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Abstract 32 

Identified neurons and the networks they compose produce stereotypical, albeit 33 

individually unique, activity across members of a species. We propose, for a motor circuit 34 

driven by a central pattern generator (CPG), that the uniqueness derives mainly from 35 

differences in synaptic strength rather than from differences in intrinsic membrane 36 

conductances. We studied a dataset of recordings from six leech (Hirudo sp.) heartbeat 37 

control networks, containing complete spiking activity patterns from inhibitory premotor 38 

interneurons, motor output spike patterns, and synaptic strength patterns to investigate 39 

the source of uniqueness. We used a conductance-based multi-compartmental motor 40 

neuron model to construct a bilateral motor circuit model, and controlled it by playing 41 

recorded input spike trains from premotor interneurons to generate output inhibitory 42 

synaptic patterns similar to experimental measurements. By generating different synaptic 43 

conductance parameter sets of this circuit model, we found that relative premotor 44 

synaptic strengths impinging onto motor neurons must be different across individuals to 45 

produce animal-specific output burst phasing. Obtaining unique outputs from each 46 

individual’s circuit model did not require different intrinsic ionic conductance parameters. 47 

Furthermore, changing intrinsic conductances failed to compensate for modified synaptic 48 

strength patterns. Thus the pattern of synaptic strengths of motor neuron inputs is critical 49 

for the phasing of this motor circuit and can explain individual differences. When intrinsic 50 

conductances were allowed to vary, they exhibited the same conductance correlations 51 

across individuals, suggesting a motor neuron ’type’ required for proper network function. 52 
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Our results are general and may translate to other systems and neuronal networks that 53 

control output phasing. 54 

 55 

Significance Statement 56 

Each member of a species is unique, down to its neurons. The ability to experimentally 57 

identify a specific neuron across individuals allows investigating the neuron’s variability in 58 

spiking activity patterns and therefore its function. Identified neuron types produce 59 

stereotypical, albeit individually unique, activity patterns. Uniqueness of activity can be 60 

caused by variability observed in the intrinsic properties of neurons and the synaptic 61 

connections of the circuit. Here, we propose that, for a rhythmic neuronal motor circuit, 62 

the uniqueness derives mainly from differences in synaptic strength rather than from 63 

differences in intrinsic membrane conductances. The neuron types that we studied are 64 

from the leech heartbeat system. However, our results are general and can translate to 65 

other neuronal networks that control output phasing. 66 

 67 

Introduction 68 

Through their projections and synapses onto motor neurons, central pattern generator 69 

(CPG) circuits control motor output for a variety of rhythmic behaviors. Across individuals 70 

of a species, motor circuits, both motor neurons and CPG elements, show large variability, 71 

not only in intrinsic neuronal parameters (Bucher et al., 2005), but also in circuit synaptic 72 

parameters (Goaillard et al., 2009). Given this animal-to-animal variability, how do motor 73 
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circuits produce functional, albeit individually unique, output patterns across animals 74 

(Norris et al., 2007a; Goaillard et al., 2009; Williams et al., 2013)? 75 

This question has been largely addressed, not with experimental animals coming from 76 

controlled backgrounds, but with those collected from their natural habitats (Goaillard et 77 

al., 2009), which have multiple factors that can contribute to biological variability. These 78 

genetically unique individuals must adapt to developmental and environmental variability 79 

presumably by applying some rules (e.g., homeostatic or developmental) to achieve 80 

functional output. We are interested in explaining how such rules act at the neuronal and 81 

circuit level to achieve their unique functional network output. In particular, what are the 82 

relative contributions of synaptic and intrinsic parameters in the production of unique 83 

functional output across animals? 84 

Central pattern generating networks of invertebrates have provided some of the best 85 

evidence showing functional output with underlying variability of intrinsic and synaptic 86 

conductances (Goaillard et al., 2009; Prinz et al., 2004; Ransdell et al., 2013; Marder et al., 87 

2015; Doloc-Mihu and Calabrese, 2016). In CPGs, the firing phase of component neurons is 88 

considered a critical aspect of a functional motor pattern, and phase varies considerably, 89 

albeit within functional limits, across animals as shown in the stomatogastric nervous 90 

system (STNS) and in the leech heartbeat system (Bucher et al., 2005; Norris et al., 2006, 91 

2007b; Wenning et al., 2004a,b). For leech heartbeat, each animal arrives at a unique 92 

solution to produce a functional heartbeat motor pattern based on phase differences in 93 

the premotor pattern and synaptic strength patterns from the CPG premotor interneurons 94 

to motor neurons (Norris et al., 2011; Wright and Calabrese, 2011b). 95 
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Previous large-scale modeling simulations in other systems, which included both synaptic 96 

and intrinsic channel variations, generated databases of different conductance parameter 97 

configurations, but these were compared to population averages rather than data 98 

collected from individuals (Prinz et al., 2004). Databases of simplified computer models 99 

were also constructed to explain variable phasing observed in a multi-animal dataset 100 

(Williams et al., 2013). In this paper, we focus on the coordination of motor neurons (HEs) 101 

that each receive their inputs from inhibitory premotor interneurons (HNs). While all 102 

input-output spiking phases and synaptic strengths were recorded, intrinsic conductances 103 

in these individuals could not be measured simultaneously. We use computer models to 104 

match neuronal profiles (i.e., specific biological instances of network spike phasing and 105 

synaptic parameters) to reverse engineer motor neuron intrinsic properties, such as in the 106 

case for single animals (Lamb and Calabrese, 2013), but extend this methodology to 107 

multiple individuals. 108 

Premotor and motor phasing and synaptic inputs to leech heartbeat motor neurons were 109 

experimentally characterized from a set of six individuals (Norris et al., 2007a,b; Wright 110 

and Calabrese, 2011b). The bilateral motor circuit was reconstructed by using the same 111 

parameterized conductance-based multicompartmental motor neuron model as in Lamb 112 

and Calabrese (2013). We optimized sets of model instances (with varying parameter 113 

values) of the model neuronal circuit using a multi-objective evolutionary algorithm 114 

(MOEA) within the observed natural variability to produce each individual leech’s unique 115 

motor output and assessed the relative contribution of intrinsic ionic conductances versus 116 

synaptic parameters.  We started by keeping synaptic strengths at the measured average 117 

values for the individual and allowing only variation of the intrinsic ionic conductances and 118 
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bilateral electrical coupling between motor neuron pairs. We found that functional models 119 

were difficult to find and that they were not successful when tested with the premotor 120 

inputs and expected motor output from other individuals in our set. However, allowing 121 

also the synaptic strength parameters for an individual to vary within the error of our 122 

measurements for that individual led to much higher success rate for our motor neuron 123 

model searches. Moreover, such motor neuron models were highly successful when 124 

challenged with premotor parameters (synaptic strengths allowed to vary within the 125 

measurements’ error) from other individuals. Thus synaptic strength parameters appear 126 

more critical than intrinsic membrane parameters in the expression of animal-to-animal 127 

variation in motor output in the leech heartbeat system. 128 

 129 

Materials and Methods 130 

Electrophysiology and spike-triggered averaging of synaptic currents 131 

Electrophysiological recordings were obtained from previously published data (Norris et. 132 

al. 2011). Recordings were made in isolated nerve cords of Hirudo sp. extracellularly from 133 

premotor HN interneurons and in voltage-clamp from ipsilateral segmental HE motor 134 

neurons.  Norris et al. (2011) described 12 preparations that have complete recordings of 135 

input spiking pattern (premotor interneurons), output spiking pattern (motor neurons) and 136 

synaptic strengths in two motor neurons of all 4 premotor interneurons in both peristaltic 137 

and synchronous coordinations (see beginning of Results section for their definitions). 138 

