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Abstract

Hydra is a non-senescent animal with a relatively small number of cell types and overall low
structural complexity, but a surprisingly rich behavioral repertoire. The main drivers of Hydra’s
behavior are neurons that are arranged in two nerve nets comprising several distinct neuronal
populations. Among these populations is the ectodermal nerve net N3 which is located throughout
the animal. It has been shown that N3 is necessary and sufficient for the complex behavior of
somersaulting and is also involved in Hydra feeding behavior. Despite being a behavioral
jack-of-all-trades, there is insufficient knowledge on the coupling structure of neurons in N3, its
connectome, and its role in activity propagation and function. We construct a model connectome
for the part of N3 located on the body column. Using experimental data on the placement of
neuronal somata and the spatial dimensions of the body column, we show that a generative
network model combining non-random placement of neuronal somata and the preferred orientation
of primary neurites yields good agreement with experimentally observed distributions of connection
distances, connection angles, and the number of primary neurites per neuron. Having validated the
N3 connectome model in this fashion, we place a simple excitable dynamical model on each node
of the body column network and show that it generates directed, short-lived, fast propagating
patterns of activity. In addition, by slightly changing the parameters of the dynamical model, the
same structural network can also generate persistent activity. Finally, we use a neuromorphic
circuit based on the Morris-Lecar model to show that the same structural connectome can, in
addition to through-conductance with biologically plausible time scales, also host a dynamical
pattern related to the complex behavioral pattern of somersaulting. We speculate that such
different dynamical regimes act as dynamical substrates for the different functional roles of N3,
allowing Hydra to exhibit behavioral complexity with a relatively simple nervous system that does
not possess modules or hubs.
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1. Introduction
1.1. Information processing in neuronal systems

Information processing in biological neural systems takes place on the stage of complex neuronal
networks (1). These networks exhibit vast structural and functional diversity, ranging from primate
brains with billions of neurons, tens of billions of synapses, and a myriad of structured and
functionally specialized sub-networks to nervous systems with low structural complexity, as
exemplified by the nematode C. elegans with conserved number, position, and function of every
neuron (2).
A fundamental principle common to all nervous systems, however, is given by the notion of neural
computation, during which sensory organs of an animal receive information from its surroundings.
Then, the information is transmitted to a particular nervous system that integrates it and finally
generates output that leads to animal behavior.
Apart from these general principles, there often is no consensus on the precise details of a neural
computation. In fact, it is frequently not even clear which neurons are precisely involved, how they
are connected, and how their activity contributes to a given neural computation. The main reason
is that the resulting networks and their connectivity are very complex and experimentally difficult to
access. This makes a systematic and mechanistic understanding of neuronal computations an
arduous task.

Fig. 1: Overview of Hydra. (a) Hydra polyp in relaxed form, showing an elongated body shape with peduncle (ped.), body column
(b.column), tentacles (tent.) and hypostome (hyp.). (b) Schematic presentation showing location of seven neuronal subpopulations
and their distribution (after (3,4)). The alternative nomenclature includes Ec for ectoderm and En for endoderm. N3 (Ec3A-C),
highlighted in magenta, is located throughout the polyp. (c) Image of population N3 located in the body column. Hypostome and
peduncle are not included. Soma are visible as bright spots. Neurites (thin bright lines) extend mainly in the up-down (oral-aboral)
direction.

