interval and Firing frequency: The time difference between peaks of two consecutive action
potentials is the inter-spike interval, and the inverse of the inter-spike gives us the firing frequency of the
neuron.
Inter-burst interval and switching frequency: We define switching frequency as the frequency with
which the neurons alternate in their activity. Burst is defined as a set of action potentials the neuron fires
before the other neuron is released from inhibition and starts firing When the burst terminates because of
SsAHP current, and other neuron takes over and inhibits the first neuron, the interval between the last action
potential from the last burst to the first action potential of the next burst of the neuron is called an interburst
interval(IBI). The inverse of IBI is called switching frequency or burst frequency.

The action potential is detected if the voltage goes higher than 15 mV and if such a detection happens
after a minimum of time difference of 5 msec after the last detection. A burst is detected when interspike
intervals greater than twice the last inter-burst interval. We calculate the switching frequency by finding the
inverse of the mean of a fixed number of burst lengths. As a measure of regularity of bursts, coefficient of
variation is calculated where 7' is the inter-burst interval, is given by,

(T2) — (T

CV = T

2 RESULTS
2.1 Modulation of switching frequency by driving current

The total time taken for the activity to switch from one neuron to the other, called the ‘Inter-Burst-Interval’,
depends on external current stimulus /.4, its influence on synaptic conductance, G5y, the time constant of
the synaptic current 7y, the conductance of the SAHP current gy, and the AHP-calcium-binding rates.
For physiologically realistic synaptic coupling strengths and sSAHP conductance (gsqn, = 0.4115/ cm?,
synaptic conductance = 2.2/1S/cm?) (Sah and Clements|(1999)), the switching of activity between neurons
is modulated over a couple of Hz (0.8 Hz-3 Hz) and observed for an external current between 13 pA/ em?
to 18.75 A /em?. Switching ceases beyond this range of external current. The dependence of switching
frequency on the external current can be summarized as follows; An increase in driving current makes both
the neurons more excitable and leads to an increase in spiking frequency (Figure 3] A). This increase leads
to an increased rate of calcium spikes and a faster build-up of SAHP current, which can shorten the duration
over which the neuron is active (burst duration). On the other hand, the increase in depolarizing input
drive also increases the hyperpolarization needed to terminate the burst via the SAHP current (expressed in
terms of threshold SAHP open fraction) (Figure [3|B). This has the effect of increasing the duration of the
burst, as it takes longer to reach the threshold sAHP current. The increase in the threshold of the sAHP
current needed to terminate the burst is shown in Figure 3| B. These distinct opposite effects on the rate of
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Figure 3. Frequency modulation by current: Competition between an increase in excitability and sAHP
threshold current leads to non-monotonic changes in switching frequency: A. The spike frequency increases
with increasing current.B. The peak SAHP open fraction reached increases monotonically on increasing
the current. C. The rate of build-up sAHP current shows a minimum at an intermediate current value. D.
The switching frequency shows a non-monotonic dependence on the external current due to two opposing
effects that increasing current has on the neuron’s excitability.

sAHP built-up in response increase in driving current are shown in Figure [3|C. Enhanced depolarization
dictates the initial decrease in the rate of AHPesholq until Ze.=16 pA/ em?. Tt is followed by an in the
rate of the SAHP build-up due to a faster rate of incoming calcium spikes. The initial the spike frequency
increase causes a decrease in the switching frequency (Figure [3] D). It can be explained by the time taken
for sSAHP to achieve higher conductance levels thus extending the switching time. Between the input
current 15 1A /cm? and 16 1A /cm?, the frequency of switching remains fixed at 0.8 Hz. However, beyond
16 1A /cm?, the switching frequency increases as it follows the SAHP build-up rate. Increasing external
driving current to both the neurons described by I.,; in equation (while keeping other parameters
unchanged), thus, has a non-monotonic effect on the switching frequency (Figure 3| D).