They showed statistically that the synaptic strengths of these preparations were 139 
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representative of a sample involving many more preparations of less complete data from 140 

previous studies (Norris et al. 2006; 2007a,b). Of these 12, 6 were perfect in the sense that 141 

there were no changes in period between the recordings of the two coordinations so that 142 

data from one side could be reflected to give a bilateral pattern; this was very important 143 

for making a bilateral pattern for the modeling done here. The pattern of interneuron 144 

activity and motor neuron activity of these 6 are representative of the 12 and enabled very 145 

detailed modeling and dynamic clamp studies that ultimately led to this study (Wright and 146 

Calabrese, 2011a,b; Lamb and Calabrese 2013). A recently published meta-analysis of all 147 

the preparations (>100) is available in a Project Database with all data available on Dryad 148 

(https://datadryad.org/resource/doi:10.5061/dryad.c0g0p/3) (Wenning et al, 2018) 149 

enabling external validation of the representativeness of this sample. We show here that 150 

the premotor patterns and motor patterns in both coordinations are representative of the 151 

much larger sample in the Project Database (see Fig. 2-1).  152 

 153 

Recorded electrophysiological activity traces were analyzed using custom scripts written in 154 

the MATLAB computing environment (Mathworks, Natick, MA). These analysis scripts 155 

extracted bursting characteristics of recorded neurons 156 

(https://github.com/RonCalabreseLab/Burst-Phase-Matlab-lib). They were also applied to 157 

quantify characteristics of simulated neurons (see below). These characteristics were used 158 

as the target metrics to evaluate whether model neurons are similar to recorded ones. The 159 

analysis started by finding beginning and ending spikes in each burst, their median spikes 160 

(indicated with diamonds in figures) that is used to compare phasing of bursts, within-161 
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burst spike rate and amplitude. It also low-pass filtered the bursting activity to extract the 162 

slow-wave envelope on which the bursts rode. The height of this slow-wave envelope was 163 

also one of the target metrics. 164 

For assessing the strength and dynamics of synapses, we have employed an offline spike-165 

triggered averaging (STA) method to analyze inhibitory post-synaptic currents (IPSCs) 166 

caused by premotor HNs that are recorded in voltage clamp from HEs, similar to a previous 167 

method (Norris et al., 2007a). STA was used to determine synaptic connectivity, strength, 168 

and dynamics (short term synaptic plasticity) in both coordination modes, but using data 169 

recorded from one side of each preparation. Data from the two coordination modes were 170 

combined to increase the signal-to-noise ratio in STA because no significant differences 171 

were noted between coordination modes in synaptic connectivity, strength, or dynamics 172 

(Norris et al., 2007a). 173 

Spike and IPSC detection/averaging were performed off-line using custom MATLAB 174 

software (https://github.com/RonCalabreseLab/HN-HE-synapses-STA). For most of the 175 

duration of their bursts, the premotor interneurons tend to fire at a quasi-constant rate, 176 

often resulting in multiple peaks in the spike-triggered average. The largest of these peaks 177 

was selected in each trace for measurement of amplitude and latency as before (Norris et 178 

al., 2007a). Data used in the STA estimation can be accessed publicly 179 

(https://doi.org/10.6084/m9.figshare.7963757).  180 

We have improvements over the previously reported STA method in several aspects: (1) 181 

we verified that proper number of leading and trailing IPSCs are removed from the STA in 182 

each burst; (2) we have an interactive feature to exclude from averaging IPSCs that are 183 
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near post-synaptic spikes, which escape from voltage clamp because of poor space clamp 184 

of the spike initiation zone; (3) we provide analysis of within-animal variability of the STA 185 

and its comparison to the average (Fig. 1C); (4) finally, we use an improved method to align 186 

the current offset between traces from different bursts. Previous methods reported align 187 

traces to have zero current offset at their value that corresponded to the presynaptic spike 188 

trigger time of the selected HN. However, the trace could shift up or down considerably 189 

with this method based on the coincidental existence of IPSCs from other HNs during this 190 

time. Instead of this method, we used a band-pass filter (5–3,000 Hz) to remove low-191 

frequency current offsets from traces independent of their value at the spike trigger time. 192 

This method reduced the offset visibly and quantitatively allowing more accurate 193 

averaging. 194 

Multiobjective evolutionary algorithm (MOEA) optimization of a conductance-based 195 

ensemble model of HE motor neurons 196 

[Table 1 about here.] 197 

 198 

[Table 2 about here.] 199 

To simulate HE motor neurons, we used a previously-published multi-compartmental 200 

conductance-based model (Lamb and Calabrese, 2013; model files available on the 201 

ModelDB repository, 202 

https://senselab.med.yale.edu/ModelDB/ShowModel.cshtml?model=153355). Each motor 203 

neuron in this model is composed of seven compartments: a soma, 3 serially-connected 204 
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primary neurite compartments, a secondary neurite compartment (passive only) branching 205 

from the primary neurite, a synaptic compartment connected to the secondary neurite, 206 

and an axon serially-connected to the end of the primary neurite. Each of these included 207 

combinations of intrinsic ionic channels specified in Table 1. The ensemble model of the 208 

heartbeat motor neuron circuit contains bilateral pairs of these motor neuron models 209 

coupled together electrically with a conductance (gsynE) at their respective synaptic 210 

compartments. Two pairs of model neurons are simulated for leech segments 8 and 12. 211 

Different segmental HE motor neurons receive their corresponding recorded HN inputs. 212 

We modified this model (https://github.com/RonCalabreseLab/HE-model) to allow varying 213 

passive parameters independently across different compartments, added variable global 214 

and individual synaptic multipliers, and allowed user specification of different HN 215 

interneuron input patterns recorded from different leeches in our data set 216 

(https://doi.org/10.6084/m9.figshare.7963733). We focused our investigations on one 217 

model instance from Lamb and Calabrese (2013), whose maximal conductance parameters 218 

are shown in Table 2. 219 

[Table 3 about here.] 220 

Lamb and Calabrese (2013) had previously used a MOEA approach to optimizing model 221 

circuit parameters to find motor patterns that match recordings from a single animal 222 

(5/19B). Model outputs were quantified based on measurements of activity waveforms 223 

(Table 3). Target ranges from each animal’s target values indicate acceptable metric values 224 

during ensemble model fits. We used the same target ranges in this study to maintain 225 

consistency and produce comparable results. We have extended this schema to fit model 226 
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outputs to targets from multiple animals. Target ranges selected can be compared in the 227 

table to standard deviations (SDs) in peristaltic (peri) and synchronous (sync) coordination 228 

mode measurements from HE(8) and HE(12) motor neurons averaged over data recorded 229 

from six leeches. Duty cycle and phase metric target ranges were less than one SD over the 230 

data set. Frequency had an especially relaxed target range. We ignored the absolute phase 231 

metrics and instead used the motor phase progression metric. Motor phase progression 232 

depends on the absolute phases of motor neurons because it is the phase difference of 233 

