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Supplementary Methods.

Neuron Model. Model preB6tC neurons include a single compartment and incorporate Hodgkin-Huxley style conductances
adapted from previously described models (1-3) and/or experimental data as detailed below. The membrane potential of each
neuron is governed by the following differential equation:
dV

CE = —Ina —Ix —Ispx — Iaap — INaP — Ica — ILeak — ITonic — Isyn, 1]
where C' = 36 pF' is the membrane capacitance and each I; represents a current, with ¢ denoting the current’s type. The currents
include the action potential generating Nat and delayed rectifying K+ currents (In, and Ix), a high voltage activated Na™
and K+ currents for augmenting spike amplitude (Ispx) and AHP (Iamp), a persistent Nat current (Inap), voltage-gated
Ca?t current (Ica), KT dominated leak current (Izeqx), a tonic excitatory synaptic current (I7onic) and a dynamic excitatory
synaptic current (Isyn) which mediates preBétC network interactions. The currents are defined as follows:

INa = gNa - Mya - hna - (V — Ena) 2]
IK:gK'mLII(‘(V_EK) 3]

Ispx = gspi -mspk - hspx - (V — Ena) [4]
Iagp = ganp -magp - (V — Ek) (5]
INaP = gNaP - MNaP - hnap - (V — ENa) [6]
Ica = gca -mca - hea - (V — Eca) [7]
Treak = greak - (V — Erear) (8]

ITonic = gronic - (V — Esyn) 9]

Isyn = gsyn - (V = Esyn), [10]

where g; is the maximum conductance, F; is the reversal potential, and m; and h; are gating variables for channel activation
and inactivation for each current I;. The glutamatergic synaptic conductance gsy, is dynamic and is defined below (Eq. 18).
The values used for the g; and F; appear in Table S1.

Table S1. lonic Channel Parameters.

Channel  Parameters

Ing gNa = 150nS Eng =26.54 - In(Naout = 120mM/Na;y, = 15mM) ~ 55.188 mV
my sy = —43.8mV km =6.0mV s = 0.25ms 71”}2 =—-43.8mV k" =14.0mV
hijs = —67.5mV kp = —11.8mV Th e = 8.46ms Tf/2 = —67.5mV kP =128mV
Ik gr = 220nS Ex =26.54 - In(Kpagth = 8.5mM/K;, =125mM) ~ —71.35mV
A, =0.011 By =44.0mV ka =5.0mV
Ag =017 Bs = 49.0mV ks = 40.0mV
Ispk gspk = Variable
my/o = —27.5mV km =1mV Tm = 0.5ms
hy/o = =27.5mV kp = —1mV TTh = 5ms
Tapp gamp = Variable
my/o = —27.5mV km =1mV Tm = 5ms
InapP gNaP = N(iNaP,ONaP) UNap = 3.33nS onNap = 0.751S
my/o = —47.1mV km =3.1mV e = 1.0ms 7'1"}2 =—471mV k" =6.2mV
hy/s = —60.0mV kp = —9.0mV TR W = 5000 ms T{L/Z =—60.0mV kP =9.0mV
Ieak 9reak = N(fieak,Oleak) Oleak = 0.05 - ticak  Mieak = exp((KBath — 3.425)/4.05)
ELcak:_26~54‘ln[(PNa‘Nain+PK‘Kin)/(PNa'Naout+PK‘KBath)] Pnoe =1 P =42
Erear = —63.73mV
ITonic 9T onic = Variable ESyn =0.0mV
Isyn gsyn = Dynamic, See Eq. 18  Egy, = 0.0mV Tsyn = 5.0ms
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Activation (m;) and inactivation (h;) of voltage-dependent channels are described by the following differential equation:

dX
TX(V)~E=XOO(V)7X; X € {m,h} [11]
where X, represents steady-state activation/inactivation and 7x is a time constant. For Ing, INeP, Ica, IsPk, and Iaup,

the functions X and 7x take the forms
X (V) =1/(1 +exp(—=(V — X1/2)/kx)), [12]

x (V) = Taa/ cosh((V —13)5) /K. [13]

The values of the parameters (X2, kx, TN s 752, and k) corresponding to Ina, INap,lca, Ispx and Iagp are given in
Table S1.
For Ik, steady-state activation mX (V) and time constant 7,5 (V') are given by the expressions

Mo (V) = aeo (V) /(aos (V) + Boo (V)), [14]
T (V) = 1/ (00 (V) + oo (V) [15]
where
Qoo (V) = Aa - (V + Ba)/(1 — exp(—(V + Ba)/ka)), [16]
Boo(V) = Ap - exp(—(V + Bg) /ks). [17]

The values for the constants Aa, Ag, Ba, Bs, ka, and kg are also given in Table S1.
When we include multiple neurons in the network, we index them with subscripts. Then the total synaptic conductance
(gsyn): of the i*" target neuron is described by the following equation:

(gsyn)i = gTonic + Y Wi+ D« Cii- H(t —ty,) - e~ tam) /7o, [18]
Jj#in
where W ; represents the weight of the synaptic connection from neuron j to neuron ¢, D; is a scaling factor for short-term
synaptic depression in the presynaptic neuron j (described in more detail below), C;; is an element of the connectivity matrix
(Cj,; = 1 if neuron j makes a synapse with neuron ¢ and C;; = 0 otherwise), H(.) is the Heaviside step function, and ¢ denotes
time. 7Tsyn is an exponential synaptic decay constant, while ¢; , is the time at which the nt" action potential generated by
neuron j reaches neuron i.

