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 35 
Abstract 36 
The preBötzinger Complex (preBötC) encodes inspiratory time as rhythmic bursts of activity 37 
underlying each breath. Spike synchronization throughout a sparsely connected preBötC 38 
microcircuit initiates bursts that ultimately drive the inspiratory motor patterns. Using 39 
minimal microcircuit models to explore burst initiation dynamics, we examined the 40 
variability in probability and latency to burst following exogenous stimulation of a small 41 
subset of neurons, mimicking experiments. Amongst various physiologically plausible 42 
graphs of 1000 excitatory neurons constructed using experimentally determined synaptic and 43 
connectivity parameters, directed Erdős-Rényi graphs with a broad (lognormal) distribution 44 
of synaptic weights best captured the experimentally observed dynamics. preBötC 45 
synchronization leading to bursts was regulated by the efferent connectivity of spiking 46 
neurons that are optimally tuned to amplify modest preinspiratory activity through input 47 
convergence. Employing graph-theoretic and machine-learning-based analyses, we found that 48 
input convergence of efferent connectivity at the next nearest neighbor order was a strong 49 
predictor of incipient synchronization. Our analyses revealed a crucial role of synaptic 50 
heterogeneity in imparting exceptionally robust yet flexible preBötC attractor dynamics. 51 
Given the pervasiveness of lognormally distributed synaptic strengths throughout the 52 
nervous system, we postulate these mechanisms represent a ubiquitous template for 53 
temporal-processing and decision-making computational motifs.  54 
 55 
Significance Statement 56 
 57 
Mammalian breathing is robust, virtually continuous throughout life, yet is inherently labile: 58 
to adapt to rapid metabolic shifts, e.g., fleeing a predator or chasing prey; for airway reflexes; 59 
and to enable non-ventilatory behaviors, e.g., vocalization, breathholding, laughing. 60 
Canonical theoretical frameworks – based on pacemakers and intrinsic bursting – cannot 61 
account for the observed robustness and flexibility of the preBötzinger Complex rhythm. 62 
Experiments reveal network synchronization is the key to initiate inspiratory bursts in each 63 
breathing cycle. We investigated preBötC synchronization dynamics employing network 64 
models constructed with experimentally determined neuronal and synaptic parameters. We 65 
discovered that a fat-tailed (non-Gaussian) synaptic weight distribution – a manifestation of 66 
synaptic heterogeneity – augments neuronal synchronization and attractor dynamics in this 67 
vital rhythmogenic network, contributing to its extraordinary reliability and responsiveness. 68 
 69 
Introduction 70 
 71 
The preBötzinger Complex (preBötC), the kernel of the breathing central pattern generator, 72 
produces inspiratory rhythm in mammals (Smith et al., 1991; Ashhad et al., 2022), for which 73 
emergent network mechanisms play an essential role (Pace et al., 2007b, a; Kam et al., 2013b; 74 
Wang et al., 2014; Feldman and Kam, 2015; Cui et al., 2016; Ashhad and Feldman, 2020; 75 
Ashhad et al., 2022). Inspiratory motor output emerges only when putatively rhythmogenic 76 
Type I preBötC neurons (Rekling et al., 1996; Gray et al., 1999; Kam et al., 2013b; Feldman 77 
and Kam, 2015; Song et al., 2016; Del Negro et al., 2018; Ashhad and Feldman, 2020) initially 78 
firing at low frequency in the preinspiratory period (preI), progressively synchronize to 79 
produce bursts of action potentials (APs) in Type II preBötC output neurons (Gray et al., 80 
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1999; Tan et al., 2008; Picardo et al., 2013; Revill et al., 2015; Cui et al., 2016; Ashhad and 81 
Feldman, 2020) that ultimately drive the motor activity in each breathing cycle (Figure 1A-82 
D). Strikingly, preI, which marks the period for initial synchronization of Type 1 neurons, 83 
varies considerably in duration from cycle to cycle and across experiments in mice: 84 
i) 240 ± 10 ms, mean ± SEM, range 63 - 588 ms; in vitro (Figure 1 B-C) (Gray et al., 1999; 85 
Carroll and Ramirez, 2013; Baertsch et al., 2018; Ashhad and Feldman, 2020), and; 86 
ii) 160 ± 32 ms, mean ± SEM in vivo (anesthetized rats) (Guyenet and Wang, 2001; Cui et al., 87 
2016). We postulate that this variability in preI duration is the consequence of the variability 88 
in preBötC synchronization dynamics (Ashhad and Feldman, 2020). Congruent with this 89 
variability, simultaneous activation of a small subset of preBötC inspiratory-modulated 90 
neurons (4-9 out of ~1000 neurons) in rhythmic slices can initiate a burst with high (>80%) 91 
reliability, albeit at significant delays (170 - 370 ms) (Kam et al., 2013a) (Figure 1E-H). In 92 
these experiments, both the bursting probability and the latency time depend on the 93 
number of activated neurons; as the number of initially activated neurons increases, the 94 
mean latency to burst decreases. However, the latency varies: i) from trial to trial when the 95 
same neurons are stimulated, and; ii) when different randomly selected subsets of the same 96 
number of neurons are stimulated. The combination of an exceptionally high probability of 97 
preBötC synchronization, leading to a burst, with the significant variability in the time to 98 
synchronize represent the twin traits of robustness and lability in this network. The robust 99 
yet labile output represents a critical feature of breathing, raising the challenge to decipher 100 
the underlying mechanisms. Furthermore, since the putative rhythmogenic Type I neurons 101 
appear sparsely (13%) connected (Rekling et al., 2000; Ashhad and Feldman, 2020), we 102 
sought to determine how synchrony can reliably emerge from low levels of initial activity at 103 
the beginning of each cycle.  104 
 105 
A powerful probe of network dynamics is determining its behavior in response to external 106 
perturbation (Forster, 2018). Thus, we sought to identify network features required to 107 
produce bursts consistent with experimentally observed preBötC connectivity and 108 
synchronization dynamics.  109 
 110 
To investigate network properties, we constructed a minimalist model consisting of 1000 111 
leaky integrate-and-fire (LIF) neurons with connectivity patterns and synaptic strengths 112 
consistent with experimental data. The dynamical properties of the LIF neurons were set to 113 
be consistent with the dynamics of (presumptively rhythmogenic) preBötC Type I neurons 114 
(Rekling et al., 1996; Rekling et al., 2000) (Table 1). Next, we simulated the holographic 115 
uncaging experiments of (Kam et al., 2013a), where targeted stimulation of ≤10 preBötC 116 
neurons could induce a burst, by stimulating a randomly selected set of ≤10 neurons 117 
(METHODS, Table 1).  118 
 119 
By identifying plausible connectivity schemes with optimal fits, we found that preBötC 120 
synchronization was very sensitive to details of network connectivity. Only a small subset of 121 
biologically reasonable connectivity schemes, i.e., Erdős-Rényi (ER) graphs with lognormal 122 
distributions of synaptic weights, produced synchronization dynamics consistent with 123 
experiments. Importantly, we found experimentally determined lognormal distributions of 124 
synaptic weights (METHODS; (Rekling et al., 2000)), also present in other neuronal 125 
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networks (Manabe et al., 1992; Lefort et al., 2009; Loewenstein et al., 2011; Buzsaki and 126 
Mizuseki, 2014), were crucial for network synchronization. 127 
 128 
Materials and Methods 129 
 130 
Model  131 
 132 
In each breathing cycle (starting at the end of the previous inspiratory burst), there emerges 133 
at a brief delay low frequency synchronized firing of preBötC neurons, i.e., a burstlet (Kam et 134 
al., 2013b; Sun et al., 2019; Ashhad and Feldman, 2020; Kallurkar et al., 2020) that precedes 135 
and ultimately triggers, with high probability, each inspiratory burst (Figure 1B-C). This is 136 
followed by a postburst refractoriness and the cycle repeats. The dynamics of network 137 
synchronization underlying burstlets and subsequent burst formation is the focus here. We 138 
do not consider the termination of network bursts or the transfer of bursts to the output 139 
targets of the preBötC. To explore preBötC synchronization dynamics leading to bursts, we 140 
constructed models consisting of 1000 excitatory neurons (within an order of magnitude of 141 
the number of inspiratory neurons in rodent preBötC) to simulate experiments where 142 
simultaneous stimulation of 4-9 preBötC inspiratory neurons can induce inspiratory bursts 143 
(I-bursts; Figures 1, 2). Notably, these experiments (Kam et al., 2013a) were performed in 144 
rhythmic in vitro slices under high excitability conditions (9mM K+ in the bath solution), 145 
with targeted neurons excited by holographic uncaging of caged MNI-Glutamate. 146 
Furthermore, preBötC rhythmicity is mediated by excitatory neurons as rhythmicity persists 147 
upon pharmacological blockade of local inhibition, both in vivo and in vitro (Janczewski et 148 
al., 2013; Ashhad and Feldman, 2020). Thus, to best approximate these experimental 149 
conditions, and given that the rhythm persists in the absence of inhibition (ibid), we did not 150 
incorporate inhibitory neurons in our models. 151 
 152 
We modeled the preBötC by treating its constituent neurons as low dimensional, nonlinear 153 
dynamical systems interacting on a quenched (and frequently random) directed graph, an 154 
approach pioneered in other neural networks (Gerstner, 1995; Ermentrout, 1998; Perin et al., 155 
2011; Gal et al., 2019). In such studies, neuronal models fall into two distinct classes: (i) firing 156 
rate models that treat neuronal output in terms of a single firing rate variable but ignore the 157 
temporal structure of the underlying spike trains, or; (ii) spiking models that consider the 158 
timing of each spike in the network where neuronal interactions depend on the temporal 159 
coincidence of discrete excitatory postsynaptic potentials (EPSPs) rather than on their rate-160 
based, highly smoothed temporal summation (Bernander et al., 1994; Wang and Buzsaki, 161 
1996; Diesmann et al., 1999; Lindsey et al., 2000; Kumar et al., 2010). Since firing-rate models 162 
cannot readily account for the observation that the simultaneous stimulation of a small 163 
subset of neurons (4-9) can induce a global response, i.e., a network burst, at considerable 164 
delay (range: ~60-400 ms) in vitro (Kam et al., 2013a), we focus solely on spiking models by 165 
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incorporating the leaky integrate-and-fire (LIF) models of preBötC Type-I neurons 166 
(Methods).  167 
 168 
Neuronal Dynamics 169 
 170 
In the leaky integrate-and fire (LIF) model for point neurons, the change of somatic potential 171 
Vi the ith neuron at time t is determined by (Gerstner, 1995): 172 
 173 
  𝜏 = 𝑉 − 𝑉 (𝑡) + 𝑅 ∑ 𝐼 , (𝑡),;     (1) 174 
 175 
Were, 𝑉  is the resting membrane potential, 𝜏  is the membrane time constant, 𝑅 176 
is the input resistance, 𝐼 ,  is input current from jth to ith neuron, and the sum is over all 177 
neurons that synapse to the ith neuron. 𝑉  was set at either at –60 mV or –65 mV 178 
depending on the simulated experimental conditions. The current was defined as in (Brunel 179 
and Sergi, 1998). 180 
 181 

 𝐼 , (𝑡) = 𝑾𝒊𝒋 𝑡 − 𝑡 − Δ𝑡 𝑒𝑥𝑝 − , 𝑡 ≥ 𝑡 + Δ𝑡  0, 𝑡 < 𝑡 + Δ𝑡 ;   (2) 182 

 183 
Here 𝑡  is the time of spike initiation in the jth neuron. The synaptic weight 𝑾𝒊𝒋 controls the 184 
magnitude of the effect of the spike going from the jth to the ith neuron, while 𝜏  sets the 185 
temporal width of the spike, Δ𝑡  the spike’s transmission delay time. 186 