HE(8) and HE(12). In total, there were 18 metrics that the optimization algorithm 234 

maintained within the target ranges. The analysis was performed using custom Matlab 235 

scripts (https://github.com/RonCalabreseLab/HE-model-analysis-matlab). 236 

Multi-objective optimization algorithms have been successfully used for conductance 237 

model parameter optimization before (Druckmann et al., 2007). The basic idea is to find 238 

solutions that optimize each objective separately, instead of previous methods that weigh 239 

together different objectives to optimize a summed metric. Optimizing the summed metric 240 

may give good solutions in one metric while doing worse in others. The user can specify 241 

importance of some metrics by weighing them stronger if known in advance. However, this 242 

may skew results in favor of a few metrics. Multi-objective methods behave much more 243 

fairly, where solutions are evaluated for their goodness by checking all objectives.  244 

Therefore, they are more appropriate for matching biological features, which are all 245 

important to match. These methods have become the standard in ambitious neuronal 246 

modeling projects (Markram et al., 2015), by accumulating many new advancements (see 247 

review in Druckmann, 2013). One of the most commonly employed MOEA algorithms is 248 

the Non-dominated Sorting Genetic Algorithm, NSGA-II (Deb et al., 2002).  However, this 249 
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algorithm is known to be unsuitable for problems with more than 3 objectives (Zou et al., 250 

2008), which makes it a suboptimal choice for our optimization task with 18 output metric 251 

objectives. Lamb and Calabrese (2013) have employed a custom modification of NSGA-II 252 

that partially eliminated this handicap, the Elitist Nondominating Vector Evaluated Genetic 253 

Algorithm (endVEGA), which was written in the C++ programming language and used a 254 

roulette wheel to choose more of the lower-value objective metrics irrespective of their 255 

number (Milanova et al.,  2006; Smolinski et al., 2007).  Since an easily customizable 256 

implementation of this algorithm was not publicly available, we adopted a custom open-257 

source MATLAB toolbox called GODLIKE 258 

(http://www.mathworks.com/matlabcentral/fileexchange/24838-godlike-a-robust-single--259 

-multi-objective-optimizer). We have customized and improved GODLIKE by allowing 260 

parallel processing on multithreaded hardware. GODLIKE offered four multiobjective 261 

optimization algorithms that can be combined together, and included an NSGA-II 262 

implementation. As expected, it failed to converge in our 18-dimensional objective 263 

function space, because it could always find solutions where some metric was better, 264 

which could not be dominated by any other population member. For example, it could find 265 

a model instance that has a perfect match to the target spiking frequency, while several 266 

other metrics remained outside of target range. We stopped this overzealous single-267 

objective fitting by preventing the optimization of metrics below a threshold, in particular 268 

the limits of our target range for each metric. A fuzzy truncation function on the squared 269 

metric value (Fig. 3-1A) allowed us to place a lower bound on metric errors equal to the 270 

target range value, such that they cannot be improved further. Therefore, the algorithm 271 

focuses on improving the remaining metrics (Fig. 3-1B). In practice, this method did not 272 
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dramatically improve the quality of solutions found, but it did improve the speed of 273 

convergence and the number of evaluations to reach good quality (low target metric error) 274 

solutions (Fig. 3-1C,D). That is, many more low maximal absolute error (MAE) solutions 275 

were found with same number of evaluations. Control of simulations, comparison and 276 

sorting of metrics, and plotting were achieved using the Pandora toolbox (Günay et al. 277 

2009; RRID: SCR_001831) for MATLAB. Figures in this paper can be generated using the 278 

public resources for the source code (https://github.com/RonCalabreseLab/HE-model-279 

animals-figures) and the associated simulation data 280 

(https://doi.org/10.6084/m9.figshare.7963748). 281 

Statistics 282 

Synaptic strengths measured from living animals and computer simulations were 283 

compared using the Kruskal-Wallis test (see Fig. 6 and associated Results section).  Being a 284 

non-parametric test, Kruskal-Wallis does not assume samples follow a specific distribution. 285 

It tests the null hypothesis that medians between the two distributions are equivalent. We 286 

chose this test as it is more stringent than a one-way ANOVA test, which assumes the 287 

underlying distributions are normal. The distributions of the living and simulated synaptic 288 

values were shown in detail in a supplementary figure (Fig. 6-2). The Kruskal-Wallis test 289 

was applied using the implementation found in Matlab (Mathworks, Natick, MA) named 290 

“kruskalwallis”. 291 

Correlations between intrinsic P and K2 conductances were tested using multiple linear 292 

regression in Matlab (Mathworks, Natick, MA) with the “regress” command. R2 and p 293 

statistics were reported from the output of this command. 294 
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 295 

Results 296 

Experimental data from multiple animals vary in interneuron phase, output phase, 297 

and synaptic strengths 298 

[Figure 1 about here.] 299 

 300 

The leech heartbeat is a bilateral system, where blood is pumped by rear-to-front 301 

peristalsis on one side (heart tube) and nearly synchronously on the other side (heart 302 

tube). This activity pattern of two distinct coordinations, peristaltic and synchronous, 303 

switches sides periodically every few minutes to ensure that blood circulates equally on 304 

the two sides. The same bilaterally paired premotor interneurons and motor neurons 305 

produce both coordinations, and in particular only the relative timing of interneurons and 306 

motor neurons changes between the two coordinations (Fig. 1A) (Norris et al, 2007a,b; 307 

Norris et al. 2011). It has recently been shown that there are significant side-to-side 308 

differences in phasing of activity for each coordination and in underlying synaptic strengths 309 

but on a given side, motor output is very similar across repetitions of a coordination 310 

(Wenning et al., 2018). 311 

We focus on the coordination of motor neurons (HEs) in segments 8 and 12 that each 312 

receive all of their inputs from the same four inhibitory premotor interneurons (HNs) in 313 

segments 3, 4, 6, and 7. When one side is in peristaltic coordination, bursting spike 314 
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patterns of premotor interneurons (HN(3)–HN(7)) show a rear-to-front phase progression 315 

(Fig. 1A). Bursting phase of premotor interneurons is highly variable across animals and 316 

controls the phasing of motor neuron (HE(8) and HE(12)) output spiking patterns (Norris et 317 

al., 2007a). In some animals (e.g., in 5/19B), even premotor phase ordering may be 318 

different (Fig. 1B), but the general trend of rear to front progression is always observed. 319 

Variability in premotor input phasing is also reflected by varying motor phases of HE(8) and 320 

HE(12) in each animal, but the premotor phase difference (pm φ) always sets an upper 321 

limit on the forward motor phase progression (m φ; see Wright and Calabrese, 2011b). 322 

This creates the rear-to-front peristaltic wave constricting heart muscle that is critical for 323 

pumping blood and therefore the survival of the leech. Functionality of this feature, 324 

despite differing input patterns, depends on the strengths of synapses connecting the 325 

interneurons to motor neurons, which also varied across animals. 326 

Previously, Norris et al. (2007a) estimated and reported synaptic strengths using a spike-327 

triggered averaging (STA) method. Here we are also reporting within-animal variability of 328 

synaptic strengths (Fig. 1C) using an improved STA method (see Materials and Methods). 329 

Synaptic strengths were normalized per animal to have a meaningful comparison across 330 

animals and preparations. When looking across animals, relative strengths were, not only 331 

highly variable, but also ordered inconsistently by their magnitudes (Fig. 1D). Motor 332 

neuron HE(8) had a more even distribution of relative synaptic strengths across all four 333 

inputs compared to HE(12) that had small versus large strengths. Across animals, the 334 

strongest input to HE(8) alternated between HN(4) and HN(6). Inputs to HE(12) were more 335 

consistent across animals, HN(6) and HN(7) being always the strongest; however, their 336 
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ratios still varied greatly. Other than these rules, synaptic strength patterns seemed to be 337 

unique for each animal despite the criticality of their function. 338 

 339 

Functional metrics of the heartbeat circuit such as the motor phase progression are 340 

also variable 341 

[Figure 2 about here.] 342 

 343 

Functional output metrics of the heartbeat circuit also showed variability across animals in 344 

both coordinations (Fig. 2; for a comparison of these distributions to the larger project 345 

dataset, see Fig. 2-1). These metrics were previously described in detail (Lamb and 346 