This model includes short-term synaptic depression motivated by experimental observations in the preBotC (4) and past
computational models have suggested (5, 6). Synaptic depression in the j** neuron (D;) was simulated using an established
mean-field model of short-term synaptic dynamics (7-9) as follows:

dD; Do — Dj

dt —TfaD-DJ“(;(tftj). [19]

Where the parameter Dy = 1 sets the maximum value of D;, 7p = 1000 ms sets the rate of recovery from synaptic depression,
ap = 0.2 sets the fractional depression of the synapse each time neuron j spikes and §(.) is the Kronecker delta function which
equals one at the time of each spike in neuron j and zero otherwise. Parameters were chosen to qualitatively match data from

(4).

Network construction. The preBotC network was constructed with random synaptic connectivity distribution where the connection
probability of Ps,» = 13% as motivated by available experimental estimates (10). The weights of excitatory conductances were
uniformly distributed such that Wj; = U(0, Wasaz), where Waraz = 0.2nS is the maximal synaptic conductance.

Heterogeneity of intrinsic cellular properties was introduced into the network by normally distributing the parameters gjeqk
and gnaop (Table S1) as well as by uniformly distributing gspx in Figs. 4-7 to introduce spike amplitude variability. The leak
and NaP conductances were conditionally distributed in order to achieve a bivariate normal distribution, as suggested by
(11, 12). In our simulations, this was achieved by first normally distributing gnap in each neuron according to the values
presented in Table S1. Then a property of bivariate normal distribution was used which says that the conditional distribution
of gieak given gnap is itself a normal distribution with mean (p47..4;) and standard deviation (o7 .,;) described as follows:

Wicak = fireak + p - (Treak/ONaP) - (Ghap — HiNaP), [20]
Uzeak = (1 - p2) : U%eak [21]
In these equations, tireqr and punep are the mean and oreqr and ONaP are the standard deviation of the greqr and gnaep

distributions, while p = 0.8 represents the correlation coefficient and g}, p represents the persistent sodium current conductance
for the i** neuron. All parameters are given in Table S1.

Ryan S. Phillips, and Nathan A. Baertsch 30f19



81

82

83

84

85

86

87

88

89

90

91

92

93

94

95
96
97
98
99
100
101
102
103
104

105

106

107

108

109

Simulating hypoxia. To simulate the combined effects of hypoxia, we imposed changes in Vl%“ and elevated [Nat];, that were
each fit to a sigmoidal function. Because the shift in Vf}g‘ occurs relatively rapidly (within 40s) (13) and the resulting

depolarization and increased spiking activity is expected to exacerbate [Nat];n accumulation as the Na™ /K*-ATPase pump
becomes compromised, hypoxia was simulated as an initial change in Vl%“ followed by accumulation of [Na™];x.

Simulating temperature dependent changes in gating time constants and membrane capacitance. The rate constants for channel gating
change exponentially with temperature and is characterized by a Q10 temperature coefficient, which is a measure of the degree
to which the rate of a biological process depends on temperature over 10°C (14). Q10 values commonly observed for rate
constants of voltage-dependent gating dynamics typically range from 1 to 3 (15-17). For simplicity and feasibility of these
experiments, we assumed a Q10 of 1.5 in all voltage-dependent channel rate constants (17, 18). The resulting scaling factor
(ST Appendix, Fig. S12B) was then multiplied by all of the time constants of the voltage-dependent gating variables (7x (V),
Eq. 13) as well as the time constants for the synaptic current (75y» in Eq. 18) and the rate of recovery from synaptic depression
(7p, Eq. 19). In addition to changes in rate constants, cells also experience a temperature-dependent increase in surface
area, leading to changes in capacitance (19-21) at a rate of approximately 0.3% per °C (22). As such, the model membrane
capacitance was increased at a rate of 0.3% per °C (see Fig.7 & SI Appendix, Fig. S12C).