2.2 Modulation of switching frequency by extrinsic noise

To investigate the effect of extrinsic noise on the switching times between the two neurons, we simulate
additive current noise (£, equation (I))). Recall that regular switching is orchestrated by calcium current and
intrinsic opening and closing timescale of the SAHP current. At intermediate current values, a minimum in
the coefficient of variation (CV) of switching response (Figure 4] A, blue) is observed that corresponds to a
minimum in SAHP rate (Figure 4| A, green). This indicates that the network is most insensitive to external
noise for a finite range of input current. At these values of intermediate current, the slow AHP current
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integrates noisy input current best to maintain regular switching. At high input current and the consequent
stronger depolarization, a higher threshold AHP fraction is needed to achieve termination of the burst. This
makes the burst duration longer and an improved smoothening of the noisy input by the SAHP current.
The filtering of noisy input is seen as a lower CVs and (see Figure 4] A blue) the cumulative effect of the
fluctuations is seen as an increased switching frequency.

We show that switching frequency (Figure 4B, C (black) and D)increases with noise amplitude. The
switching frequency for three illustrative current values as a function of noise amplitude is shown in (Figure

A@D).

The role of SAHP current in increasing the switching frequency in response to noisy inputs can be
understood in the following way: Current noise causes voltage fluctuations leading to fluctuations in
the voltage-gated calcium current. The sAHP current can note each of these fluctuations in calcium
concentration due to its fast rise-time. However, as the sSAHP current’s decay-time is long, the rise in SAHP
due to calcium fluctuations accumulates over time and leads to a quicker build-up of sSAHP current (Figure
K E), green). The faster build-up of sSAHP terminates the burst earlier, increasing the switching frequency
(Figure [ C, black) with a minor increase in the CV of switching (Figure | C, blue). The stochastic calcium
signal is filtered with a slow decay-time of the SAHP current and only the summation over time rather than
the individual calcium fluctuations dictate the termination of the burst. The increase in switching frequency
mediated by noise goes up with amplitude of input current (Figure 4| D).

In figure @ F, the percentage change in switching frequency range (calculated as:

[fmam _fmin}noise amp

x 100) is shown. The addition of noise increases the range of switching frequencies

[fmaac _fmin]no noise

achieved by ~ 350 % at noise amplitude 0.2. In summary reliable switching over a wider range of
frequencies can be achieved by input noise due to the biophysical properties of the SAHP current.

2.3 Modulation by intrinsic noise: effect of calcium pulse failures on switching
dynamics

To further examine the sensitivity of SAHP response to the fluctuations in calcium current, we introduce
random calcium pulse failures at a varying rates. Increasing the rate of calcium pulse failure decreased the
switching frequency (Figure[5| A) due to a slower build-up of SAHP current (increasing number of calcium
pulses are missed by SAHP current). Predictably, the increase in the failure rate has the effect of increasing
the CV of switching (Figure[5| A). In the presence of a “’stochastically faulty” calcium pulse generator, more
action potentials need to be fired by the neuron to achieve the threshold SAHP current to terminate the burst.
We show the increase in the failure rate (probability) leads to an increase in the number of action potentials
per burst (Figure [5| B). Needing more action potentials to achieve the burst termination also makes the burst
longer. Thus switching frequency decreases with the increase in the number of action potentials in the burst
(Figure [5|C). A linear decrease in switching frequency with increasing the failure rate (Figure[5| A) is seen.
Interestingly, similar trends are seen for independent random trials of the calcium pulse failures occurring
randomly during the epoch of the burst. The invariance to the temporal position of missed calcium pulses
during the burst indicates that the switching behavior is dictated by the number of calcium pulses causing
the build of SAHP current and is insensitive to the temporal order of these calcium pulses.

To systematically test the insensitivity of the SAHP current to the temporal characteristic of the stimulus
train, we induced one failure per burst. We changed the position of the calcium pulse failure relative to the
initiation of the burst. We see that the position of the failure does not affect the switching frequency for
most of the burst and only affects towards the end of the burst( above 900 msec in failure position) (Figure
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Figure 4. Optimal excitability helps in maintaining reliable switching in the presence of extrinsic noise:
A. The minimum in the sAHP build-up (green) rate corresponds to a minimum in the CV of switching
(blue) for noise amplitude 0.8. B. The switching frequency increases on increasing the amplitude of the
noise. C. The switching frequency (black) and the CV of switching (blue) increase on increasing the

noise amplitude for current = 141A/cm?. D. Switching frequency versus the noise amplitude for three
driving current values. E. The rate of sSAHP-build (green) increases as the noise amplitude is increased. In
contrast, the threshold sAHP conductance (open fraction in yellow) remains almost constant on increasing

the noise amplitude for current = 14114 /cm?. F. The switching frequency increases by ~ 350 percent for

current = 14p1A/cm? with the addition of noise along with some unreliability in switching (CV=0.2 at
noise amplitude =1.5).