Calabrese, 2013), and include duty cycle, firing rate, slow wave amplitude, and spike rate. 347 

The most important output metric of a functional heartbeat is the peristaltic motor phase 348 

progression (m φ), which was calculated here as the phase difference from motor neuron 349 

HE(8) to HE(12) and exhibited substantial animal-to-animal variability. Variability also 350 

existed in the synchronous coordination, but the phase differences were much smaller. 351 

Bursting duty cycle and firing rate of the motor neurons were similarly variable across 352 

animals. Each animal having different input phase progression, synaptic strengths, and 353 

output phase progression, raises the question whether output variability is caused by 354 

inputs only, or intrinsic ionic conductances must also differ from animal to animal. Another 355 

CPG circuit, the stomatogastric (STG) nervous system also exhibits similarly stereotypical 356 

but variable neuronal output activity in the same neuronal types across individual 357 
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crustaceans (Bucher et al., 2005), while underlying channel conductances and gene 358 

expression patterns vary significantly (Schulz et al., 2006; Marder and Goaillard, 2006). The 359 

two to four-fold difference found in maximal conductance magnitudes has been suggested 360 

to cause the observed population variability in neuronal activity. Variable underlying 361 

conductances in neuronal types was also observed in mammalian Purkinje cells (Swensen 362 

and Bean, 2005). We can investigate how changes in inputs and ionic conductances 363 

contribute to explaining the outputs in the leech, by using a computer model of the 364 

heartbeat motor circuit. 365 

 366 

No model instance produced functional output using the measured synaptic weight 367 

averages 368 

[Figure 3 about here.] 369 

 370 

Previously, Lamb and Calabrese (2013) constructed a conductance-based 371 

multicompartmental model of the heart motor neurons (HEs). This is an ensemble model 372 

that simulates both sides of the animal because bilateral HE motor neurons are electrically 373 

coupled. Premotor input phase and synaptic strength recorded from one side (for both 374 

activity coordinations) in experiments were used as inputs to both sides of the model 375 

circuit. Synaptic strengths were previously measured by STA experimentally for each HE 376 

motor neuron independently (Wright and Calabrese, 2011b). Not knowing how strengths 377 

of different HE synapses compare to each other across animals, experimental strengths 378 
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were interpreted in relative terms. Here, relative synaptic strengths to each HE were 379 

scaled by a global scaling parameter (σ) to generate absolute strengths to be used in 380 

simulations (Fig. 3A). The model could then be simulated by playing back inputs from 381 

model synaptic currents triggered by recorded HN spike patterns, aiming to recreate HE 382 

output phasing that matched recorded animal’s synaptic profiles. This simulation method 383 

allows us to explain how the measured properties of the circuit come together to generate 384 

motor output and whether it can reproduce observed functional metrics such as burst 385 

phase. 386 

Using this method, Lamb and Calabrese (2013) were able to simulate a small motor phase 387 

progression target preparation 5/19B (Fig. 1B, left-facing triangles) by using measured 388 

inputs to the model (Fig. 3B). However, the model failed to reproduce larger phase 389 

progression targets, such as from 5/22B (Fig. 1B, diamonds), using its corresponding inputs 390 

(Fig. 3B; compare phase progression values in Fig. 2). Theoretically, the model could 391 

achieve large motor phase progression when we artificially maximized output phase 392 

progression by strengthening earliest (in phase) and latest synaptic inputs to HE(12) and 393 

HE(8), respectively (Fig. 3-2A). Using this method, we confirmed that the output motor 394 

phase progression is always limited by, and follows, the input premotor phase progression 395 

(Fig. 3-2B). However, while the model could match larger motor phase progression values, 396 

it was unable to keep other functional metrics within target range for any combination of 397 

values for the two synaptic scaling parameters (σ) of HE(8) and HE(12), respectively (Fig. 3-398 

2C). 399 
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Furthermore, searching across all maximal conductances (for ionic currents and bilateral 400 

electrical coupling between HEs) and HE synaptic scaling parameters of the model failed to 401 

find any solutions within all metric target ranges for preparation 5/22B (Fig. 3-3). Since 402 

intrinsic ionic conductances could not compensate for the model’s shortcomings, we 403 

turned back to modifying recorded relative synaptic weights from their average values 404 

measured by STA. 405 

 406 

Slightly adjusted synaptic weights result in functional models without changing 407 

intrinsic ionic conductances 408 

[Figure 4 about here.] 409 

 410 

[Figure 5 about here.] 411 

 412 

By preserving the same intrinsic ionic maximal conductance magnitudes in the model 413 

instance and allowing synaptic strengths to slightly vary from their measured averages, we 414 

were able to find functional models for target 5/22B (Fig. 4) and 5/20B (Fig. 5). To achieve 415 

this, we defined synaptic multiplier parameters from each HN input to an HE motor neuron 416 

(Fig. 4A) and allowed them to vary only within ±1 SD of the recorded synaptic strength 417 

averages (see Fig. 1D). The synaptic strengths found in the top functional models were 418 

within ±1 SD of the measured averages for preparation 5/22B (Fig. 4B). The simulated 419 
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models were able to produce the target phase progression of the individual animal with no 420 

other electrophysiological anomalies (Fig. 4C). The measured functional metrics were all 421 

within target ranges as well (Fig. 4D). If we had used the original measured synaptic 422 

strength averages, the metrics would be outside of this range for the synchronous duty 423 

cycle of HE(12) and much lower than the target of the peristaltic motor phase progression 424 

(Fig. 4E). To show another example, we were able to find synaptic strengths (Fig. 5A) and 425 

functional output metrics (Fig. 5C) within ±1 SD of the measured targets for preparation 426 

5/20B that produced proper bursting patterns (Fig. 5B). These two examples gave us 427 

confidence for searching nearby synaptic strengths to those measured in the rest of the 428 

animals. 429 

Adjusting synaptic strengths resulted in functional models for all six preparations 430 

[Table 4 about here.] 431 

 432 

[Figure 6 about here.] 433 

We repeated the procedure for the remaining four preparations and obtained functional 434 

models by finding new synaptic strengths within ±1 SD of measured averages (Fig. 6). The 435 

best motor phase progression errors obtained were < 0.6 of its target range across all 436 

preparations and largest error was associated with different metrics in each one (Table 4). 437 