For single spikes, these equations can be solved analytically. Assuming neuron i to be at its 187 
resting potential before the arrival of a spike, the solution for its potential (which is the 188 
waveform of the resulting EPSP) is: 189 
 190 

  𝑉(𝑡) = 𝑾𝒊𝒋 𝑒 − (1 + 𝛾 𝑡 )𝑒 ;     (3) 191 

 192 
with t’ = 𝑡 − 𝑡 − Δ𝑡 , 𝛾 = 1/𝜏 , 𝛾 = 1/𝜏 , and 𝛾 = 𝛾 − 𝛾 . 193 
 194 
Choice of the physiological parameters 195 
 196 
While synaptic latency, Δ𝑡ij, was taken directly from the experimental data (Rekling et al., 197 
2000), we fit parameters 𝜏m, 𝜏s, and Wij to obtain approximately the same EPSP profile as 198 
observed experimentally. The EPSP decay time constant 20 ms is almost 𝜏m (𝜏m>>𝜏s). We then 199 
chose 𝜏s to fit the experimentally determined EPSP rise time (Rekling et al., 2000). The 200 
lognormal distribution for EPSP amplitudes was determined from published parameters 201 
(Rekling et al., 2000). Specifically, the unitary EPSP amplitude of inputs from preBötC Type I 202 
neurons was distributed as 2.8 ±1.5 mV (mean±SD). The high variance of EPSP amplitude 203 
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requires a heavy tailed distribution in order to capture the entire range of EPSPs without 204 
incurring negative values, i.e., assuming a symmetric normal distribution 99.75% 205 
(mean±3SD) range of EPSPs would be -1.7 mV to 7.3 mV. Furthermore, this EPSP 206 
distribution is consistent with the notion that biologically plausible, lognormal distributions 207 
of unitary EPSP amplitudes present in several brain regions (Buzsaki and Mizuseki, 2014). 208 
Thus, we modeled EPSP amplitudes by fitting the parameters of a lognormal distribution for 209 
synaptic weights Wij to reflect the experimental range of unitary EPSP amplitudes. In terms 210 
of the model parameters, an EPSP amplitude of 2.8 mV required a synaptic weight of Wij = 211 
300 mV/ms. 212 

The deterministic generation of spikes by model neurons was controlled as follows. When 213 
the neuronal potential exceeded a threshold V*, it generated an action potential, and the 214 
potential dropped instantaneously back to Vrest, with the boundary condition that the neuron 215 
cannot fire during the refractory period after a previous spike (τrefractory = 3 ms)(Gerstner, 1995; 216 
Ermentrout, 1998; Ashhad and Feldman, 2020); the potential then continued to obey Eq. (1). 217 
When, however, we allowed spontaneous stochastic firing (Figure 10 only), regardless of 218 
potential, spontaneous firing may occur due to inherent neuronal excitability. This baseline 219 
firing was modeled as a Poisson process with the frequency fnoise (0.5 to 2.0 Hz), creating 220 
background uncorrelated network activity (Gray et al., 1999). We demonstrate the dynamics 221 
of the model in a network with three neurons (Figure 2C, left).  222 
 223 
Network structure 224 
 225 
To complete our model definition, we specified the fixed network over which the neurons 226 
interact. The preBötC network topology does not appear to exhibit any anatomical and 227 
cytoarchitectural regularity, as distinguished from such structures as cortical columns or 228 
hippocampus. Consequently, we investigated a few classes of physiologically plausible 229 
networks. Specifically, we considered four distinct ensembles of random directed graphs: (i) 230 
Erdős–Rényi (ER; (Erdos, 1959; Gilbert, 1959)) directed graphs; (ii) directed graphs with an 231 
increased number of directed 3-simplicies (small world; see definition below); (iii) localized, 232 
and; (iv) hierarchical graphs.  233 
 234 
Erdős–Rényi (ER; (Erdos, 1959; Gilbert, 1959)) directed graphs: The motivation to study ER 235 
graphs was to model random connectivity without any a priori assumption about preBötC 236 
network topology. In the ensemble of directed ER graphs, the probability for any two 237 
preBötC neurons to be unidirectionally connected was the same, i.e.,  p = 0.065 based on 238 
experimental data (Rekling et al., 2000). Bidirectional connections, which were not observed 239 
experimentally, were not forbidden, although their probability of occurrence p2 was 240 
negligible. Representative diagrams of these networks are shown in Figure 3.  241 
 242 
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Directed graphs with an increased number of directed 3-simplicies (small world): We also 243 
considered the preponderance of 3-simplices, where three neurons A, B, and C interconnect 244 
such that neuron A synapses onto both neurons B and C, while neuron B synapses to neuron 245 
C (Figure 2C)) in constructing our models. Notably, in small-world networks (Watts and 246 
Strogatz, 1998) and for some neuronal networks, including neocortex, the number of 247 
directed 3-simplices is significantly higher (Perin et al., 2011; Gal et al., 2019) than that 248 
expected in a typical ER network (Ns = (pN)3). Thus, in some models, we added 3-simplicies 249 
to ER networks to exceed the average number of simplices in the ER network by ~11%.  250 
 251 
Localized network: The localized networks were constructed as follows: we placed 1000 252 
neurons in a planar, square array with neighboring neurons separated by unit distance. We 253 
then added directed edges to form a network, such that the probability for two nodes to be 254 
connected decayed exponentially with distance (motivated by the fact that synaptic 255 
connections in some neural microcircuits decrease with interneuronal distance (Perin et al., 256 
2011)), i.e., the probability of a direct connection between neurons i and j was given by  257 𝑝 ∝ exp ( )  258 
where dij is the distance between them and 𝜆 is the mean connection length. The case 259 𝜆 ≫ 100 corresponds to the ER network. This model is generalizable to higher dimensional 260 
networks, but we did not pursue that possibility. 261 
 262 
Hierarchical networks: Finally, we considered the ensemble of (c,q)-hierarchical networks of 263 
N neurons with c central groups of at least q neurons each, and one large peripheral group 264 
containing the almost all neurons of the network – N≫cq; q was chosen such that q 265 
simultaneous EPSPs incident on a neuron are required to produce a spike. Each neuron in 266 
the peripheral group synapsed onto each neuron in the first central group. Each neuron in 267 
the first central group synapsed onto each neuron in the second central group, etc. Neurons 268 
in central groups were all-to-all connected, while neurons in the peripheral group were not 269 
connected to each other. Finally, each neuron from the last central group synapsed onto each 270 
neuron in the peripheral group. Figures. 2C and 3E are examples with c = 2. We introduced 271 
more than one central groups in order to avoid bidirectional connections between pairs of 272 
neurons, as these have not been observed experimentally (Rekling et al., 2000). We 273 
considered such networks as they are most likely to produce a burst. 274 
 275 
 276 
Simulations for stimulation of 1-10 preBötC neurons leading to network bursts 277 
 278 
Stimulation (by holographic photolysis of caged glutamate) of 4–9 of preBötC neurons 279 
induces inspiratory bursts (I-burst) through synchronization of preBötC rhythmogenic 280 
neurons with a ≳80% success rate (Kam et al., 2013a). To model the experimental conditions 281 
in a connected population of 1000 LIF point neurons, we mimicked the effect of 9 mM [K+] 282 
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in the extracellular bathing solution on neuronal excitability by incorporating a constant 283 
depolarizing potential that put Vrest ~ -60 mV while keeping the threshold for initiation of 284 
spikes at -48 mV; for the purposes of the model, this was represented by a +12 mV 285 
depolarization from baseline potential, redefined as 0 mV (Figure 2C). We simulated the 286 
effects of experimental photostimulation by “depolarizing” chosen neurons to produce a 287 
similar pattern of spikes (Kam et al., 2013a). Specifically, to simulate the holographic 288 
photolysis experiments (Kam et al., 2013a), we initiated spiking in 1-9 neurons in a 289 
connected population (Rekling et al., 2000) of 1000 LIF neurons, q.v., MODEL section, at 290 
25 ± 3 Hz per their experimentally characterized firing behavior (Kam et al., 2013a) (Figure 291 
1F). We characterized the spiking pattern by the time between activation and the first spike 292 
τdelay, average period of spiking of the stimulated neurons, Tlaser, the standard deviation, ΔT, of 293 
the spiking period distribution, and the number of spikes produced nspikes, all based on 294 
experimental measurements (Kam et al., 2013a). The parameters used for the model are listed 295 
Table 1. Figure 4 illustrates a typical process of burst generation in the model. 296 
 297 
Seeding preBötC neurons with low-frequency uncorrelated firing to initiate network bursts 298 
 299 
preBötC Type I inspiratory neurons, which collectively are putatively rhythmogenic 300 
(Rekling et al., 1996; Gray et al., 1999; Picardo et al., 2013; Ashhad and Feldman, 2020), start 301 
firing in vitro at very low frequencies (~0.5-1 Hz) in the late interburst interval, referred to 302 
as the preinspiratory (preI) period. Their activity leads to progressive network 303 
synchronization in the preI period that culminates in an inspiratory burst. We modeled this 304 
preI activity by initializing the neurons in the network to fire randomly at Poisson-305 
distributed frequencies (mean range: 0.5 to 2.0 Hz), to seed the network with low levels of 306 
uncorrelated activity, as observed preceding each burst in experiments (Rekling et al., 1996; 307 
Gray et al., 1999; Picardo et al., 2013; Ashhad and Feldman, 2020). After this initialization of 308 
neuronal activity, we computed the network firing rate in 5 ms bins as a measure of 309 
instantaneous synchrony in the network (Riehle et al., 1997). We chose this temporal 310 
window to capture correlated firing, i.e., synchrony, among neurons as this window (of 311 
coincidence) was too short for any neuron to spike more than once (their refractory period 312 
was set to 3 ms in all the models, a reasonable boundary condition based on experimental 313 
data, Table 1). Next, we computed average network activity from the firing rate computed in 314 
5 ms bins, as a two-pass moving average, with a 25 ms moving window and 5 ms steps size.  315 
 316 
Generalized senderness 317 
 318 
To introduce more general network quantities related to the efferent synaptic connectivity 319 
and neuronal activity, we first denote the initial state of the network by the vector X(0), 320 
where its ith component is 1 if the ith neuron was initially stimulated and 0 otherwise; the 321 
number of these stimulated neurons is ∑ 𝑿(𝟎)𝒊𝒊 . We define the matrix of synaptic weights W, 322 
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where 𝑾𝒊𝒋 is the strength of the synaptic connection from neuron j to neuron i. The 323 
quenched random matrices of synaptic weights W with matrix elements 𝑾𝒊𝒋 completely 324 
define a network drawn from one of the four ensembles discussed above. These matrices are 325 
generally sparse and have nonnegative (excitatory) entries, which can be selected from any 326 
distribution, although we focused on lognormal distributions. 327 
 328 
With these definitions, matrix multiplication generates a new vector 329 
 330 
   X(1) = W* X(0);         (4) 331 
 332 
which gives the list of neurons that receive inputs from the initially stimulated ones, 333 
weighted by synaptic strength. This vector essentially encodes the effect of the initially 334 
stimulated neurons on the rest of the network, but with no information about next order 335 
neighbors of the initially stimulated neurons. To include this information about higher order 336 
neighbors, one can iterate this procedure multiple times introducing 337 
 338 