5| D, blue). The failure at the end of the burst has a drastic effect on the switching frequency. At the end of
the burst, the depolarization is weak, and the inhibition from the inhibiting neuron is strong. Thus missing
a calcium pulse close to the termination of the burst reduces the depolarizing current to the neuron. In the
meantime, the other neuron takes over and inhibits the neuron whose burst is about to end. This results in
increased switching frequency when calcium failures appear at the end of the burst (Figure [5|D blue). A
missed calcium pulse here also increases irregularity in switching (Figure [5|D, green). However, the CV of
the switching remains the same for most missed temporal positions of the calcium pulse. This is illustrated
in Figure [5|D, green. In summary, the sSAHP current serves as an action potential counter and makes the
neuron insensitive to the variations in temporal patterns of the stimulus.
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Figure 5. Switching dynamics in the presence of calcium pulse failures. A. The mean switching fre-
quency(circles) and CV of switching(stars) for changing three different trials of calcium pulse failures for
a range of failure rates. B. Average number of action potentials in a burst as a function of failure rate. C.
The Switching frequency is a function of failure rate and correlates negatively with the number of APs per
burst. D. One single calcium pulse failure is induced, and the position of failure is varied during the burst
(failure position zero indicates that the failure happened as the initiation of the burst and failure position
1000 indicates that the failure happened after 1000 msec of the burst initiation.) Switching frequency (blue)
and CV (green) of switching as a function of failure position.

2.4 Modulation of switching frequency by calcium channel noise

The slow closing times of the SAHP channels result in the SAHP current maintaining a long memory of
these fluctuations. The stochastic opening of calcium channels is the most significant contributor to the
variability in synaptic release (Modchang et al.,|2010)). In order to isolate the effect of calcium channel
stochasticity on switching, markovian opening and closing of channels were simulated; however, the rest
of the system equations were simulated deterministically. Recall that our two neuron system has intrinsic
timescales that vary over a wide range (over two orders of magnitude 7,4 p = 1.5sec, 7.4 = 14dmsec
(Stanley et al., 2011)). The extant algorithms for Markovian simulations; Gilespie algorithm (Gillespie,
1976b)) and the (Goldwyn and Shea-Brown, 2011) introduce errors that accumulate with time due to the
intrinsic differences in timescales. We, therefore, developed an updating system for variables that we call
the Tandem Progression Gillespie or TPG algorithm (See methods for details). According to TPG; 1)
transitions in the calcium channel opening get updated according to the Gillespie algorithm and 2) the
deterministic changes in the rest of the variables (activation and inactivation gates of the ion channels) get
updated according to an Euler integrator. Thus by updating the whole system together at a time that arises
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Figure 6. Opposite effects of increasing the number of channels leads to non-monotonic variation in
switching frequency. A: The switching frequency shows a non-monotonic trend with increasing the number
of calcium channels. B. The switching becomes more regular as the amplitude of fluctuations decreases
with the increasing of the number of calcium channels. C. The fluctuations in the open fraction of calcium
channels become smaller in amplitude with the increasing channel number. D. The mean transition time in
the calcium channel states decreases as channel number is increased, leading to increased frequency of
fluctuations in calcium concentration.

either out of the calcium channel fluctuations or voltage equations, the dynamics of this multi-timescale
system evolved more accurately.