1.2. Hydra as a model system for neuroscience

To partially circumvent these difficulties, in recent years, there has been a research effort directed
at understanding presumably simpler nervous systems with a focus on aquatic invertebrates
forming the phylum Cnidaria (5), which includes jellyfish (6–8), anemones, corals, and polyps.
Among the polyps, the small freshwater cnidarian Hydra has received a lot of interest in
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neuroscience research (5). Hydra is a transparent animal with low cellular complexity and a simple
body plan (Fig. 1 (a)): Its tube-shaped body column is made up of three cell layers: the ectoderm,
mesoglea, and the endoderm. At the bottom of the animal is a peduncle, whereas at the top,
hypostome and tentacles are located. This long axis of the animal is also called the oral-aboral axis
or longitudinal axis. The nervous system of Hydra consists of two distinct nerve nets, one each in
ectoderm and endoderm. Recent transcriptomic analysis showed that there are 7-11 neuronal
populations in Hydra (3,4) (cf. Fig. 1 (b)). On a functional level, a seminal study revealed that this
genetic specification is, at least in part, mirrored by the fact that Hydra behavior is controlled by
non-overlapping, functionally distinct neuronal populations (9). Interestingly, neuronal processes in
Hydra do not show a differentiation into axons and dendrites, like in vertebrates, but instead are
morphologically unpolarized structures called neurites (9). Despite its simplicity, Hydra exhibits a
range of neuron-dependent behaviors (10), such as feeding (11,12), elongation of its body column
in response to stimulation with light and somersaulting (13). Although there is this wealth of
behavioral data, there is not much known about the structural basis of Hydra behavior. Early work
using electron microscopy (14,15) showed that there are both chemical and electrical (gap
junctions) synapses in Hydra, but did not make an attempt to elucidate the structure of the
underlying neuronal networks (16).
One exciting neuronal population, population N3 (Ec3), can be found in the ectoderm of Hydra (4)
(Fig. 1 (c)). This population was recently shown to be modulating Hydra feeding behavior, playing a
role in internal state, phototaxis, and somersaulting (12,13). In the complex behavior
somersaulting, N3 increased its activity in a ramp-like fashion, culminating in a series of population
bursts which finally initiates the foot detachment and the somersault.
In light of these observations, the question arises whether and how a single neuronal population
can support different modes of neuronal activity. Based on microscopy images, the organization of
the nerve net N3 is not random, but follows some regularity (Fig. 1 (c)). Therefore, here we aim to
determine the structural basis for the N3 subnetwork and study how this structure can give rise to
different modes of activity propagation, which likely underlie different behaviors of Hydra.

1.3. Outline of the paper

This paper is structured as follows. We first construct a theoretical connectome model respecting
basic geometric constraints. To achieve this, we introduce a statistical model that faithfully
approximates intersomatic distances recorded in microscopy images of N3 neuronal somata.
Based on a representative distribution of soma locations on a two-dimensional domain, we then
construct a theoretical connectome following pairwise location- and orientation-dependent
connectivity rules. We determine how the derived model compares to experimentally measured
values for connection length, connection orientation, and number of connections per neuron. In the
second part of the manuscript, we study neural activity on our theoretical connectome. First, we
show how the connectome model combined with a simple model for excitable dynamics can give
rise to two qualitatively different activity patterns. Second, we study neural activity using a version
of a previously published single neuron model (17). By construction, this model allows for a
neuromorphic circuit replicating the neural network dynamics. We investigate under which
circumstances our theoretical nerve net gives rise to two distinct neuronal activity modes, provide a
mechanistic explanation for this and discuss the biological plausibility of our findings.
Our work constitutes the first step to systematically construct and validate a connectome for Hydra,
starting with the body column ectodermal population N3.
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2. Results
2.1. Constructing a statistical model for the location of neuronal somata

To generate a statistical model for the location of neuronal somata and compare it to the biological
samples, our first task is to study the location of neuronal somata from population N3 in the body
column of the animal. N3 is an ectodermal population, so all its somata are placed in the ectoderm.
Hydra’s body is a three-dimensional cylinder. This means that somata are placed on a cylinder
shell. However, Hydra shows rotational symmetry around its long axis (from hypostome to
peduncle or vice versa), and therefore, considering one side of the cylinder suffices to study the
structure of N3. Imaging (see Methods) was therefore performed in one imaging plane on one side
of the animal. Thus, throughout this paper, we assume that neurons are placed on a
two-dimensional, quadrilateral domain, thus neglecting the fact that Hydra’s body column is shaped
like a cylinder in three dimensions. We also assume that somata do not possess a spatial extent,
that is, we consider neurons as points in a two-dimensional space.
For notational convenience, we use quadrilateral domains with side lengths and in the -
and -direction, respectively. Hydra has a larger length than width, i.e., with .