X(n+1)= W* X(n) ;        (5) 339 
 340 

While this formally takes into account next-nearest and higher-order neighbors, using Eq. 5 341 
to investigate how the initial stimulus propagates through the network implicitly assumes a 342 
linear weighting of neuronal activity propagating from one order to the next via a simple 343 
synaptic weight multiplication. In reality, the activation function of the neuron is non-344 
linear, having a threshold.  345 
 346 
To account for the nonlinearity, we propose a nonlinear generalization of the above quantity: 347 𝑿(𝒏)𝒊𝟏𝒊𝟐…𝒊𝒏 = 𝑾 ∗ 𝑾 ∗ 𝑾 ∗ 𝑿(𝟎)𝒊𝟏 𝒊𝟐 𝒊𝟑 … 𝒊𝒏

      (6) 348 

 349 
where 𝑋  is element-wise ith power of the vector 𝑋, i.e., each component is independently 350 
raised to that power. Finally, to obtain a single scalar quantity, we sum over the elements of 351 
the vector 𝑋, to obtain our definition of generalized senderness S weighted by synaptic 352 
strength 353 
 354 𝑺(𝒏)𝒊𝟏𝒊𝟐…𝒊𝒏 = ∑ 𝑋( )𝒊𝟏𝒊𝟐…𝒊𝒏           (7) 355 
 356 
Similarly, we define an unweighted generalized senderness 𝑺𝒔𝒚𝒏𝒐𝒖𝒕 by setting all non-zero 357 𝑾𝒊𝒋 values in the synaptic weight matrix W to one. Thus, 𝑺𝒘𝒆𝒊𝒈𝒉𝒕(𝟏)𝟏 and 𝑺𝒔𝒚𝒏𝒐𝒖𝒕(𝟏)𝟏 define 358 
the total synaptic weights and total outward synapses, respectively, of the actve subset of 359 
neurons. We emphasize that we have defined an infinite set of increasingly complex 360 
measures of neuronal activity propagation through the network. We note that the index n 361 



 