Bursting activity was also regular across all preparations (Fig. 6-1). When compared across 438 

six animals, we found no significant difference between relative synaptic strength 439 

distributions of measured averages versus topmost models (Kruskal-Wallis, p > 0.05; Fig. 440 
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6A). Furthermore, the model synaptic weights followed the same relative pattern (same 441 

distribution) across 8 inputs as in living HE neurons (see Fig. 6-2 for synaptic strengths 442 

found for individual animals). To explain the significance of the synaptic weight pattern, we 443 

used the synaptic strength index (SSI) defined by Wright and Calabrese (2011b). The SSI 444 

metric calculates the sum of preferences of HN(4) to HN(8) and of HN(7) to HE(12) in a 445 

single animal by using 446 

SSI =  447 

where w are relative synaptic strengths. When we applied this equation to both measured 448 

and model synaptic strengths for all preparations, we found that model SSI values 449 

increased for preparations with larger phase progression, while measured SSI values 450 

remained almost flat (Fig. 6B; see Discussion). Despite this discrepancy and having 451 

reproduced the observed peristaltic phase progression values in the model without 452 

sacrificing any other functional metric, we turned to the question of whether intrinsic ionic 453 

conductances also contributes to individual variability across animals. Surprisingly, all the 454 

results we presented so far (except Fig. 3-3) were obtained with the same combination of 455 

ionic conductances in the model. This suggests that synaptic strengths dominate the 456 

phasing of the output and ionic conductances need not vary across animals. Next, we 457 

investigated which combinations of ionic conductances resulted in functional models while 458 

keeping the newly found synaptic strengths constant. 459 

 460 

Intrinsic conductances vary smoothly around synaptic solutions found 461 

[Table 5 about here.] 462 
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[Table 6 about here.] [Figure 7 about here.] 463 

So far we have tested all animal targets with models that employed the same one 464 

configuration of intrinsic conductances. To test the impact of intrinsic conductance 465 

deviation from this configuration in the heart motor neuron output across animals, we 466 

varied intrinsic conductances without allowing changes in synaptic strengths from the 467 

newly found values. As expected, we found ensembles of model solutions for each of the 468 

animals (Table 5). For each animal, we evaluated at least 5,000 model instances in 469 

randomized MOEA searches. Model instances within target range (“good” models) were 470 

just a small percentage of the total number of instances evaluated, varying between 1% 471 

and 13%. This reinforced the understanding that intrinsic conductances are important for 472 

producing functional network activity. However, we wanted to assess the scale of this 473 

importance and whether intrinsic conductances must vary across animals. Therefore, we 474 

asked whether there are other fixed sets of intrinsic conductances that can produce model 475 

instances that function across animals. We selected animal 5/22B, which was the most 476 

difficult phase target to achieve and which had the lowest ratio of good models. We tested 477 

each of its 122 good model instances against other animal targets by setting synaptic 478 

strengths to the previously found values for that animal and keeping them constant. At 479 

least some of these instances produced network activity patterns within target ranges for 480 

all animals (Table 6, best MAE varied between 0.51–0.70). And more than 50% of these 481 

instances worked in all other animals except target 5/27B (only 28% of 5/22B good model 482 

instances were also good for target 5/27B). Having found several intrinsic conductance 483 

sets that work across animals supported our view of their secondary role in individual 484 

variation of network activity. 485 
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Next, we looked at correlation properties across intrinsic conductances in the good sets of 486 

model instances that we had found for each animal independently (Table 5). Hudson and 487 

Prinz (2010) had suggested that ionic conductance ratios may represent neuronal type and 488 

must remain constant across individuals of a population. Here, we provide support for this 489 

hypothesis by finding a similar positive correlation pattern across six preparations (Fig. 7) 490 

for one of the known ionic conductance pairs (delayed-rectifier K2 and persistent sodium P 491 

current in the neurite compartments) that was previously shown to be correlated (Lamb 492 

and Calabrese, 2013). We looked for intrinsic conductance correlations in the same data 493 

that we presented above (Tables 5 and 6). We have found other intrinsic conductance 494 

correlations in our dataset, but focused on one conductance pair to perform comparisons 495 

across animals. 496 

Discussion 497 

One of the principal questions in neuroscience is how reliable functional neuronal output can be 498 

produced while underlying neuronal and synaptic properties are variable across members of a species 499 

(Hamood and Marder, 2015). Central pattern generator (CPG) neuronal networks have provided 500 

excellent opportunities to study this question (Marder and Calabrese, 1996). Studies across animals 501 

focused on properties such as constancy of phase (Hooper, 1997; Bucher et al., 2005; Goaillard et al., 502 

2009; Hamood et al., 2015), period regulation (Kushinsky et al., 2019), and morphological variability 503 

(Otopalik et al., 2017) in the pyloric and cardiac motor patterns of the stomatogastric ganglion (STG) 504 

of crustaceans. Similar studies have focused on swimming motor pattern in the lamprey (Grillner, 505 

1974) and on the crayfish swimmeret system (Smarandache et al., 2009). In the leech heartbeat 506 

system, the functional output is the phase difference between motor neuron discharge (bursts) in 507 
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different segments, which control blood circulation through heart tubes. Within functional limits, the 508 

phase of the activity patterns of the premotor interneurons and motor neurons, and the synaptic 509 

strengths between them, are variable across individuals (Norris et al., 2011), the effects of which are 510 

not well understood. Computer models give us the ability to combine disparate experimental 511 

measurements to simulate circuit function, which can be used to explore these interactions (Wright 512 

and Calabrese, 2011b). We set the parameters of a heart motor neuron circuit model, controlled by 513 

the heartbeat CPG, to data collected from a set of six individuals. Our results showed that synaptic 514 

strengths play a critical role in producing highly variable animal-specific motor output burst phasing. 515 

This is not surprising as the inhibitory synapses from premotor CPG interneurons are responsible for 516 

shaping the phasing of the output (Wright and Calabrese, 2011a,b). This is consistent with other 517 

studies that look at the interplay between synapses and intrinsic conductances in living neurons 518 

across animals (Williams et al., 2013; Anwar et al., 2015; Lane et al., 2016) and across instances of 519 

neuronal circuit models (Prinz et al., 2004; Doloc-Mihu and Calabrese, 2011; Williams et al., 2013; 520 

Lane et al., 2016). In particular, Lane et al. (2016) showed that, in the crustacean cardiac 521 

ganglion, removing one intrinsic conductance can be compensated by changes in another 522 

intrinsic conductance and in strength of electrical coupling. When we tested the opposite 523 

relation in our model, modification of synaptic strengths could not be  compensated by changes in 524 

intrinsic membrane conductances. 525 

In our neuronal network model, the values of synaptic strengths measured (as averages in STA) 526 

previously did not produce functional output, but we were able to find nearby values within the error 527 

of the STA that did. Once functional synaptic weights were found, ionic conductances could be varied 528 

to generate ensemble model sets. Outside of these solution sets, models produce non-functional 529 

output even with the functional synaptic strengths. Thus, while synaptic strengths predominate in 530 
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determining output phasing, membrane ionic conductances play an important role in tuning and 531 

translating that synaptic input into functional coordinated neuronal output. These results potentially 532 

apply to many other motor networks where CPGs exert strong synaptic control over motor neurons. 533 

 534 

Why did using measured synaptic strengths fail to generate functional circuit models? 535 

Since both activity patterns and synaptic strengths were recorded from the same individuals, it was 536 

surprising to find that network model outputs did not match measured features when we used the 537 

measured spike-triggered averages (STA) of the strengths. There are several possible explanations for 538 

this failure. 539 

Using average values from disparate measurements is known to cause some errors if values come from 540 

concave spatial distributions (Goldman et al., 2001; Golowasch et al., 2002). The STA is a well-541 

established method that produces a single averaged value (in this case, synaptic strength) and therefore 542 

is not subject to this problem (Ito, 2015). However, if individual EPSCs averaged in the STA come from a 543 

bimodal distribution, the resulting averages may be unphysiological. We had already improved the 544 

accuracy and increased the signal-to-noise ratio of the STA method employed here (see Methods), 545 

although there could be remaining sources of variability in terms of synaptic plasticity or baseline shifts 546 

that may be causing a pernicious errors in the measurements. A small error in parameter values can 547 

unbalance a whole model particularly in a situation like that here where it is the relative strengths of 548 

inputs that is key; a misestimate in one input can throw off the relative strengths. 549 