We see that the switching frequency follows a non-monotonic trend with increasing the number of
VGCCs (Figure[6] A). The CV of switching decreases with increasing channel numbers (Figure [ B) as the
fluctuations become smaller in amplitude when the number of calcium channels is increased (Figure[6]C).
Beyond about 100 VGCCS, the switching frequency decreases as the number of VGCCs is increased. The
waiting times from the Gillespie algorithm become shorter as the number of VGCCs are increased (Figure
@ D). When the number of VGCCs is further increased, beyond 400 VGCCs, the fluctuations become
smaller in amplitude, but their frequency increases (Compare Figure B and D). Due to the slow timescales
of the sSAHP current, these closely spaced fluctuations add up in SAHP current leading to a faster build-up
of SAHP current resulting in the increase trend in switching frequencies at large numbers of VDCCs. Thus
the increasing the calcium channel numbers causes a) decrease in the amplitude of fluctuations, b) an
increase in the frequency of fluctuations, which have opposing effects on the switching frequency. The two
opposing effects cause the non-monotonic trend is observed in the switching frequency upon increasing the
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number of calcium channel numbers. These simulations are carried out for the same maximum conductance
of the calcium current.

3 DISCUSSION

It is conjectured that the brain is fundamentally a rhythm generating machine (Buzsaki, 2006). All functions
of the brain, from motor patterns, breathing to cognition, emerge from various rhythms. Reciprocal inhibi-
tion between neuron pairs is ‘the’ building block that generates stable anti-phasic and multiphasic output
patterns. The switching in these reciprocally inhibited networks occurs due to either intrinsic biophysical
properties of ionic currents that assign a distinct periodicity to the rhythm or an external drive. There is a
distinct advantage in studying these systems; for one, the possibility of direct experimental intervention
in isolation to understand the intrinsic basis of rhythm. The other, is the tractable characterization of the
rhythm in terms of burst-interval, cycle period, phase relationships that, by definition, repeat themselves.

We, too, have capitalized on this simple-most network capable of rich dynamical behavior. The central
essence of rhythm generation, to be functionally relevant, is the regularity of the rhythm. We investigate
how intrinsic and extrinsic noise affect the regularity of the switching of activity in two mutually inhibiting
neurons. Switching in our model takes place due to the calcium-mediated potassium current (SAHP)
build-up. The sAHP current allows one neuron to ‘escapes from inhibition” of the other (Wang and Rinzel,
1992). Previous studies have investigated the role of noise in modulating neuronal firing rates (McDonnell
and Abbott, [2009; Schmid et al., 2001; Wang, 1998 |Nesse et al., 2008bla). Current noise either reduces or
enhances the gain of the firing frequency—current relationship depending on the type of intrinsic currents
associated with the cell (Higgs et al.l [2006)). Noise is also seen to induce higher switching frequencies
in CPGs of the rat spinal cord (Taccola, 2011). Some of the other consequences of extrinsic factors on
the switching frequency of two mutually inhibiting neurons are described by Skinner et al.(Skinner et al.,
1994)). Our results demonstrate the non-monotonic effect of increasing external current on switching
frequency. The initial decrease followed by the increase in switching frequency occurs because of the
competing impact of increasing the external current ( Figure [3)); faster build-up of on sSAHP current and
higher-threshold acquired to escape from inhibition. Neuromodulators can modulate biophysical properties
such as the channel conductance and calcium-binding rates (Schwartz et al., 2005) and can further modulate
the range of switching repertoire of the network. It would be interesting to study, for example, the role of
5-HT in modulating the rhythm of the network (Kozlov et al.,[2001).

We describe the effect of varying amplitude of current noise amplitude (Figure 4 on the switching
dynamics. One of the most interesting insights from our study is that the switching frequency repertoire
of the network is extended when current noise is introduced in the simulations (Figure d)). An analytical
description of this phenomenon that uses a phenomenological neuron (Fitzhugh -Nagumo neuron) as an
oscillatory system with multiple-separable timescales appears in Nesse et al. (Nesse et al., 2008a). We find
that this noise-induced enhancement of the dynamical range of switching takes place at a small cost of an
increase in variability. The CV of switching is also seen to depend on the amplitude of the external current
stimulus (Figure 4[C, A and D. Reliable switching in the presence of noise over a range of driving current
indicates a match between the calcium spike frequencies driven by the current stimulus and the timescale
sAHP over which sAHP integrates the current fluctuations. A similar mechanism via a match in timescales
of fluctuations and SAHP current could explain the regular switching seen in many systems such as the
Lamprey locomotion CPG and pre-Botzinger complex (Nesse et al., 2008b; (Cangiano and Grillner, 2004)).
It may not always be possible to update a biological system’s intrinsic parameters in an activity-dependent
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manner. Here we show that external noise can be advantageous rather than a hindrance and extend the
neuron’s dynamic range.