 10

counts the number of generations of neighbors that 𝑺(𝒏)𝒊𝟏𝒊𝟐…𝒊𝒏 covers, while the superscripts 362 
list the (element-wise) exponentiation of the evolving vector X(n) at the nth generation. 363 
Higher exponents increase the effect of nonlinearity of the neuronal response function. In 364 
the following we consider both low order (small n) and weakly nonlinear (small integer ik for 365 
all 1< k < n) versions of generalized senderness. We address the question of which of these 366 
quantities is predictive for burst initiation using a machine-learning based filter. 367 
 368 
Simulations and graph analysis 369 
 370 
Network models were implemented in Python with NumPy. Simulations were performed on 371 
the Jupyter Notebook platform with integration time step of 50 µs. Graph statistics (Figure 2) 372 
were analyzed in the Gephi (version 0.9.2) graph visualization platform (www.netbeans.org). 373 
Data analysis was performed with custom-written software in IgorPro (version 7.08, 374 
WaveMetrics, Inc.). 375 
 376 
Experimental design and statistical analyses  377 
 378 
Statistical analyses were performed using IgorPro (version 7.08, WaveMetrics, Inc.). For 379 
statistical significance, testing normality was neither tested nor assumed; hence, non-380 
parametric tests were used. For box-and-whisker plots, center line represents the median; 381 
box limits, upper and lower quartiles and whiskers represent 90 and 10 percentile range. 382 
 383 
Code accessibility 384 
 385 
The codes for simulations generated in this study are available from the corresponding 386 
author upon reasonable request. Further information and requests for resources and reagents 387 
should be directed to and will be fulfilled by the corresponding author, Jack L. Feldman 388 
(feldman@g.ucla.edu). 389 
 390 
 391 
Results 392 
 393 
Randomly connected networks of excitatory neurons replicated preBötC synchronization  394 
 395 
We explored models to simulate the experimental result that stimulation of 4-9 preBötC 396 
neurons can induce inspiratory bursts (I-bursts; Figures 1, 2; also see METHODS). The 397 
principal measurable quantities following the exogenous stimulation of the preBötC (Kam et 398 
al., 2013a) are the number of stimulated neurons, the burst probability after stimulation, and, 399 
when bursts occur, the latency, i.e., delay between stimulation onset and bursting. In 400 
experiments, a burst corresponds roughly to the concurrent firing of the entire network, q.v., 401 
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Figure 1B for typical burst data. In simulations, a burst occurred when the potential averaged 402 
over all neurons was above the individual neuron firing threshold. Our results depended 403 
only weakly on this threshold because typically the entire network was active in a burst 404 
within a short temporal window of 2-3 ms after its onset (Figures 4A-B, 5A). This criterion 405 
for bursting allowed us to distinguish bursts from burstlets, which are transient maxima 406 
(smaller than bursts) in the network population activity that subside rather than progressing 407 
to a burst (see Figure 10). These burstlets resemble those seen in experiments, e.g., * in Figure 408 
1B). 409 
 410 
We simulated a typical process of preBötC synchronization and burst generation on ER 411 
networks by activating 7 randomly selected neurons (the experimental sweet spot in the 412 
range 4-9 for burst activation) over 5 trials (Figure 5, R1-R5). In 5 separate runs, the same set 413 
of 7 randomly chosen neurons in the same network was activated. A key observation was 414 
that the burst activation time series replicated the experimental data, i.e., in this network, 415 
slight variations in the order of and of the precise individual activation times (±5 ms, SD) of 416 
the same subset of neurons resulted in considerable variability in the evolution of activity. 417 
Bursts were not observed in every run (1 failure/5 runs), and when bursts were produced 418 
(4/5), there was considerable dispersion of delay times (99 ms-195 ms; 145 ± 21 ms, 419 
mean ± SEM); these values were in the same range as experimental data (57 ms – 160 ms; 420 
125 ± 23 ms; mean ± SEM; (Kam et al., 2013a)) (cf. Figures 5A,C with Figure 1I). Notably, no 421 
tuning of experimentally measured parameters was necessary.  422 
 423 
In these representative trials, network activity growth due to spiking synchronization could 424 
be divided into two epochs. During the first, activity growth was insignificant (Figure 5C), 425 
insufficient to initiate a burst. In some cycles, spikes from activated neurons did not induce 426 
any substantial spiking in their downstream (postsynaptic) neurons, e.g., the first set of spikes 427 
for R1-R5 in Figure 5A. Consequently, network activity decayed down to baseline once these 428 
neurons stopped firing in response to their initial stimulus (Figure 5B-C first set of spikes 429 
between 0-50 ms). With repeated activation of stimulated neurons, their spikes had higher 430 
coincidence in certain intervals due to the inherent jitter in activation times. This led to a 431 
suprathreshold summation of synaptic potentials in their postsynaptic neurons, activating a 432 
sufficiently large group of neurons to drive synchronization, which marked the second 433 
epoch. During this epoch, the transient network activity continued and spread synchronous 434 
activity that fueled a rapid and sudden amplification of network activity, i.e., a burst. At this 435 
point, the simulations were terminated (see Fig. 4 for the continuous bursting regime when 436 
the simulation was not terminated). For a run that did not end with network 437 
synchronization (Figure 5A-C, R2), the simulation trial ended with the last spike of initially 438 
activated neurons (Figure 5A) and silencing of the entire network (Figure 5B-C, red trial).  439 
 440 
In experiments in vitro, one does not know the connections of the stimulated neurons. 441 
Accordingly, in simulations, we chose the stimulated neurons randomly with equal 442 
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probabilities, using our measures of senderness ex post facto to understand why the 443 
stimulation of the same set of neurons did not always lead to the same bursting outcome (see 444 
below). To address the probabilistic nature of eliciting a burst, each trial with a given subset 445 
of stimulated neurons was performed 5 times (each curve in Figure 6). The synchronization 446 
probability was defined as the ratio of the successful burst-inducing trial vs the total number 447 
of trials. 448 
 449 
Almost all network topologies with physiologically constrained parameters we tested (see 450 
METHODS) synchronized, i.e., showed significant spike-to-spike correlated activity between 451 
and among a large fraction of neurons (Kumar et al., 2010; Wang, 2010; Ratte et al., 2013) at 452 
various latencies (Figure 6) that is a hallmark of preBötC inspiratory activity (Ashhad and 453 
Feldman, 2020) (Figure 1C,E-I). However, the ensembles of networks with differing 454 
connectomes demonstrated different patterns of behavior. For both localized (Figure 6A-C) 455 
and hierarchical (Figure 6D-F) networks, which had significant clustering (a measure of how 456 
strongly neurons are interconnected into groups, see METHODS), the threshold number of 457 
stimulated neurons to synchronize the network with 80% success rate ranged from 2-4 for 458 
majority of the networks tested over multiple realizations (each realization representing a 459 
different network but with similar topological properties) (Watts and Strogatz, 1998). We 460 
considered these networks to be too excitable since the minimum observed experimentally 461 
for >80% success was 4 stimulated neurons. Only randomly connected ER graphs could 462 
produce in response to activating 4-9 neurons preBötC bursts with synchronization at a 463 
>80% success rate (Figure 6G–I) at latencies comparable to those seen experimentally (Figure 464 
6I, grey box). We recall that in these networks, the outward connection from any neuron to 465 
other neurons was based on the experimentally measured probability of 0.065 and included 466 
an additional random factor in connection strength in order to reflect the experimentally 467 
determined variance (Rekling et al., 2000). Consequently, the threshold number of 468 
stimulated neurons required to reliably (>80%) synchronize a network varied among 469 
networks with the same overall parameters (see Figure 6H for the probabilities to 470 
synchronize; each curve is a different network with different choice of activated neurons). 471 
Illustrative of the effects of spike timing, Figures 6C, F, I, and L show the variability in time 472 
to synchronize (as error bars) within a given network when the same neurons were activated 473 
in random order across various trials. The range of mean latencies to synchronize different 474 
ER networks was 39–235 ms, inversely related to the number of stimulated neurons (Figure 475 
6I), similar to experiments (cf. Figure 6I with Figure 1H-I; mean latency for the threshold 476 
number of stimulated neurons: model: 73±3 – 184±15 ms, mean ± SEM, across different 477 
network iterations; experiments: 255 ± 43 ms (Kam et al., 2013a) mean ± SEM, range 170 –478 
 370 ms). Interestingly, when we tweaked the connectivity in these ER networks to increase 479 
the number of directed triangular edges, i.e., 3-simplices (see METHODS), by 11% (shifting 480 
network topology to small world-like (Watts and Strogatz, 1998) (Figures 3,6J-L), the 481 
threshold number of neurons required to reliably synchronize the network decreased to 2–4 482 
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in 5 of 10 different realizations (Figure 6K) with decreased latency to synchronize (27 ± 0.6 –483 
 116 ± 16 ms, mean ± SEM) (Figure 6L).  484 
 485 
Thus, increasing the clustering coefficients decreased the number of neurons required for 486 
global synchronization (cf. Figures 6 A, D, G, and J). Indeed, if the network was clustered, 487 
then it was more likely that neuronal activation confined to one cluster led to a burst, while 488 
activation of the same number of neurons in different clusters did not. The synchronization 489 
between activated neurons plays a marginal role in this picture. As a result, the bursting 490 
probability in these other networks rapidly jumps between 0 and 1. While this establishes 491 
that ER networks behave in ways consistent with experimental data, we cannot exclude the 492 
possibility that other network topologies not evaluated here could produce synchronization 493 
dynamics consistent with experimental data. 494 
 495 
Similar reasoning rationalizes the observed latency time as the function of the number of 496 
activated neurons. When small numbers of neurons are stimulated, it is likely that the 497 
number of spiking neurons will initially grow slowly in the ER network resulting in 498 
relatively long latency times when the number of initially stimulated neurons is small. 499 
Moreover, the latency time will decrease monotonically as the number of initially stimulated 500 
neurons is increased. In contrast, in clustered networks neuronal simulation is more likely to 501 
lead to subsequent activation of clustered groups of neurons, which significantly reduces the 502 
latency time. Of course, outliers are possible, e.g., the red trace for the localized matrix in 503 
Fig. 6C where the long delay time reflects many synchronization attempts between the 504 
initially stimulated neurons where only the last trial met with success. Since the 505 
experimental data suggests that the delay time smoothly varies as one changes the number of 506 
activated neurons, this observation further supports our inference that cluster-free networks 507 
(such as the ER) are necessary to reproduce consistently all of the dynamical data on 508 
synchronization and bursting. 509 
 510 
Can these results illuminate the mechanistic underpinnings of robustness and lability of 511 
breathing? As noted above, in experiments, the latency to synchronize the preBötC network 512 
towards inspiratory bursts is highly variable (Carroll and Ramirez, 2013; Kam et al., 2013b; 513 
Kam et al., 2013a; Cui et al., 2016; Del Negro et al., 2018; Ashhad and Feldman, 2020) (Figure 514 
1C, H). Additionally, when the same neurons were stimulated across multiple trials, there 515 
was an occasional failure to induce bursts (Kam et al., 2013a). Similarly, across multiple 516 
simulation trials, activated neurons could induce or fail to induce a burst (Figures 5A-C, 6). 517 
Moreover, when bursts occurred, multiple intervals of bouts of spiking from stimulated 518 
neurons were required, as spikes in initial intervals were unable to induce a burst. For 519 
instance, in Figure 5A, in trial R1(black), the 3rd set of spikes from the stimulated neurons at 520 
100 ms recruited quiescent neurons, but activity failed to propagate (black box, Figure 5A-C). 521 
However, in trial R4 (blue), spikes from the stimulated neurons induced a burst even when 522 
they were less synchronous than the ones in R1 at 100 ms (Figure 5B-C black boxes). 523 
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Similarly, in trial R5 (purple) at 150 ms, the stimulated neurons recruited several of their 524 
postsynaptic neurons, but the network failed to synchronize fully (purple box Figure 5B-C). 525 
In the same trial at 200 ms, weaker synchrony among the stimulated neurons (compared to 526 
those at 150 ms) induced a burst. Based on the properties of synchronous propagation of 527 
pulse packets (Diesmann et al., 1999), with the same set of input neurons we expected that 528 
activity propagation should depend only on the initial synchrony of active neurons. In 529 
contrast, we observed failure to produce bursts even when the synchrony among the 530 
stimulated neurons was higher than in some successful intervals, revealing that the local 531 
connectivity of spiking neurons with their postsynaptic partners convolves with the 532 
instantaneous network state to shape the flow of activity. 533 
 534 
To better understand how activity fluctuations ultimately trigger a network burst, we 535 
computed a statistical topological parameter, S, associated with the efferent synapses of each 536 
neuron (Figure 7; METHODS). This parameter represents either the sum of all efferent 537 
synaptic weights with which a neuron connects to its postsynaptic neighbors (Sweight) or its 538 
total number of efferent projections (Ssynout) (Figure 7 A-D). We reasoned that a set of 539 
recruited neurons with more efferent synapses would have a higher probability for their 540 
outputs to converge onto their postsynaptic neurons, especially in a sparsely connected 541 
network like the preBötC. Thus, we hypothesized that a high S of recruited neurons was 542 
critical to induce a network synchronization trajectory following the initial activation of a 543 
few neurons. 544 
 545 
To test this hypothesis, we plotted the generalized senderness, S, i.e., Sweight and Ssynout, and a 546 
measure of synchrony (Diesmann et al., 1999), σ (I), the standard deviation of spike time of 547 
active neurons in a given interval defined as follows: The first interval started with the first 548 
spike within the set of stimulated neurons and ended with their last spike or that of any 549 
recruited neurons (spiking interval for each neuron was their experimentally measured 550 
interspike interval ± jitter: 40 ± 5 ms; Figures 1E-F, 8A). Specifically, in Figure 8A, the first 551 
interval, I1, spanned the first set of stimulated spikes of 7 randomly selected neurons 552 
(indicated by horizontal dashed lines). The next interval, I2, began with a second stimulation 553 
of the same 7 neurons (but in a different order) that recruited 3 postsynaptic neurons and 554 
ended with the last spike of one of these recruited neurons. Still, in this case, the collective 555 
activity of stimulated and recruited neurons at the end of I2 was insufficient to synchronize 556 
the network, as it is at the end of I3. The dynamics changed in I4, where the ongoing 557 
percolation of activity rapidly synchronized the network. For trials where the population did 558 
not synchronize, the last interval was capped at 7. Next, we plotted S vs. σ (In); n=1-7 to 559 
determine if there was a threshold S for the network to synchronize, i.e., a minimum level of 560 
network activity where the emergent spiking induced by the stimulated neurons was 561 
sufficient to synchronize the network to burst. In Figures 5A-B, synchronization to bursting 562 
occurred when the summed population activity exceeded 10 spikes in 5 ms bins, i.e., 2 kHz. 563 
To determine this threshold activity level more precisely, we computed the summed 564 
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population activity in 1 ms non-overlapping bins. Next, we divided the last interval (where 565 
synchronization and bursting occur, e.g., I4 in Figure 8A) into two subintervals. First, the 566 
preburst interval that started with the first stimulated spike and encompassed initial 567 
recruitment of quiescent neurons up to the 1 ms bin with 2 spikes and no decrease in the 568 
activity thereafter, e.g., I4A in Figure 8A. We reasoned that the preburst intervals contained a 569 
threshold number of neurons, which varied from trial to trial (see below) that committed the 570 
network towards synchronization. Notably, for all but one trial, i.e., R5, the first instance of 571 
instantaneous network activity with 2 spikes/ms in the preburst interval was always followed 572 
by a progressive increase in the activity leading to a burst. Second, the burst interval where 573 
the network fully synchronized to burst within 3 - 8 ms following the preburst interval, e.g., 574 
I4B in Figure 8A. A plot of S vs σ (I) revealed that the likelihood of induction of network 575 
synchronization was critically dependent on both S and σ (I). Specifically, when the 576 
synchrony among the stimulated (and recruited, if any) neurons was high, i.e., when σ (I) 577 
was low, but their Sweight and Ssynout was low, the network did not synchronize (Figures 8B-C). 578 
Furthermore, across different trials, the preburst intervals (that mark the induction point of 579 
bursting) with lower σ (I), i.e., higher synchrony, had lower S and vice versa, revealing the 580 
synergistic interactions between S (that determines input convergence) and σ (I) (that 581 
determines input coincidence) that propels network towards a synchronizing trajectory. For 582 
successful trials, the network trajectory converged at the minimum σ (I) and maximum S in 583 
the burst interval, which corresponds to the synchronized state of the network. These results 584 
revealed attractor dynamics in the preBötC model network (in the S−σ parameter space) that 585 