Another explanation could be a missing feature in the model, although this is unlikely based on previous 550 

scrutiny. The heart motor neuron circuit model is constructed with a high level of biological detail based 551 

on physiological properties measured specifically from the leech. It contains ten ionic currents 552 
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characterized from voltage clamp recordings; multiple electrical compartments to represent important 553 

anatomical distinctions and spatial separation for the axon, soma, and neurites; chemical synapses that 554 

feature short-term plasticity, electrical coupling between the heart motor neurons, and conduction 555 

delays for inter-segmental spikes arriving from premotor interneurons (García et al., 2008; Wright and 556 

Calabrese, 2011b; Lamb and Calabrese, 2013). 557 

 558 

The same configuration of model ionic conductances can create output patterns of 559 

multiple animals when synaptic strengths are near  measured (STA) values 560 

The same set of intrinsic ionic conductances used in an instance of the HE motor neuron ensemble 561 

model was able to reproduce the individually varying output phasing measured from each of the six 562 

individual leeches. Usually, activity in identified neuron types are stereotypical across individuals, but 563 

with individual variation. This is in contrast to observed 2–4 fold variability of intrinsic ionic 564 

conductances found in neurons of one type across animals (Bucher et al., 2005; Goaillard et al., 2009). 565 

In both of these studies, animals were collected from a natural population that presumably contained 566 

significant biological variability. Thus, it is not surprising to observe variability also in neuronal 567 

properties, and it can be attributed to environmental, genetic, or developmental factors. However, from 568 

a functional network output perspective, is it necessary for these individuals to have different intrinsic 569 

ionic conductance magnitudes? Could one transplant the same neuron into another individual and 570 

expect to match their individual functional output? Since we cannot answer this question easily 571 

experimentally, the closest we can get is through computer simulation. 572 

In addition to showing that one set of intrinsic conductances can produce functional network activity 573 

across animals, we also showed that one can find multiple such intrinsic conductance configurations. To 574 
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achieve this, we evaluated thousands of models in the intrinsic conductance space. Only a small 575 

percentage of these models produced functional models (see Table 5). This confirmed that intrinsic 576 

conductances are also important in generating functional network output. We further showed that 577 

some of these intrinsic conductance configurations can produce the observed output in multiple 578 

animals. Not all of the configurations we selected from one animal produced the observed (target) 579 

activity in all animals, possibly because they were selected randomly and not by a specific criteria. These 580 

results strongly suggest that one can find a large number of model intrinsic conductance configurations 581 

that can produce the individually unique functional activity of multiple animals. 582 

Achieving functional output despite observed variability of neuronal intrinsic ionic conductances in wild-583 

caught animals, for example in neurons of the crab stomatogastric nervous system, have been 584 

attributed to co-regulation rules for maximal conductances based on electrophysiological recordings 585 

(Golowasch et al., 1999a,b) and mRNA counts (Schulz et al., 2006, 2007). Co-regulated intrinsic 586 

conductances found in neuron types thus often compensate for each other and produce stereotypical 587 

activity patterns (Hamood et al., 2015; Lane et al., 2016). Therefore, even though intrinsic conductances 588 

are variable, output produced is similar, which supports our finding that a single type of neural activity 589 

produced by the same set of intrinsic model parameters could function in multiple animals as long as 590 

the relative synaptic strengths are appropriate to the individual. Within error limits, the relative 591 

synaptic strengths could also vary in a large number of model solutions. By definition, relative synaptic 592 

strengths imply that, across neuronal models, absolute values are linearly related. Therefore, the 593 

synaptic strengths that we found using the model are also correlated. Having already confirmed 594 

experimentally some of these predictions (Norris et al., 2011), our model results can be taken to further 595 

analyses. 596 
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In a computational modeling study of the crustacean stomatogastric ganglion, Hudson and Prinz (2010) 597 

hypothesized that characteristic neuronal types must have similar co-regulation rules. However, this 598 

conclusion was reached by constructing ensemble neuronal models that match population targets 599 

rather than data from individual animals. Ensemble neuronal modeling creates a large set of neuronal 600 

models that fit a certain output criterion and mine it for biological questions (Prinz, 2010; Doloc-Mihu 601 

and Calabrese, 2011; Günay, 2015). Here, we provide support for the hypothesis of Hudson and Prinz 602 

(2010) by constructing ensemble model databases of the heartbeat motor neuron circuit model across 603 

animals. Once we established the new individually appropriate synaptic strengths, we kept them 604 

constant and varied intrinsic ionic conductances to find sets able to match each animal target. In the 605 

resulting ensemble datasets, we showed that some intrinsic ionic conductances exhibit similar co-606 

regulation rules across animals, supporting the earlier prediction and suggesting a required motor 607 

neuron type for functional motor output. 608 

In summary, we find that synaptic strengths are critical in creating the proper output phasing in a 609 

rhythmic motor circuit. Rhythmic circuits are responsible for many types of motor activity such as 610 

walking, chewing, breeding, and breathing across many species and are critical for life (Marder and 611 

Calabrese, 1996). The type of CPG motor circuit that we studied here is similar to circuits in other 612 

species and our results may extend beyond the leech. Understanding parameters and limits of animal-613 

to-animal variability would help explain and compensate for artifacts when consistent measurements 614 

are required in higher-order animals such as rats (Falcone et al 2018). Our conclusion is that animals in 615 

the wild seem to cope with neuronal and network variability by achieving custom solutions to reach 616 

functional output. This is consistent with other studies that show that observed individual variability 617 

may not have a significant functional impact (Otopalik et al., 2017). As a result each individual may have 618 

unique combination of synaptic parameters that enable signature stereotypical behavior they express. 619 
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Tables 777 

 778 

Name Channel g [S/m2]  
Na Fast sodium 3500 
P Persistent sodium 9.5 
CaS Slow calcium 0.5 
K1/K2 Delayed-rectifier potassium 25 (soma), 375 (neurites), 500 

(axon) 
KA A-type potassium 50 (neurites), 750 (axon) 
KCa Calcium-dependent 

potassium 
50 

synE Synaptic coupling 10 [nS] 
 779 
 780 

 781 

Table 1 Intrinsic ion channels and electrical coupling components in model and their 782 

maximal conductance parameter’s ceiling value. MOEA algorithm optimized parameters 783 

between 2–100% of these values at 2% increments. 784 
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 786 

Conductance % 
soma K1 8 
soma K2 92 
neurite K1 56 
neurite K2 4 
neurite A 32 
neurite P 18 
neurite CaS 72 
neurite KCa 4 
synE 22 
axon Na 76 
axon K1 4 
axon K2 96 
axon A 80 

 787 

 788 

Table 2 Maximal conductance parameter as percentages of ceiling values for selected 789 

model #47 from Set C of Lamb and Calabrese (2013). 790 
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 792 
 Target HE(8) HE(12) 
Metric range peri mean±SD sync mean±SD peri mean±SD sync mean±SD 
Duty cycle 0.10 0.61 ± 0.18 0.60 ± 0.12 0.62 ± 0.17 0.64 ± 0.17 
Spike frequency [Hz]  7 6.73 ± 0.93 6.94 ± 1.03 7.33 ± 1.63 7.25 ± 1.49 
Phase (burst median)  0.03 0.49 ± 0.07 0.00 ± 0.06 0.37 ± 0.08 

 
0.05 ± 0.07 

Slow wave height [mV]  5 10 10 10 10 
Spike height [mV]  7.50 15 15 15 15 
Motor phase 
progression 