Data analysis and definitions. Data generated from simulations was post-processed in MATLAB software ver. R2020b (MathWorks,
Natick, MA, USA). An action potential was defined to have occurred in a neuron when its membrane potential V;, increased
through —35mV. Histograms of population activity were calculated as the number of action potentials per 20 ms bin per
neuron, with units of Hz. The amplitudes and frequency of network rhythms were determined by first identifying the peaks
and then calculating the inverse of the interpeak interval from the population histograms. Burst initiation (Fig.3) was defined
as the peak in Inqp recovery of channel availability/inactivation (hnap). Quantification of spike amplitude and AHP as a
function of gspk, gamp, or other parameter manipulations (as in Figs.5-7) was done with gnep = 0nS to eliminate intrinsic
bursting which would make quantification of AHP impossible. To quantify the percentage of the population that became active
since the prior burst we counted the number of neurons in the population that spiked starting 500 m.S after the peak of one
burst to 500 ms after the peak of the next burst, except in cases where the burst duration was longer than 500 ms in which
case this window was manually extended.

Integration methods. All simulations were performed locally on an eight-core computer running the Ubuntu 20.04 operating
system. Simulation software was custom written in C++ and compiled with g++ version 9.3.0. Numerical integration was
performed using the first-order Euler method with a fixed step-size (At) of 0.025ms. All model codes will be made freely
available on GitHub upon publication of this work.
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Fig. S1. Effect of changes in (A) gspk or (B) ga u p on burst frequency (left) and the number of spikes per burst (right).

4 of 19 Ryan S. Phillips, and Nathan A. Baertsch



>

Population

@ Norm. Pop.

Population

Norm. Pop.

Firing Rate

Firing Rate

Firing Rate

Firing Rate

Control: g,,.=0.28nS

gsex=15 NS: gr,,,=0.28nS

Fare=20NS: Groc=0.28nS

140 7 25 -
N
<
0- 0
Cycle o
2 ] Triggered llr)trlnsu: ]
3 Average Flflngl Rate ]
2 ] -~
P SR DN S SR, S 1
0 T , : I I I
-5 0 5 -5 0 . T )
Time (s) Time (s) Time (s)
Control: gr,,,=0.3nS gsp=15 NS: g;,,,,=0.28nS G =30NS: g10nic=0.26nS
25 7
o s

1 1 1 1

1

0
Time (s)

0
Time (s)

0
Time (s)

Fig. S2. Relationship between pre-inspiratory spiking, the percentage of neurons in tonic spiking mode and the intrinsic network firing rate. Example traces (top)
and cycle triggered averages (bottom) in networks with (A) fixed excitability (g7on:c) Or (B) altered excitability such that network frequencies are roughly equal (=~ 3 H z).
Horizontal yellow dashed line indicates the percentage of neurons in tonic spiking mode. The gray horizontal dashed line indicates the intrinsic network firing rate. Notice that

the emergence of pre-inspiratory spiking coincides with the transition of neurons into tonic mode in the control network and in networks with altered spike shapes.
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Fig. S3. Interactions between spike shape, intrinsic bursting, and synaptic weight for network rhythmogenesis. In networks with (A) altered gs p i or (B) altered
gaup the parameter space supporting network rhythmogensis (white regions) was collapsed by decreasing synaptic weights and expanded by increasing synaptic weights.
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Fig. S7. Selective block of I, p in burst-capable or burst-incapable neurons has similar consequences for rhythm generation. (A) Distributions of gn,p and
JgLeak among burst-capable (red) and incapable (black) neurons in a network with gspx = U (0, 12) nS. (B) Prevalence of silent, bursting, and tonic intrinsic cellular
activities with overlaid network firing rate during increasing gron i in the same network. (C1-3) Comparison of global I x, p block (C1) vs. progressive I n, p block specifically
in neurons that are initially burst-capable (C2) or burst-incapable (C3). (D1-3) Fraction of the network that is burst-capable and amount of I, p remaining as a function
of Inqp block progression. (E1-3) Parameter space supporting intrinsic bursting (red) and network rhythmogenesis (white) as a function of excitability (g7 onic) during
progressive I x4 p block. (F1-F3) Raster plots and overlaid network firing rate corresponding to points 1-10 shown in E1-3.
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Fig. S13. Impact of extracellular potassium, temperature and synaptic weights on network properties and dynamics. (A) Relationship between the potassium (E i) and leak
(E'Leak) reversal potentials and extracellular potassium [K*]emt. Relationship between the scaling of time constants (B) and cellular capacitance (C) and the imposed
temperature. (D) Example voltage traces illustrating the transition of a neuron from tonic to bursting mode and from bursting to tonic mode in response to an increase in
temperature. (E) Effect of increases in synaptic weights on the network rhythm at physiological potassium and in vitro (left) or in vivo (right) temperatures. (F) Simulated In . p
attenuation on network rhythms and intrinsic bursting.
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Fig. S14. Simulated hypoxia at physiological [K*]em. (A) Network rhythm during transient hypoxia and recovery.
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Fig. S15. (A) Effects of [K +]mt and/or temperature on the relationship between excitability and network burst frequency.
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