resembles the dynamics of synchrony propagation in a feedforward network (Diesmann et 586 
al., 1999). 587 
 588 
Notably, the dependence of network synchronization on S and σ was similar for both Sweight 589 
and Ssynout, where the Ssynout -σ parameter space (Figure 8C) captured the salient network 590 
attractor dynamics. This revealed that for the preBötC model of networks with lognormal 591 
weights, successful bursting depended on the number and strength of efferent projections of 592 
initially active neurons, which determined the propagation of network activity via input 593 
convergence and coincident detection. As coincidence detection in the network was only 594 
possible with sufficient convergence of presynaptic inputs, the trajectory of Sweight (a 595 
determinant for the network coincidence detection) followed the trajectory of input 596 
convergence determined by Ssynout (cf. Figure 8B-C). We further explored the dependence of 597 
network synchronization on S, by using as a case study the failure of a network to burst even 598 
when the stimulated neurons produced relatively high synchronous activity as compared to 599 
those that induced bursts. As noted above, (Figure 8B-C), R5 recruited neurons at 150 ms, in 600 
turn, increased synchrony (decreased σ; corresponding to the fourth circle from the bottom 601 
marked as I4, purple; Figure 8B-C), however, they could not sustain and amplify the activity 602 
to generate a burst. The total number of efferent synapses of these neurons was below the 603 
network mean (Figures 8D-E). We classified these neurons as bad senders, insofar as their 604 
failure to induce a burst was due to insufficient convergence onto their downstream neurons. 605 
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Notably, when sufficiently good senders, i.e., neurons with greater than the mean number of 606 
efferent synapses, were recruited in the penultimate intervals, synchronous recruitment of 607 
only 16-20 neurons in addition to the 7 stimulated could propel the network on a 608 
synchronizing trajectory (Figure 8D-E). 609 
 610 
Occasionally good senders recruited in certain intervals, e.g., R2 @150 ms and R1 @100 ms 611 
(Figure 8D-E), failed to sustain/amplify activity further due to lack of sufficient synchrony, 612 
i.e., high σ in these intervals. Concordantly, a combined measure of synchrony and 613 
senderness in a single parameter, i.e., S/σ , fully recapitulates the dependence of network 614 
bursting on S and σ (Figure 8 F, G). Specifically, S/σ was low for intervals where neurons 615 
with high S were active but did not sufficiently amplify network activity towards bursting. 616 
For intervals that did induce bursting, S/σ�was always higher than in unsuccessful intervals 617 
(Figure 8F-G). Given the critical dependence of network synchronization on these two 618 
parameters, we sought to determine the range of S-σ parameter space (as presented in 619 
Figures 8B-C) that favors network synchronization. Thus, we performed additional 620 
simulations with stimulation of up to 10 neurons with a range of their spike time jitter (40-621 
100 ms mean spiking period with 5-8 ms jitter (SD)) that resulted in a wide range of S and σ, 622 
then analyzed the network trajectories corresponding to these parametric ranges (Figure 8H-623 
I). This mapped this network’s S-σ parameter space close to its tipping points of 624 
synchronization, i.e., the bifurcation points, where the network trajectories commit to 625 
synchronized bursting. Notably, one such trial revealed that a minute shift in the S-σ 626 
parameter space, resulting from recruitment of only one additional neuron and a 10% 627 
decrease in σ (= 0.5 ms) between two successive intervals, marked one of these bifurcation 628 
points (Figure 8H-I, arrowheads) which further illuminated the network attractor dynamics 629 
(Diesmann et al., 1999; Vogels et al., 2005; Kumar et al., 2010). 630 
 631 
Interactions between synaptic heterogeneity and neuronal non-linearity regulates network 632 
synchronization 633 
 634 
The Senderness analysis above revealed a prominent role of heterogeneity in synaptic 635 
connectivity in sculpting network dynamics. As this heterogeneity is implemented through 636 
ER graphs, we asked whether the reliability of an ER network in replicating experiments is 637 
solely an intrinsic property of the ER graph, or do the experimentally determined synaptic 638 
weights have an essential role? Since the nonlinearity of neuronal spiking and coincidence 639 
detection in the network appear to augment the impact of synaptic heterogeneity, we 640 
explored the implications of this essential nonlinearity and its interactions with the synaptic 641 
heterogeneity on the collective microcircuit dynamics in two ways.  642 
 643 
First, we assessed the impact of heterogeneity in synaptic strengths by comparing the 644 
dynamics of the network with two different distributions of synaptic weights: lognormal and 645 
uniform. If the synaptic heterogeneity is relevant for determining bursting, there should be a 646 
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significant impact of a change in the synaptic weight distribution. ER networks (Figure 9) 647 
with a uniform distribution of synaptic weights-fixed as the mean of the lognormal 648 
distribution-were significantly less likely to produce a burst. We needed to stimulate more 649 
than double the number of initially activated neurons in comparison with the lognormal one. 650 
Strikingly, this was true even when most of the weights in each lognormal network (61% in 651 
the network of Figure 5A) were less than the mean of the distribution. Thus, the main drive 652 
for network synchronization was due to those neurons with anomalously strong synaptic 653 
connections in the “fat-tail” of the lognormal distribution and was not related to the mean 654 
synaptic weight. We reason that the impact of the fat-tail of the lognormal distribution is 655 
that a substantial fraction of synaptic weights is significantly higher than average, i.e., 656 
with�5-10 mV EPSP amplitude where the average is 2.8 mV (Figure 9G), making their 657 
recipient neurons more likely to reach spike threshold for (near) coincident EPSPs (Figure 658 
2C, left). Thus, fat-tail, e.g., lognormally distributed, networks are better coincidence 659 
detectors (Figure 9C-D). Here, coincidence detection is implied phenomenologically 660 
(Lisman, 1997), not accounting for various other neuronal and synaptic mechanisms 661 
contributing to intrinsic neuronal coincidence detection properties (Egger et al., 1999; 662 
Abbott and Nelson, 2000; Song et al., 2000). 663 
 664 
Given the profound effect of synaptic heterogeneity on network dynamics, we further 665 
explored the emergent signal processing properties imparted by lognormally distributed 666 
synaptic strengths by simulating the neuronal response to 50 inputs whose input synaptic 667 
weights were either lognormally or uniformly distributed. We analyzed 10 such all-to-one 668 
networks where 20% (10/50 randomly selected) of the synapses were activated at various 669 
Poisson-distributed frequencies; this ensured a broad range of synaptic weight activation 670 
within the lognormal distribution (Figure 9A-G). For mean synaptic stimulation frequencies 671 
ranging 10-200 Hz, neurons with lognormal inputs had a greater dynamic range of output 672 
frequencies (Figure 9E) and spike probability, i.e., total output spikes/total input spikes 673 
(Figure 9F) as compared to neurons with uniform inputs. This larger dynamic range implies 674 
that a neuron with lognormal inputs could better differentiate among its presynaptic partners 675 
for the same input statistics, i.e., synaptic input frequency, as compared to ones with 676 
uniformly distributed inputs. Notably, the weight asymmetry ensures high response 677 
reliability for all neurons; this is reflected in the upper tail of their response distributions 678 
(Figure 9E-F). Taken together, these experiments revealed that heterogeneities in the 679 
synaptic strength play a critical role in shaping network dynamics. 680 
 681 
Second, we compared the predictive efficacy of linear (ik = 1 for all k in Eq. 7) and nonlinear 682 
senderness variables (METHODS, Generalized Senderness). If the nonlinear measures of 683 
Senderness (ik > 1 for some k in Eq. 7) are uniformly more predictive of global networks 684 
synchronization leading to a burst, then Senderness incorporates information about the 685 
choice of initially activated neurons and the network connectivity into a single scalar 686 
quantity. If non-linear Senderness possesses more information about the dynamics of the 687 
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system, we see another confirmation of the crucial role of neuronal nonlinearities for 688 
synchronization and initiation of bursting.  689 
 690 
To assess and compare the predictive power of the various linear and non-linear measures of 691 
senderness, we used the CatBoost gradient boosting machine learning algorithm (MLA) 692 
(Prokhorenkova et al., 2017) as follows: We trained the model to predict whether a burst will 693 
occur based solely on the value of a particular subset of generalized senderness quantities 694 𝑺𝒘𝒆𝒊𝒈𝒉𝒕(𝒌)𝒊𝟏𝒊𝟐…𝒊𝒌. The networks used for training and subsequent studies of the predictive 695 
power of the MLA were constructed so that their synchronization probability was close to 696 
50% in order to make the classification problem as difficult as possible (53% of the networks 697 
in the training and test sets synchronized). By focusing on the incremental change in MLA 698 
prediction accuracy as function of the choice of the senderness variables 𝑺𝒘𝒆𝒊𝒈𝒉𝒕(𝒌)𝒊𝟏𝒊𝟐…𝒊𝒌, 699 
we produced a measure of the relative information content of these quantities as measured 700 
by their utility in providing an accurate classification of bursting and non-bursting trials 701 
using the fixed classification algorithm. We interpreted the subset that provided the greatest 702 
increase in the predictive power of the MLA as indicating the class or classes of active 703 
network motifs that were the strongest determinants of network synchronization (Table 2).  704 
 705 
All linear measures of Senderness, or Senderness where information enters into the next-706 
order neighbors linearly (i.e., i1 = 1), were uniformly poor predictors. Specifically, the worst 707 
predictor among the nonlinear Senderness measures generated a 66% accuracy for the 708 
classification algorithm, while the best predictor among the linear Senderness measures 709 
provided a less accurate 59% success rate (see Table 2). Among nonlinear quantities, the one 710 
that had information about next-nearest order neighbors had slightly better prediction 711 
accuracy, but the difference was not as pronounced as that between all the linear and all the 712 
nonlinear Senderness quantities. We infer that the nonlinear properties of the neuron 713 
activation function are indeed a crucial determinant of system dynamics. 714 
 715 
These results gave us an additional tool to set conditions on effective network architectures. 716 
We note that (with the exception of Sweight(1)4), all of the more predictive Senderness measures 717 
involve next nearest neighbor couplings. The inclusion of higher order neighbors, at least up 718 
to third order, did not improve the predictive power of Senderness. We hypothesize that 719 
network motifs involving high Senderness, i.e., many and high synaptic weight efferent 720 
connections of next nearest neighbors, greatly enhanced the efficacy of the exogenously 721 
stimulated neurons to produce a global synchronization event, i.e., a burst. In particular, ER 722 
networks naturally generate the requisite number of such motifs to reproduce the sensitivity 723 
seen in experiments. 724 
 725 
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ER network with lognormal weights reliably reproduced preBötC bursts and burstlets 726 
 727 
We have considered a purely deterministic model in which the only source of initial spiking 728 
activity was due to external stimulation. Yet, the in vitro slice containing the preBötC 729 
produces bursts in the absence of such external activation. Can the model reproduce network 730 
dynamics under similar conditions that produce endogenous preBötC burstlets and bursts (as 731 
in Figure 1B)? To explore self-driven bursting, we observed that, even during the late 732 
interburst intervals, neurons are not silent, but fire at approximately 0.5 – 2 Hz rate. Thus, 733 
we tested the ability of the ER network to synchronize by initializing model neurons to fire 734 
randomly at 0.5 Hz to 2.0 Hz, thus seeding the network with low levels of activity, as 735 
observed preceding each burst in experiments (Rekling et al., 1996; Gray et al., 1999; Picardo 736 
et al., 2013; Ashhad and Feldman, 2020) (c.f., Figure 1D; METHODS). We modeled this 737 
spontaneous firing as random Poisson process, fixing only the mean firing rate (see 738 
METHODS). This distribution assures that there are no temporal correlations in spikes 739 
between neurons.  740 
 741 
When all 1000 neurons were isolated, i.e., their synaptic weights were set to zero, and 742 
initialized to fire at a Poisson distributed mean frequency of 0.5 Hz, network activity, i.e., 743 
summed rate of all neuronal spikes, fluctuated around 488 ± 96 Hz ((mean ± SD); Figure 10A 744 
(black trace)). This was close to the expected 500 Hz, i.e., 0.5 Hz/neuron x 1000 neurons. 745 
When these neurons were then connected with uniform synaptic weights, q.v., Figure 9, the 746 
network activity, 504 ± 115 Hz (mean ± SD), was not significantly different from that with 747 
the synapses silent (p=0.16; Kolmogorov-Smirnov (KS) test; Figure 10A, red traces). Changing 748 
the synaptic weights to a lognormal distribution resulted in two typical network behaviors. 749 
In one typical behavior, network activity increased to 594 ± 181 Hz (mean ± SD), 750 
significantly higher than the networks with silent synapses (p = 5.1 x 10−7, KS test) or 751 
uniform weights (p = 4.4 x 10−4, KS test; Figure 10A blue trace). More importantly, there 752 
were fluctuations of network activity that crossed mean activity with silenced synapses + 753 
3 SD (upper dashed line Figure 10A) that were qualitatively similar in shape to 754 
experimentally observed burstlets (Kam et al., 2013b; Sun et al., 2019; Ashhad and Feldman, 755 
2020; Kallurkar et al., 2020). In a second typical behavior, this network fully synchronized to 756 
produce a burst (Figure 10A cf. blue and green traces). This ability of this network to self-757 
organize into burstlets and bursts is also reflected in the leftward shift in its interspike 758 
interval (ISI) histogram (Figure 10B). Specifically, the ISI distribution for the burstlet only 759 
trial (1.6 ± 1.6 ms (mean ± SD), corresponding to the blue trace in Figure 10A), was 760 
significantly different from the network with silent synapses at 2.0 ± 1.9 ms (mean ± SD; 761 
Figure 10B, cf. blue and black traces, p = 0.002, KS test). Notably, ER networks with uniform 762 
weights did not synchronize (Figure 10A red trace). Consequently, their ISI histograms were 763 
not significantly different from those with silent synapses (with ISI at 1.93±1.93 ms 764 
(mean±SD; Figure 10B, red trace; p=0.2 KS test)). The ISI distribution with uniform synaptic 765 
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weights was also significantly different from the network with the lognormal weights 766 
(p = 0.02, KS test).  767 
 768 
To incorporate the possibility that not all neurons in preBötC generate spikes without 769 
synaptic stimulation, we allowed only a fraction of them (randomly chosen on each network) 770 
to fire stochastically, while the rest could fire only as a result of synaptic stimulation. At a 771 
higher Poisson distributed firing rate of 2 Hz, seeding activity in only 20%, i.e., 200 out of 772 
1000 neurons, in an ER network with lognormal weights was sufficient to induce 773 
synchronization leading to a burst (Figure 10C); these networks did not burst when the 774 
activity was initialized in 19% of neurons. In contrast, at a Poisson-distributed firing rate of 775 
0.5Hz, the network required activity in >90% of neurons to generate a burst but failed to 776 
generate a burst when initializing ≤90% of neurons (Figure 10C). 777 
 778 
We now return to our basic question of how the network synaptic heterogeneity influences 779 
both the reliability of the network to burst in response to endogenous stochastic activity and 780 
the dependence of bursting on the mean firing rate. By comparing the dynamics of networks 781 
with synaptic weight distributions that were lognormal (Figure 10D, red traces) vs. uniform 782 
(Figure 10D, black traces), the former was clearly more sensitive to endogenous spiking. This 783 
property held for networks in which all neurons (Figure 10D) or only a fraction (60%) 784 
(Figure 10F) fired stochastically. Since there was no exogenous stimulation to set an initial 785 
time, we could not compute the latency to burst, but we could compute the time to burst for 786 
a quiescent network. The results are shown in Figures 10E&G for all stochastic firing neuron 787 
networks (E) and networks containing only a subset of stochastically firing neurons (G). 788 
Networks with lognormal synaptic weights generated bursts at lower frequencies of initial 789 
neuronal firing (0.50-0.75 Hz) compared to those with uniform weight distribution (0.75-790 
1.00 Hz; Figure 10D). Furthermore, the range of time to burst for the minimum frequency at 791 
which the networks synchronized, with either uniform or lognormal synaptic weights, 792 
overlapped (lognormal weights: range = 485 – 1096 ms at 0.5 Hz, uniform weights: range=4–793 
9 - 1376 ms at 0.75 Hz, p = 0.75 Wilcoxon rank-sum test; Figure 10E). As the fraction of 794 
randomly firing neurons was decreased to 60%, i.e., 600/1000 neurons, the frequency of 795 
neuronal firing required to reliably induce bursts increased by 0.25 Hz for ER networks with 796 
lognormal weights, i.e., from 0.75 Hz for 1000 neurons to 1.00 Hz for 600 neurons. In 797 
contrast, for networks with uniform weights, this increase was higher, at 0.5 Hz (from 1.0 Hz 798 
for 1000 neurons to 1.5 Hz for 600 neurons; Figure 10F-G). Thus, showing, once again, that 799 
such lognormal ER neurons are significantly more sensitive to endogenous spiking. These 800 
networks are both easier to entrain to an external signal and more sensitive to internal 801 
spiking, making them highly robust bursting circuits.  802 
 803 
Comparing network dynamics of systems in which differing fractions of the network are 804 
capable of spontaneous stochastic activity, as the number of spontaneously firing neurons is 805 
reduced, the network generates more burstlets before producing a true burst (Figure 10H). 806 