We examined the effect of calcium channel fluctuation, the most significant intrinsic noise source in
neurons (Modchang et al., 2010). Forcing random failures in calcium spikes leads to the linear dependence
of switching frequency on the failure rate (Figure[5). We also show that the rate of switching is invariant
over multiple trials, i.e., switching frequency is insensitive to the position of failure of the calcium spike.
This invariability over numerous trials demonstrates that SAHP current is a spike counter and can serve
as a temporal integrator. Temporal integration has been implicated in audio and visual systems and
involves collating spike patterns over time to improve detection or discrimination (Sayja et al.,[2019). A
good temporal integrator requires that it maintain an average rhythm that is unaffected by input noise.
The network with sAHP current can serve that purpose. A slow afterhyperpolarization that rises from
Na™!/K*! pump dynamics can also act as an integrator of spike number and serve as cellular memory
on the time scales of the cycle periods of the locomotion rhythms (Pulver and Griffith, 2010). Separately,
potassium current with slow inactivation has been implicated in modulating the synaptic plasticity and
short term memory by changing the excitability of the cell (Turrigiano et al.,|1996; Marder et al., [1996;
Stackman et al., 2002). It would be interesting to investigate if SAHP dynamics simulated in our network
would give rise to some form of cellular, short term memory.

The opening of calcium channels is rapid and closely follows the action-potential activity. However, as
mentioned before, the response of the calcium-mediated potassium current, SAHP, is much slower (by order
of magnitude). Thus each action potential leads to a fractional increase in the conductance of these channels.
The firing ceases as the potassium current builds up over a train of action potentials. To account for fast
calcium channel stochasticity and the slow cumulative increase SAHP, we modified the classical Gillespie
algorithm (Gillespie, [1976b). We believe that the modified algorithm, TPG captures the fluctuations and
progressions governing the neuronal and network dynamics over multiple timescales more accurately.

We also investigated the effect of varying calcium channel number while keeping the maximum conduc-
tance the same on the network’s switching dynamics (Figure[6)). As expected, the CV of switching decreases
as the channel number increases. However, the switching frequency has a non-monotonic dependence on
the number of calcium channels. An upstroke in switching frequency is seen for a range of ion channel
number ( ~ 10 - 50). The larger fluctuations in the fraction of open channels result in this behavior. As the
open channel numbers fluctuate widely, the network has more significant excursions through switching
intervals dictated by the open fraction. The waiting times for transitions between states of calcium channels
are too long, and higher frequencies of switching are not achieved when a small number of calcium channels
are present (Figure [6] D ). Interestingly, the number of channels that orchestrate the highest switching
frequencies ( ~ 50 - 300) are also realistic estimates for the number of L-type calcium channels present in
the neuron. An increasing trend in switching frequency is seen again for large numbers of ion channels
(> 500). It is noteworthy that the switching frequency at these high channel numbers (Figure [6| A for
current = 14114 /em? ) is larger than the deterministic limit of switching frequency (Figure 3| D for current
= 141A/ecm?). The small waiting times due to the large population statistics of calcium channels ( Figure
[6/D ) lead to frequent fluctuations in the calcium current. A corollary insight from these calculations is
that stochasticity also plays a role when channel numbers are large when slow dynamics are involved in
contrast to the conventional belief. In sum, the competing effects of fluctuations and waiting times for
calcium channels to change states lead to the non-monotonic behavior seen in switching frequency as we
vary the number of calcium channels (Figure[6]| A).
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The brain is capable of generating regular firing patterns critical for several functions despite irregular
inputs due to channel fluctuations, probabilistic neurotransmitter release diffusion of signaling molecules
and probabilistic binding to receptors, etc. It is almost impossible to suppress all sources of noise experi-
mentally. Computational modeling to isolate the consequences of noise to function is therefore valuable.
Using a minimalistic model system for rhythm generation, our investigations have led to several novel
insights into the contribution of noise to function. Each calcium fluctuation may not immediately affect
the postsynaptic neuron; however, an ionic current like SAHP seems to keep an account of this miniature
activity. We speculate that this may serve as a sub-cellular substrate of memory (Pulver and Griffith/ (2010)).
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