0.06 0.11 ± 0.04 −0.04 ± 0.03   

 793 

 794 

Table 3 Target ranges (leftmost column) used for optimizing all model circuit metrics 795 

(Lamb and Calabrese, 2013). These ranges provided the limits around each animal’s target 796 

values for fitting ensemble models. Phase and duty cycle are displayed in normalized units. 797 

Metrics of slow wave height and spike height were used to ensure models were 798 

physiological, were estimated from recordings. Target ranges are compared to mean and 799 

standard deviation (SD) of the measurements across six animals for HE(8) and HE(12) in 800 

the columns to the right for peristaltic (peri) and synchronous (sync) coordination modes. 801 

Motor phase progression is calculated using phase of both motor neurons, so it was 802 

displayed only once under HE(8). 803 

  804 



 

 
42 

 805 

Prep. target 
m∆φ 

best 
m∆φ 

error 
m∆φ 

MAE caused by 

5/19A 0.07 0.0591 − 0.18 +0.58 in peri spike height for HE(12) 
5/19B 0.08 0.0592 − 0.36 +0.77 in sync duty cycle for HE(12) 
5/20B 0.09 0.0788 − 0.30 − 0.66 in peri slow wave height for HE(12) 
5/22B 0.07 0.0962 − 0.15 − 0.95 in peri slow wave height for HE(12) 
5/26A 0.14 0.1619 +0.28 − 0.76 in peri slow wave height for HE(8) 
5/27B 0.17 0.1414 − 0.59 +0.61 in sync slow wave height for HE(12) 
 806 

Table 4     Synaptic multiplier search for all six preparations.  Best m φ value and its error 807 

are from the best out of top 5 lowest MAE (maximal absolute error in any metric) models. 808 

All top models were within target range error for all metrics. MAE column is for the top 809 

model. 810 
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 812 

 813 

 814 

 Target # Good rg [%] R2 p 
 5/19A 656 13.13 0.78 3.01×10 235 

5/19B 347 6.94 0.53 2.99×10 62 
 5/20B 140 2.81 0.84 2.91×10 61 

 5/22B* 122 1.19 0.86 8.40×10 54 
 5/26A 199 3.99 0.81 2.20×10 75 
 5/27B 461 9.23 0.50 2.79×10 76 

 815 

 816 

Table 5  Results of model searches in intrinsic conductance parameters.  To avoid 817 

overfitting, searches were divided into separate batches, each starting from random initial 818 

conditions. For each animal, 5 batches of searches were executed with 1,000 model 819 

instance evaluations in each. rg is the ratio of good (functional) models to all evaluated 820 

models. *5/22B was searched with 5 batches of 2,000 evaluations. Linear regression was 821 

applied to check for correlation between K2 and P channel conductances, for which 822 

statistics are presented (R2 and p values). 823 
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 825 

Target MAE 
range 

# 
Good 

Ratio 
[%] 

5/19A 0.51–1.16 104 85 
5/19B 0.70–1.76 62 50 
5/20B 0.64–1.70 74 60 
5/26A 0.60–1.34 101 82 
5/27B 0.68–1.99 35 28 

 826 

Table 6 Functional models (n = 122) from target animal 5/22B were simulated with 827 

synaptic strengths and input patterns of other animals and checked for whether they were 828 

within their target ranges. Range of metric maximal absolute error (MAE) shows closeness 829 

of activity to target range (<1 accepted as good), “# Good” shows number of functional 830 

models, and ratio is the percentage of good models out of 122. 831 

 832 
 833 
 834 
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Figures 836 

Figure 1   Experimental data from multiple animals show large variability in interneuron 837 

phase, output phase, and synaptic strengths. (A) Representative ipsilateral connectivity 838 

schematic and extracellular traces from preparation 5/27B in peristaltic coordination 839 

showing premotor heart interneuron (HN) neurons in segments 3, 4, 6, and 7, with 840 

projections to heart motor neurons (HE) in segments 8 and 12. Phase difference in the 841 

premotor inhibitory synaptic input (pm φ) from HN(x) to HE(y) results in a motor phase 842 

progression (m φx,y). (B) Phases of both HNs and HEs vary across preparations. (C) Spike 843 

triggered averages of relative synaptic strengths of HN(3) and HN(7) to HE(12) synapses in 844 

preparation 5/27B showing the mean (black lines) and standard deviation (SD, gray areas). 845 

Red stars show the points between which amplitudes are measured. These two synaptic 846 

currents correspond to the red stars in panel D. (D) HN to HE relative synaptic strengths 847 

(mean+SD) from 6 individual animals show variability in their synaptic strengths and 848 

disparity between inputs and their ordering of magnitudes. 849 
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Figure 2 Metric targets for peristaltic (peri) and synchronous (sync) coordinations also 851 

varied across six individual leeches. Animal target (5/19B) used for tuning original model 852 

(Lamb and Calabrese, 2013) had a relatively small motor phase progression compared to 853 

another target (5/22B) of interest (right). These six animals constitute a representative 854 

sample from a larger project database. Comparisons of metric distribution between our 855 

sample and the project database is shown in Fig. 2-1. 856 
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Figure 3 Multicompartmental conductance model of heart motor neuron circuit 858 

simulated with synaptic multipliers. (A) A global multiplier (σ) is required for scaling 859 

relative synaptic current measurements from individual HE motor neurons. (B) Lamb and 860 

Calabrese (2013) evolved a population of 431 model instances with different intrinsic 861 

conductance parameters sets that successfully produced a motor phase progression for 862 

animal 5/19B (with target m φ = 0.081) within target range of 0.06 (See Fig. 3-1 for 863 

details of method). Sample model instance (#47) shows bursting patterns where diamonds 864 

mark the middle spike of the bursts and the gray triangle connecting the traces of HE(8) to 865 

HE(12) indicate the motor phase progression. Peristaltic and synchronous coordination 866 

modes are indicated with magenta and blue traces throughout this paper. The horizontal 867 

sequence of dots atop traces aligned with HN interneuron labels indicate their firing times, 868 

while the dots’ thicknesses indicate the relative strength between the HN input onto the 869 

corresponding HE motor neuron. (C) When σ-scaled (σHE8 = 0.73 and σHE12 = 0.75) HN 870 

firing patterns of a different animal (5/22B, with target m φ = 0.105 ± 0.06) were 871 

simulated as input in the HE circuit model, it resulted in a smaller m φ = 0.008, which 872 

failed to reproduce the increased target value. Fig. 3-2 gives more details about the impact 873 

of the σ factors on the activity characteristics. Furthermore, searching across all maximal 874 

conductances (of intrinsic ionic currents and bilateral electrical coupling between HEs) and 875 

HE synaptic scaling parameters of the model failed to find any solutions within one target 876 

range for all metrics for preparation 5/22B (Fig. 3-3). 877 
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Figure 4 Target 5/22B solution was found by manipulating individual synaptic weights, 879 

while keeping the same intrinsic maximal conductance magnitudes of the model instance. 880 

(A) Individual synaptic multipliers (ρ) allow adjusting strengths around recorded averages. 881 

(B) For input data set 5/22B, we found 2,088 model instances with synaptic weights that 882 

are < 1 within-animal standard deviation (SD) of target weights while keeping all other 883 

functional metrics also within recorded target ranges. (C) Bursting activity of models did 884 

not show any abnormalities (example model at rank #4 is shown). (D) Metrics of same 885 

model compared to target.  Error bars show ±1 SD across all the targets.  Since 886 

synchronous phase progression was small and always within target range, we only show 887 

peristaltic progression. (E) Same model instance with unmodified target synaptic weights 888 

was unable to achieve target values. Figure shows best possible metrics achieved by the 889 

model when the global synaptic multipliers were scaled to σHE8 = 0.7961 and σHE12 = 890 