 

 21

Eventually, when that fraction fell below 40%, neither burstlets nor bursts were observed. If 807 
the lognormal synaptic weight distribution was replaced with a uniform one (Figure 10I), the 808 
same trends persisted, but generically more burstlets occurred before a burst. Furthermore, 809 
when the fraction of spontaneously firing neurons fell below 80%, the network did not 810 
burst. This shows, once again, that the network is less amenable to global synchronization 811 
when the synaptic weight distribution does not have a fat tail. 812 
 813 
The synchronization dynamics of spontaneously firing networks followed a similar trajectory 814 
in the S-σ parameter space as the ones with exogenous stimulation (c.f. Figure 8H-I with 815 
Figure 10J-M). During successive burstlets, the S-σ trajectories oscillated at the lower 816 
boundary of the S-σ parameter space as the network alternated between partial 817 
synchronization and desynchronization. Notably, when the fraction of randomly firing 818 
neurons decreased, the threshold S (Sweight and Ssynout) to synchronize the network increased 819 
(Figures 10J-K; c.f. red and yellow traces, with 50% and 70% randomly firing neurons, 820 
respectively, with the black trace for 100% randomly firing neurons). This increase in 821 
threshold S with a decrease in the fraction of randomly firing neurons – even when σ was 822 
similar to or smaller than the condition with 100% randomly firing neurons – revealed 823 
modulation of the activity bifurcation trajectories by the state of “excitability” in the 824 
network (Kumar et al., 2010; Hahn et al., 2019). Taken together, these results highlight the 825 
attractor dynamics of network synchronization where low frequency fluctuating network 826 
activity exhibits a tipping point, defined in the S-σ parameter space, for the global network 827 
synchronization. 828 
 829 
Discussion 830 
 831 
The rhythmogenic dynamics of the preBötC exhibits two essential components: i) emergence 832 
of synchrony driven inspiratory bursts (Feldman and Kam, 2015; Ashhad and Feldman, 833 
2020), followed by ii) an activity-dependent refractory period reflecting a global decrease in 834 
the network excitability (Del Negro et al., 2009; Kam et al., 2013a; Zoccal et al., 2014; Del 835 
Negro et al., 2018). Here, we focused on synchronization dynamics by constructing a 836 
simplified quantitative model that illuminates the effect of connectivity of the underlying 837 
network. We looked for three emergent features: i) Global spiking synchronization, i.e., 838 
bursting, in response to exogenous stimulation of less than 1% of the network. ii) A 839 
reproducible distribution of latency between stimulus onset and induced burst. iii) Stochastic 840 
spiking initiated in a few neurons in a quiescent network, capable of inducing bursts and 841 
burstlets, replicating experiments in vitro. 842 
 843 
Akin to most neural microcircuits, a key element of the preBötC functionality lies in its 844 
connectome, about which we know little of the detailed structure, also common for most 845 
microcircuits. This lack of detail presents an intriguing challenge for modeling: if one can 846 
identify statistical properties of ensembles of connectomes that have dynamic properties as 847 
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seen in relevant biological networks, one can predict measurable features, e.g., voltage 848 
dynamics of individual neurons, collective output of the circuit itself, that are the 849 
consequence of hard to measure network structure. Indeed, with a foundation of reliable 850 
data on the mean number of synaptic connections with significant variability (Rekling et al., 851 
2000; Ashhad and Feldman, 2020) system dynamics were extremely sensitive to both the 852 
particulars of the connectome and to its distribution of synaptic weights. 853 
 854 
To better identify preBötC connectomes consistent with experimental data, we considered a 855 
variety of circuits based on previous work on the brain microcircuits (Perin et al., 2011; Gal 856 
et al., 2019). To reduce the number of possible models, we used neuronal parameters 857 
consistent with the spiking behavior of Type I preBötC neurons (Rekling et al., 1996; Gray et 858 
al., 1999). In such physiologically plausible networks, we found that both the burst 859 
probability and latency to bursting as a function of the number of stimulated neurons were 860 
quantitatively consistent with experimental data only for ER networks. For chosen synaptic 861 
parameters (that are taken from the physiological range), ER networks with uniform synaptic 862 
weight distributions were significantly less sensitive to external stimulation than those 863 
observed experimentally. ER networks with lognormal weight distributions, however, had 864 
an increased sensitivity consistent with the experiment.  In in vitro experiments, endogenous 865 
rhythmic bursts interspersed with burstlets are observed (Kam et al., 2013b; Ashhad and 866 
Feldman, 2020; Kallurkar et al., 2020). In our ER models, when we included temporally 867 
uncorrelated spiking of some or all of the constituent neurons, we could evoke bursts as well 868 
as burstlets, i.e., periods of incipient spiking synchronization across the network that reached 869 
low levels of network activity above noise before decaying. By comparing the ER and small-870 
world graphs containing only a slightly higher density of 3-simplices, we found that 871 
dynamics was a sensitive measure of the statistical properties of the underlying network. 872 
Given this sensitivity we conclude that amongst the plausible network ensembles explored, 873 
only networks with a low degree of clustering with a fat-tailed synaptic weight distribution 874 
can effectively reproduce the broad range of dynamical properties of synchronized bursting 875 
in the preBötC.  876 
 877 
Burstlets represent a salient feature of preBötC rhythmogenesis (Kam et al., 2013b; Feldman 878 
and Kam, 2015; Del Negro et al., 2018; Sun et al., 2019). In our models, burstlets result from 879 
incomplete synchronization and subsequent desynchronization of the network, suggesting 880 
that for burstlet termination, inhibition – feedback or otherwise – is not obligatory, though 881 
inhibition could play a role in modulating synchronization dynamics (Kumar et al., 2010). In 882 
contrast to inhibition-dependent burstlet termination, lognormally-distributed synaptic 883 
weights control both the amplification and dampening of network activity, thereby 884 
contributing to oscillatory dynamics. Specifically, lognormally distributed synaptic weights 885 
resulted in a broader fluctuating range for neuronal responses, underlying dynamic 886 
robustness and lability (Figure 9E-F). Lognormal connectivity promotes synchronization by 887 
enhancing the synaptic efficacy to coincident input while allowing for the dampening of 888 
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network activity by suboptimal neuronal firing when impinging synaptic inputs are weaker 889 
than the network average. This imparts a dynamical property to the local network motifs 890 
constituted by the spiking neurons. Furthermore, the ability of the network to 891 
desynchronize to baseline activity levels suggests that the preBötC burstlet may have 892 
different termination mechanisms compared to those of bursts, which may also or instead 893 
rely on other synaptic and intrinsic neuronal mechanisms (Del Negro et al., 2005; Pace et al., 894 
2007b; Rubin et al., 2009; Krey et al., 2010; Janczewski et al., 2013; Kam et al., 2013b; Kottick 895 
and Del Negro, 2015; Baertsch et al., 2018; Del Negro et al., 2018; Ashhad and Feldman, 896 
2020). 897 
 898 
We investigated the mechanisms by which certain exogenous stimulation events were more 899 
likely to elicit a burst by exploring features of the network structure and those of different 900 
sets of stimulated neurons. For this analysis, we defined a scalar measure, Senderness, which 901 
incorporates both the particulars of the overall network structure and the connectivity of 902 
stimulated neurons. To evaluate the predictive power of Senderness, we used an MLA to 903 
classify simulations into those that led to a burst and those that did not. To make the 904 
classification problem as difficult as possible, we chose an ensemble of networks for which 905 
the bursting probability was ~50%. Passing different values of Senderness as input 906 
parameters for MLA, we found that only nonlinear measures of Senderness using the 907 
connectivity of both the initially stimulated neurons and their nearest neighbors were the 908 
uniquely best predictor. Thus, we infer: i) the nonlinearity of Senderness assures that the fat-909 
tail of the synaptic weight distribution dominates the network response, and; ii) Input 910 
convergence at second order neighbors plays an important role in determining whether or 911 
not a burst results. These findings suggest that the most predictive measure of Senderness 912 
incorporates the most information about the subsequent network dynamics after stimulation. 913 
Furthermore, an MLA-enabled search for predictive measures of Senderness was a useful tool 914 
to extract important features of network topology and interactions associated with emergent 915 
collective phenomenon. 916 
 917 
Why consider a network-based synchronization model of preBötC rhythmogenesis when 918 
much simpler mechanisms, e.g., pacemakers and/or limit cycles, can be parameterized to fit 919 
limited subsets of experimental data? Our justification is that a network-based mechanism 920 
captures the physiological boundary conditions and experimental data in several ways that 921 
previous models cannot (or did not) account for or overlook: i) a network-based 922 
burstlet/burst rhythmogenic mechanism imbues the system with lability that other models 923 
do not. Mammalian breathing responds rapidly to real world perturbations, e.g., rapid 924 
increase in ventilation in anticipation of increased metabolism at the onset of exercise 925 
(exercise hyperpnea), changing breathing pattern for essential reflexes, e.g., sneezing and 926 
coughing, or coordinating the onset and maintenance of oral-facial behaviors, such as 927 
phonation, swallowing, laughing, crying, and vocalization. Our modeling revealed that fat-928 
tailed synaptic weight distribution in a sparsely connected network renders preBötC 929 
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dynamics robust yet labile in response, with the necessary sensitivity to external inputs; ii) 930 
Most preBötC models function by elevating extracellular [K+] to depolarize neurons, thereby 931 
activating pacemaker/regenerative conductances to induce intrinsic bursting (Bacak et al., 932 
2016; Phillips et al., 2019; Phillips et al., 2022; Phillips and Rubin, 2022); the ensemble 933 
activity of interconnected intrinsic-bursters represents the network output. Yet, intrinsic 934 
bursting is not essential for preBötC rhythm (Kam et al., 2013b; Sun et al., 2019; Ashhad and 935 
Feldman, 2020). preBötC rhythm persists upon pharmacological blockade of regenerative and 936 
burst-inducing currents such as the persistent Na+ currents, and the Ca2+-activated cation 937 
non-specific currents in vitro (Del Negro et al., 2002a; Del Negro et al., 2005). Furthermore, 938 
in vivo extracellular [K+] remains low and preBötC neurons are not depolarized to the same 939 
extent as in in vitro experiments; thus, insights gained from these models fail to explain the 940 
rhythmogenic mechanism in intact animals. Contrary to the intrinsic bursting models, the 941 
excitation-inhibition balance in the network – rather than neuronal depolarization –942 
 regulates preBötC synchronization and rhythm (Carroll and Ramirez, 2013; Ashhad and 943 
Feldman, 2020) by modulating the efficacy of spike transmission in the network (Ashhad and 944 
Feldman, 2020). A reliable model must be extendable to explain network dynamics under in 945 
vivo conditions, and across various operational modes and experimental preparations. 946 
Significantly, our model can recapitulate network bursting from initially stochastic neuronal 947 
firing at low rates – even in the absence of depolarization-induced intrinsic bursting – a 948 
scenario closely reflecting pre-inspiratory activity in vivo (Guyenet and Wang, 2001; Cui et 949 
al., 2016) and in vitro (Sun et al., 2019; Ashhad and Feldman, 2020). 950 
 951 
An important consideration in evaluating the utility of our spike timing based model is that 952 
the majority of preBötC models are firing-rate based (Del Negro et al., 2002b; Schwab et al., 953 
2010; Bacak et al., 2016; Ausborn et al., 2018; Phillips et al., 2019; Bibireata et al., 2020; Hao 954 
et al., 2021; Phillips et al., 2022; Phillips and Rubin, 2022). Rate-based models appear 955 
incompatible with recent findings suggesting that inspiratory burst initiation is a 956 
consequence of progressive short latency synchronization of neuronal spiking within the 957 
rhythmogenic microcircuit (Kam et al., 2013b; Ashhad and Feldman, 2020). In contrast to 958 
the intrinsic bursting-dependent rate-based models where membrane potential changes are 959 
significantly low pass filtered (Phillips et al., 2019; Phillips et al., 2022; Phillips and Rubin, 960 
2022), synaptic input-driven higher frequency Vm fluctuations induce firing in preBötC 961 
output neurons (Ashhad and Feldman, 2020) and phrenic motor neurons (Parkis et al., 2003). 962 
Such fluctuation-based firing regimes manifest rhythmogenesis as an emergent network 963 
property (Petersen and Berg, 2016). Our spike-timing based model captures the salient 964 
features of a fluctuation-driven firing pattern and inspiratory burst/burstlet generation 965 
(Figures 9,10). Of importance in understanding the mechanism, we show that the network 966 
synchronization is a consequence of efficient coincidence-detection in the network.  967 
 968 
Our model is limited in scope to understanding the onset of preBötC synchronization and 969 
inspiratory burstlet/burst generation. We do not incorporate synaptic inhibition due to lack 970 
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of connectivity data between preBötC excitatory and inhibitory neurons. Furthermore, even 971 
though our model lacks biophysical implementation of preBötC regenerative conductances, 972 
e.g., persistent Na conductance we incorporate their contribution to baseline network 973 
activity, phenomenologically, by modeling stochastic firing of model neurons at low 974 
frequencies (Figure 10). Thus, our study does neither reject nor undermine the role of 975 
regenerative conductances in shaping network dynamics. Rather, we posit that preBötC 976 
dynamics is an emergent network property where intrinsic and synaptic properties interact 977 
in a non-trivial manner. Our model provides a dynamical framework – of network 978 
synchronization – over which interactive roles of neuronal intrinsic, synaptic, and 979 
topological properties can now be studied and tested. Moreover, our results show that the 980 
observed fluctuations of the isolated system and its response to small perturbations, i.e., 981 
stimulation of <1% of the network, provide important constraints on the connectivity of the 982 
neuronal network. A further experimental test of the model, in particular the concept of 983 
slenderness, would determine the presence of network motifs of first and second order 984 
nearest neighbors as a necessary prelude to global network synchronization. 985 
 986 
Robust activity propagation and oscillatory dynamics are present in several brain networks 987 
with lognormally-distributed synaptic strengths (Song et al., 2005; Ikegaya et al., 2013; 988 
Buzsaki and Mizuseki, 2014; Omura et al., 2015; Uzan et al., 2018). Furthermore, biological 989 
heterogeneities in neuronal networks are ubiquitous and play critical roles in sculpting their 990 
dynamics and physiologically relevant computations (Renart et al., 2003; Grashow et al., 991 
2010; Gjorgjieva et al., 2016; Mishra and Narayanan, 2019; Rathour and Narayanan, 2019; 992 
Mishra and Narayanan, 2020; Goaillard and Marder, 2021; Mishra and Narayanan, 2021; 993 
Mittal and Narayanan, 2021; Roy and Narayanan, 2021). Based on this study, we postulate 994 
that the pervasiveness of synaptic heterogeneity throughout the mammalian nervous system, 995 
which manifests as a heavy-tailed synaptic strength distribution (Buzsaki and Mizuseki, 996 
2014), provides a universal mechanism for balancing the requirements of response reliability 997 
and input sensitivity underlying vital microcircuit operations.  998 
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Figure Legends 1186 
 1187 
Figure 1 preBötC population dynamics underlying inspiratory burst generation. A-C, Adapted 1188 
from Ashhad & Feldman, 2020. A, Schematic of recording configuration from brainstem slice 1189 
of neonatal mouse. preBötC: preBötzinger Complex, XIIn: hypoglossal nerve originating from 1190 
XII nucleus (XIIN), Vm membrane potential recording from preBötC neuron. B, preBötC 1191 
population recording (9 mM K+ bath solution) exhibiting rhythmic population bursts. Top, 1192 
orange: raw recording, black: instantaneous population activity. Bottom integrated preBötC 1193 
activity (∫preBötC, orange) with simultaneously recorded motor output from hypoglossal 1194 
nerve (∫XIIn, green). Inset shows boxed region with early preBötC activity marked as 1195 
preinspiratory (preI) duration. C, Bee swarm plot showing distribution of preI durations with 1196 
their mean±SEM (red). D, adapted from Gray et.al.,1999. Two types of preBötC inspiratory-1197 
modulated neurons. Type I neurons (top) start low-frequency firing during preI. Type II 1198 
neurons (bottom) fire during inspiratory burst (I-burst), but not during preI. E-H, Adapted 1199 
from Kam et. al.,2013b. E, Raster plots of spikes of a recorded neuron evoked over 5 trials by 1200 
uncaging MNI-Glutamate with 10 µm laser spots, as a function of laser power, beginning at 1201 
arrow. F, Summary data for experiments in E depicting action potential (AP) frequency (left), 1202 
total number of AP generated (middle) and the latency to fire first AP (right) 1203 
poststimulation, n=11 neurons. G, Examples of 3 different experiments of multiple trials with 1204 
holographic photostimulation (top frames) of 4, 6 or 9 neurons with XIIn recording (bottom) 1205 
in rhythmic slice preparations; photostimulation onset indicated by triangles: red triangles 1206 
indicate success and blue triangles indicate failure to elicit an ectopic I-burst. H, Latency to 1207 
induce I-burst after the onset of photostimulation in minimum number (threshold) of 1208 
stimulated inspiratory-modulated neurons, ranging between 4-9, required to induce an I-1209 
burst (H). I, Same as G but with additional 1-3 stimulated neurons. For (H-I), n=4 1210 
experiments with 5-10 trials each. All data expressed in mean±SEM. 1211 

1212 
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Figure 2. Flow chart for model construction and testing. A, Rhythm-generating preBötC 1213 
neurons project to pattern-generating preBötC excitatory neurons that in turn project to 1214 
premotor neurons. Inhibtory neurons not shown. B, Holographic photostimulation of 3-9 1215 
preBötC inspiratory neurons (out of ~1500 total excitatory neurons) in rhythmic neonatal 1216 
mouse slices generate bursts at delays ~100-500 ms (Figure 1 F-G). C, Various network 1217 
models tested to determine if they capture preBötC dynamics depicted in (B): (left) Network 1218 
topologies as graphs with edges connected through experimentally determined connection 1219 
probability between putative rhythmogenic neurons (Rekling et.al., 2000). The nodes were 1220 
modeled as leaky integrate and fire (LIF) neurons (right) with intrinsic and synaptic 1221 
properties taken from experiments; (right) synaptic activation from two (“laser”) stimulated 1222 
model rhythmogenic neurons N1 and N2 (presynaptic) that project to neuron N3 1223 
(postsynaptic); their activation times represent the arrival of spikes form N1 and N2 at their 1224 
respective synapses on N3 with weights indicated (left, black traces) consequently, changing 1225 
the  somatic potential of neuron N3 from resting potential. When the somatic potential 1226 
increases above spike activation threshold V* = 12 mV (V @ -48 mV), N3 generates an action 1227 
potential (*), followed by its potential dropping to Vrest = 0 mV (Vrest @ -60 mV) for refractory 1228 
period of 3 ms.  1229 
 1230 
Figure 3. Network models. Various networks represented on a force-based (Fruchterman-1231 
Reingold algorithm in the Gephi software) layout. linked nodes (neurons) are pulled 1232 
together, and unrelated nodes are farther apart; most strongly linked nodes (through direct 1233 
connections or common inputs) are at the center and the least linked ones at the periphery. 1234 
Nodes (and their edges) are color coded based on number of their projections, i.e., outward 1235 
synapses with warmer shades representing more connections. In the hierarchical network 1236 
(top left) the neurons of the two centers (as depicted in Figure 2 C) are pulled together into 1237 
the center of the graph but can be distinguished based on their projections. 1238 
 1239 
 Figure 4. Simulation of holographic stimulation experiment. A, Model output when the 1240 
same set of randomly selected 7 neurons (on the dashed lines) was stimulated to fire seven 1241 
spikes each at ~25 Hz with 5 ms jitter, i.e., SD to model holographic uncaging of 1242 
glutamate onto these neurons as in (Kam et. al., 2013b). Each dot represents the time of 1243 
spike (abscissa) from corresponding neuron (ordinate), note that once the network 1244 
synchronized it continues in the high-frequency firing, i.e., bursting mode even after the 1245 
stimulated spikes, from the seven neurons, ended at ~300 ms. B, Enlarged region from (A; 1246 
400-420 ms) exhibiting firing rate modulation due to the refractory period, of 3 ms, in the 1247 
model neurons. Firing rate (FR) of stimulated neurons and their postsynaptic activated 1248 
neurons in (A) in 5 ms bins. D, average firing rate of network computed by averaging 1249 
network activity in a moving window of 40 ms with 5 ms step increment.  1250 