0.7674. 891 
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Figure 5 Adjusted synapses for target 5/20B for the model instance that has the same 893 

intrinsic maximal conductance magnitudes as in Fig. 4. (A) Relative synapse strengths 894 

(mean+SD) recorded from preparation 5/20B (green bars) compared to 3,717 models 895 

(mean+SD, white bars) found after performing 10,000 MOEA model evaluations. Traces (B) 896 

and relevant metrics (C) of the third highest ranking model. 897 
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Figure 6 Summary of model synaptic strengths found for all targets. Bursting activity was 899 

regular across all preparations (Fig. 6-1). (A) Boxplots compare distributions of synaptic 900 

strengths of recorded (Exps.) versus best performing model (Models) across all six animals. 901 

Fig. 6-2 shows synaptic strengths found for individual animals. (B) Synaptic strength index 902 

(SSI) compared across targets and mean±SE of top 10 models (black boxes). 903 
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Figure 7 Linear regression fits (black lines) were similar across all preparations for 905 

functional models (burgundy dots) among a background of 5,000 evaluated maximal 906 

intrinsic ionic conductance combinations (yellow dots) between neurite K2 and P channel 907 

conductances. Regression resulted in R2 > 0.5 for all preparations, shown in each panel’s 908 

title. All p values were <0.01 (Table 5).  909 
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Extended Data 911 

Figure 2-1 Distribution of premotor phase progressions measured as Δϕ HN(4) - HN(7) and 912 

motor phase progressions measured as Δϕ HE(8) - HE(12) in our Project Database (Top) and 913 

in the 6 animals in our Sample Used (Bottom) in the current analysis.  914 

Top: Distribution of premotor/motor phase progressions across all preparations in the 915 

Project Database. Each symbol on the circular phase plots represents the average 916 

intersegmental Δϕ of one preparation in one switch cycle. The number of preparations and 917 

the mean intersegmental Δϕ (±SD) is indicated for the central pattern generator (CPG) 918 

pattern (N = 129; circles) and of the motor pattern (N = 83, triangles) for peristaltic 919 

(magenta) and synchronous (blue) coordination – yellow corresponding symbols show the 920 

animals in the Sample Used. Thick arrows represent the average intersegmental Δϕ across 921 

preparations (values indicated for each level) and their angular standard deviation. The 922 

length of the phase vector is also indicated and measures coherence.  923 

Bottom: Distribution of premotor/motor phase progressions across the animals in the 924 

Sample Used. Symbols, numbers, vectors as in Top. It is important to emphasize that the 925 

six animals used in the sample were exceptional recordings in the sense that we were able 926 

to measure all phase and synaptic strength parameters considered here and there was no 927 

period change during the recordings.  928 

Figure modified and expanded with permission from Wenning et al. (2018). Angela Wenning 929 

kindly made the figure. All data is available on Dryad 930 

(https://datadryad.org/resource/doi:10.5061/dryad.c0g0p/3).  931 
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Figure 3-1 Multiobjective evolutionary algorithm improvements. (A) A fuzzy filter was used 932 

to eliminate number of solutions that fall within one  target range of the metrics. Any 933 

improvement of metric difference lower than the unit range is not rewarded because the 934 

fitness value has a minimum of 1. (B) The cartoon demonstrates the two-dimensional case, 935 

where fitness values that fall within the unit box are assumed “good enough.” They no 936 

longer need to be improved or considered new points on the Pareto front [e.g., all points 937 

inside the box will map to (1,1) and will be indistinguishable]. This allows the algorithm to 938 

focus on minimizing the other metrics (i.e., in the direction of the arrow). (C-D) Example 939 

parameter searches across the two-dimensional space of HE (8) and (12) global synaptic 940 

multipliers ( ). Comparison of 189 evaluations of search by GODLIKE ASA+GA algorithms 941 

(C) versus  the same search method repeated with the fuzzy fitness metric in panel A for 942 

307 evaluations (D). The color bar shows the maximal absolute error (MAE) in all metrics 943 

(i.e. worst error). Only dark blue colors indicate the desired solution region where all 944 

metrics are within one desired range of the target. In the left panel (C), very few model 945 

instances were in the unit target range. However, in right panel (D), most of the model 946 

instances focused in the desired unit target range. Therefore, truncating the objective 947 

space complexity using the fuzzy method improved the ratio of converged solutions into 948 

unit region and therefore the speed of convergence. 949 
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Figure 3-2 (A) Ensemble network model instance showing HE(8) and (12) motor neuron 951 

firing patterns for peristaltic (magenta traces) and synchronous (blue traces) coordination 952 

modes (see explanation of plot in Fig. 3B). Points above the traces indicate timing of HN 953 

synaptic inputs. Thickness of these points indicate synaptic strength from each input 954 

interneuron. In this instance, strengthening synapses for inputs that are earliest (ρHN3 HE8 955 

= 4) and latest (ρHN7 HE12 = 3) overachieved the peristaltic motor phase progression 956 

metric m φ = 0.232  >  0.105 (5/22B target).  (B) When repeated for each animal target, 957 

theoretical limits of maximal peristaltic motor phase progression followed the magnitude 958 

of premotor phase progression. All synapses were zero except ρHN3 HE8 =  ρHN7 HE12  =  959 

4.  (C) A multi-objective evolutionary algorithm was used to  search values of the two 960 

global σ synaptic multipliers to yield errors within target range (blue colored regions) in all 961 

metrics (similar to Fig. 3-1). Good solution regions for peristaltic motor phase progression 962 

(m φ, left panel) and the rest of the metrics (right panel) did not overlap, failing to 963 

provide any solutions that satisfied low error on all metrics. Worst metric is calculated by 964 

finding the maximal absolute error (MAE) across all metrics. 965 
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Figure 3-3 No maximum absolute error (MAE) solutions within target range (would show 967 

as a bright red color) were found after searching across 12,061 combinations of parameter 968 

values varied between ranges specified in Table 1.  Ion channel maximal conductance (K1, 969 

K2, P , KCa, CaS, A, and Na) parameter values were varied between 0–50 in somatic, 970 

axon, and neurite compartments, electrical coupling (synE ) parameter values were varied 971 

between 0–50, and synapse multiplier (σ) parameter values were varied between 0–2 972 

values. Ranges marked as 100% indicate the maximal value of that parameter. 973 
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 975 

Figure 6-1 HE(8) and HE(12) model membrane voltage traces of example ensemble model 976 

instances for synaptic configurations shown in Fig 6. Traces are displayed the same way as 977 

in Fig. 3B. Proper bursting patterns were observed for each of the six preparations (panels 978 

A-F). For each preparation, ensemble models only with best matching peristaltic phase 979 

progression (m φ) are shown. 980 
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Figure 6-2 Details of the relative synaptic weight summary statistics given in Fig. 6A. 982 

Average and standard error of relative synaptic weights from the top 10 ranking models 983 

(empty squares with error bars) compared to those measured (filled symbols) for all six 984 

animal targets. Symbols map to animal targets same as throughout this paper (see Fig 1). 985 

Consistent with the summary graph, in all examples model synaptic strengths followed 986 

trends from measured values. Arrows intended only for labeling the symbols. 987 
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Figure: Visual abstract 991 
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