  1251 
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Figure 5. ER graphs with lognormal synaptic weights reproduced the robustness of preBötC 1252 
synchronization and trial to trial variability in the latency to synchronize seen in experiments. 1253 
A, Model output when the same set of randomly selected 7 neurons (on the dashed lines) was 1254 
stimulated to fire seven spikes each at 25 Hz with 5 ms jitter, i.e., SD to model holographic 1255 
uncaging of glutamate onto these neurons as in (Kam et. al., 2013b). Spike times for all 1256 
neurons represented by circles color coded for 5 trials (green, blue, black, purple, red)). Y-1257 
axis represents arbitrary order of 1000 LIF preBötC neurons. In these trials, neurons #121, 1258 
126, 270, 491, 700, 749, 943 were stimulated. In 4/5 trials (green, blue, black, and purple), the 1259 
network synchronized, indicated by temporal alignment of spikes in all neurons, but at 1260 
various latencies. In the 5th trial (red), the network did not synchronize, i.e., no vertical 1261 
alignment of red dots. B, Firing rate (FR) of stimulated neurons and their postsynaptic 1262 
activated neurons in A (color coded as in A) in 5 ms bins showing waxing and waning of 1263 
their activity during and poststimulation. C, average firing rate of network computed by 1264 
averaging network activity in a moving window of 40 ms with 5 ms step increment. Dashed 1265 
boxes in (B) and (C) represent unusual intervals where despite of relatively high synchronous 1266 
activity, emerging from stimulated and their recruited neuronal firing, the network did not 1267 
synchronize fully. 1268 
 1269 
Figure 6. Randomly connected networks of excitatory neurons replicated experimentally 1270 
observed preBötC synchronization. A, Degree, average path lengths (PL) and average 1271 
clustering coefficients (CC) for localized networks used in this study. B-C, Synchronization 1272 
probability (C) and mean latency to synchronize (D) for localized networks when (1-10) 1273 
neurons were stimulated to replicate experimental protocol described in Figure 1. Each 1274 
colored trace represents a different network where synchronization probability and the 1275 
mean latency to synchronize was computed over 10 trials; grey boxes span the parameter 1276 
space that lie within the experimental range (170 ms-370 ms) (Kam et.al., 2013b) for 1277 
threshold number of stimulated neurons to induce preBötC bursts. D-F, Same as A-C, 1278 
respectively, but for hierarchical 2-center networks (see METHODS). G-I, same as A-C, 1279 
respectively, but for random networks modeled on ER graphs. J-L, Same as A-C, respectively, 1280 
but for networks with increased number of triplices (triangular directed edges as described 1281 
Figure 2) incorporated in the ER network, resulting in small world network. Note that only 1282 
ER networks replicate the experimental finding of minimum number of stimulated neurons 1283 
required to induce preBötC burst to be between 4-9 (H), with latency to synchronize 1284 
exhibiting the widest range, closely representing the experimental results. For (B), (E), (H) 1285 
and (K), across 10 different realization of each network type, minimum number of neurons 1286 
required to synchronize the network with ≥80% reliability = 2-9, 3-4, 4-9 and 2-7, 1287 
respectively. For (C), (F), (I), and (L) range of mean latency to synchronize the network with 1288 
the minimum number of stimulated neurons at ≥80% reliability = 55-145 ms, 43-143 ms, 1289 
88-187 ms and 27-121 ms, respectively; error bars = standard deviations. 1290 
 1291 
 1292 
 1293 
  1294 
Figure 7. Computing efferent synaptic score from network topology. The efferent synaptic 1295 
score, S, is neuron property defined by its network connectivity. A, Connectivity matrix of 1296 
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ER network with lognormal (LN) weight distribution. Presynaptic neurons (ordinate) project 1297 
to other neurons labelled as postsynaptic (abscissa) with synaptic weights, randomly drawn 1298 
from a LN distribution. Each dot represents synaptic weight (Syn W; color-coded) of 1299 
presynaptic #i (1-1000) to postsynaptic #j (1-1000). B, Top, expanded section from (a) 1300 
(100x100) showing contribution of synaptic connections towards S. For example, the first 1301 
order S of neuron #80 (S80(1)) is the sum of all synaptic weights with which it connects to 1302 
other neurons. In this example, neuron #20 is postsynaptic to neuron #80, thus, S20(1) 1303 
contributes to the second order S of neuron #80 (S80(2)) (Second order S (S(2)) also accounts for 1304 
the connectivity of the next neighbors of a given neuron, see text for the calculation of S(2)); 1305 
bottom, example of S calculation in a hypothetical network. For a given neuron, the first 1306 
order senderness, Sweight is the sum of its efferent synaptic weights and Ssynout is the number of 1307 
its efferent synaptic connections. C, plot of number of outward connections of neurons in ER 1308 
network with their synaptic weights color-coded as in (A) and (B). This network was used in 1309 
Figure 5; S varies from neuron to neuron as their outward synaptic connections vary, per the 1310 
ER graph, and as their output synaptic weights vary due to the LN weight distribution.  1311 
 1312 
Figure 8. Network topology regulates spike transmission fidelity and network synchronization 1313 
through input convergence. A, Illustration of interval selection for an example trial (R1 of 1314 
Figure 5) of spike times after 7 randomly selected neurons were stimulated to fire up to 7 1315 
spikes at 40 ± 5 ms (mean ± SD) period. Spikes in these intervals were used to compute S and 1316 
σ for plots in (B-I) as described in the text. Intervals I1-I3 enclose the spike times of the 1317 
stimulated neurons (demarked by dashed horizontal lines) as well spikes of their postsynaptic 1318 
recruited neurons. Penultimate (pre-burst) interval (I4A for R1) encloses the last set of spikes 1319 
from stimulated and recruited neurons up to the last 1 ms bin, at which point the network 1320 
activity always increased monotonically. Inset, below, shows expanded region from top, 1321 
illustrating the selection of end boundary for the pre-burst interval; shaded rectangles 1322 
represent 1 ms bins with darker color representing higher population firing frequency (kHz) 1323 
denoted at the top of each bin. The final interval (I4B for R1) represents the synchronized 1324 
state of the network; see text for details of interval selection for various trials. B-C, Sweight (B) 1325 
and Ssynout (C) plotted against σ for each trial of Figure 5A, color-coded for individual trials. 1326 
Each circle corresponds to the results for 1 interval in a single trial and lines connect 1327 
evolution of network activity across successive intervals. Standard deviation of spike times in 1328 
each interval (σ) is a measure of synchrony among the spiking neurons in that interval; 1329 
intervals for two trials (R4 & R5) are indicated in color code for illustration. D-E, total 1330 
efferent synaptic weight Out_synWrecruited (D) and number of efferent synapses 1331 
Out_synNrecruited (E) of recruited neurons up to the pre-burst interval, i.e., the onset of 1332 
network synchronization without any further external stimulation. Dashed line represents 1333 
the mean S of the network. Note the failure of purple trial to synchronize in interval I4 (~150 1334 
ms) even when it has high synchrony/low σ (in B and C). Here the S of recruited neurons is 1335 
low, thus the network did not synchronize. F-G, Sweight/σ and Ssynout/σ of neurons recruited by 1336 
activity of stimulated neurons in each interval (indicated at the top) across the five trials. 1337 
Note that for the activity in the intervals that did not induce network synchronization in the 1338 
network the S/ σ was always lower than the ones that led to network synchronization. H-I, 1339 
Sweight, (H) and Ssynout (I) vs. σ, as in (B-C) with additional simulations showing parameter space 1340 
where the network activity bifurcates towards synchronization. For these simulations 7-10 1341 
neurons were stimulated to fire 7 spikes at 40-100 ms mean period with 5-8 ms jitter (SD). 1342 
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Red trials did not synchronize. Green arrowheads represent a trial where small change in the 1343 
(S-σ) parameter space in the successive interval (with recruitment of only one additional 1344 
neuron and Δσ= –0.5 ms) resulted in the bifurcation of network trajectory towards 1345 
synchronization. 1346 
 1347 
Figure 9. Lognormally distributed synaptic weights enhanced the fidelity of spike transmission 1348 
that enables network synchronization with fewer inputs. A-B, Synchronization probability 1349 
(A) and latency to synchronize (B) for 5 different ER networks with uniformly distributed 1350 
synaptic weights that were equal to mean weight used in Figures 5-6. C, Voltage of 5 1351 
randomly selected neurons from an ER network with uniform weights when a different set 1352 
of randomly selected 7 neurons was stimulated like simulations in Figure 5A. D, Same as (C) 1353 
when the same network connectivity was incorporated with lognormal weight distribution. 1354 
The network synchronized at ~78 ms and voltage traces reveal better coincidence detection 1355 
in this network; vertical lines ~78 ms represent action potentials. E-F, Average firing 1356 
frequency (E) and spike probability (F) of individual neurons when 10 randomly selected 1357 
synaptic inputs (out of 50) were activated at 6 different Poisson frequencies (10-200 Hz; 1358 
indicated at bottom of F), with either lognormal (LN) or uniform (Unif) synaptic weight 1359 
distributions; these are composite results from 3 trials each of 10 different neurons at each 1360 
stimulation frequency; p values for KS test. G, Histogram of LN weights used (E) and (F) (red) 1361 
compared with the distribution of weights of Figure 5; corresponding EPSP amplitudes for 1362 
the weights are indicated in blue.  1363 
 1364 
Figure 10. ER network with lognormal weights can reliably generate preBötC bursts and 1365 
burstlets. A, Average firing rate of various ER networks with different synaptic weight 1366 
regimes (W: no connections (black); uniform: uniform connections (red); lognormal (LN): 1367 
lognormal connections (green, blue, different trials on the same network)) when all neurons 1368 
were initialized to fire at Poisson distributed frequency around 0.5 Hz. Dotted lines mark 1369 
99.75% range of firing rate for the network with synaptic weight (W)= 0. For one network 1370 
with LN weight distribution (blue), note the partial synchronization and subsequent 1371 
desynchronization of network activity (*) that is similar to experimentally observed burstlets 1372 
(Kam et.al.,2013). B, Normalized cumulative probability distributions of interspike interval 1373 
(ISI) for traces in (A); for (A-B), p value for Kruskal Wallis test (black) followed by KS test 1374 
for pairwise comparisons of network activity (A) and ISI histograms (B) (color-coded to 1375 
respective conditions) with W=0 condition. C, average firing rate of different networks when 1376 
various fractions of neurons (range: 0.19-0.90; indicated to the right of firing frequency 1377 
legend) were initialized to fire at Poisson distributed frequency around 2 Hz or 0.5 Hz. Note 1378 
the higher amplitude of burstlets (*) at lower “noise” (0.5 Hz; green and black), as compared 1379 
to the ones at 2 Hz in blue and purple). D-E, Probability (D) and mean latency to burst (E) of 1380 
10 ER networks with uniform (black) and LN weight distribution (red) when all neurons 1381 
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were made to fire at various Poisson distributed frequencies (Neuronal firing rate) indicated. 1382 
F-G, Same as (D-E), respectively but with only 60% (600) of the neurons were initially 1383 
activated. Note in (D) and (F) that the networks with LN weights synchronized at lower 1384 
frequency of neuronal firing as compared to the one with uniform weights. H, Firing rate of 1385 
an ER network with LN weight distribution when various fractions of its neurons (as 1386 
indicated in color-code) were activated to fire at Poisson distributed frequency around 1 Hz. 1387 
I, Same as H but with uniform weight distribution; note that the partially synchronized 1388 
network activity (burstlets), preceding the full network burst, are more prominent and can 1389 
be generated with a lesser fraction of randomly spiking neurons in networks with LN 1390 
weights (H) as compared to the ones with uniform weight (I). J-K, Sweight-σ (J) and Ssynout-σ (K) 1391 
parameter space of traces in (H). L-M, Sweight-σ (L) and Ssynout-σ(M) parameter space of traces 1392 
in (I). For (J-M), S and σ was computed in non-overlapping 10 ms windows. (J-M) reveal the 1393 
attractor dynamics of network synchronization. Vrest for these simulations was fixed at –65 1394 
mV (V* =17 mV) to match low frequency firing of the type1 inspiratory neurons near resting 1395 
potentials (Ashhad and Feldman, 2020; Gray et al.,1999) during pre-inspiratory period. 1396 
  1397 
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Table 1. Model parameters  1398 

 1399 
Parameter  Value  

Vrest  -60 mV; -65 mV (figure7)  

V*  -48 mV  

τm  25 ms  

τs  0.5 ms  

Δtij  1.3±1.1 ms  

Wij  300±160 (mean ± SD) mV/ms =15±8 in 
step size (0.05 ms)  

τdelay  20±3 ms  

Tlaser  39±5 ms  

nspikes  7  

fnoise  0.5-2 Hz  

  1400 

  1401 
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Table 2. Prediction accuracy of various generalized S quantities for network burst. 1402 
 1403 

Parameter  Accuracy  𝑆( ) 0.73 ±0.01 𝑆( ) 0.72 ±0.02 𝑆( ) 0.72 ±0.006 𝑆( ) 0.72±0.009 𝑆( ) 0.72±0.01 𝑆( ) 0.71 ±0.01 𝑆( ) 0.71±0.01 𝑆( ) 0.71±0.01 𝑆( )  0.70±0.01 𝑆( ) 0.70±0.01 𝑆( ) 0.69±0.008 𝑆( ) 0.69±0.008 𝑆( ) 0.68±0.009  𝑆( ) 0.66±0.009  𝑆( ) 0.66±0.01 𝑆( ) 0.59±0.008 𝑆( ) 0.57±0.02 𝑆( ) 0.57±0.01 𝑆( ) 0.56±0.01 

 1404 
 1405 
 1406 






