Thus, the total area of the domain is and therefore, and . We

consider neurons with coordinates and , for the theoretical
connectome.
Which rules could govern the placement of neurons on a two-dimensional part of Hydra’s body
column? Phenomenologically, neurons have a certain minimal distance of around from each
other, but otherwise are not arranged in a regular fashion. This entails that neuron positions are not
random, but follow some other principles of placement. To see why positions cannot be random,
assume that for each neuron, its and coordinates are drawn uniformly and independently
(both independently from neuron to neuron as well as independently between and coordinates
for a single neuron) from the intervals given above. This would lead, with some probability, to
neurons that are placed arbitrarily close to each other, which disagrees with the experimentally
observed data.
How different are the observed neuron positions from random placement? To address this
question, we turn to the algorithm of Poisson disk (PD) sampling (18). In this algorithm, points are
placed on a domain of a given size with the aim that no two points are closer than a distance ,
that is, defines the minimal distance between any pair of points. Distance here is defined as the
standard Euclidean distance between two somata. When we naively apply this algorithm on
domains that match measured ones in terms of area, we find that too many points (neurons) are
needed when we work with biologically plausible minimal distances. This placement of neurons
also led to a fairly regular placement of points compared to the experimental data, entailing that the
typical distance between two points was given by the minimal distance. Thus, in a second attempt,
we delete the number of surplus points, which preserves the observed minimal distance. However,
we find that this still does not result in a better-than-random fit to the experimentally determined
intersomatic distances, as quantified by the pairwise intersomatic Euclidean distances. In a third
attempt, instead of specifying the minimal distance , we specify the number of points that are to
be placed on the domain, and then determine the corresponding minimal distance.
Which number of points should be chosen? To quantify this, we consider the distributions of
pairwise intersomatic Euclidean distances, and compare distributions of the experimental data
(soma locations for different polyps, see Methods for details of data acquisition) to those obtained
with our PD sampling approach. We find that it must be larger than , the target number of
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neurons determined by experimental data (see below), but not too large, so that it still results in a
larger minimal intersomatic distance than in the experiment. We choose as the initial number,
so that we need to remove points later. This approach already yields good agreement of the
model with the data. A final correction is performed after the removal of the surplus points,
because we find that our algorithm up to this point produces a minimal intersomatic distance that is
too large. Thus, a random subset with a fixed size of 50 neurons is chosen, and the coordinates
are re-sampled randomly, but only accepted when the new coordinates were not closer to already
existing points than the minimal distance. This approach yields the best agreement with the
experimental data (see Fig. 2 (c) for one example of experimental data and Fig. 2 (a) and (b) for
PD and random sampling, respectively), and better approximates intersomatic distances than
random sampling (compare Fig. 2 (c) to 2 (a) and (b)).
After testing this algorithm on each of the measurements of neuron positions individually,
we decided that it is most advantageous to construct a single representative distribution of points
so that we later only have a single representative connectome. We thus average neuronal
densities, areas and minimal intersomatic distance and applied our modified Poisson distance
algorithm with the same parameter for each of the experimentally measured datasets. We also
chose for each data set. This results in a computational domain with a width of
approximately and a height of approximately (Fig. 2 (a)), which means that the
area is approximately . The average neuron density in the dataset is , which
resulted in neurons placed on the quadrilateral computational domain.

We then quantify the agreement of the distributions for pairwise intersomatic distances obtained
from the model with the data (Fig. 3). We restrict the analysis to intersomatic distances up to and
including to increase the sample size as not all datasets had the same spatial extent.
While the agreement, as quantified by large p-values from a 2-sample Kolmogorov-Smirnov test, is
good across the entire dataset, and better than random, it can for some datasets yield to small
p-values which indicates that the fit is not good (Fig. 3 (b), part of distribution below red dashed
line). This is likely due to the fact that some of the average parameters, determined as means
across the entire population, are not representative for some of the data. Indeed, there is a large
degree of variability in the dataset, reflected in both the shape of the polyps as well as their
dimensions and the number of neurons, which ranges from 259 to 120 in our dataset. The density,
however, was more constant: for a large animal with an area of and 259 neurons, it is
approximately , whereas for a smaller animal with only 120 neurons and an area of

, it is approximately . Therefore, our approach of focusing on neuron densities
takes into account the large variability in the dataset. In each case, running our algorithm with
mean parameters gives good agreement of the minimal intersomatic distance and always
reasonably approximates all datasets (Fig. 3 (b)). Therefore, we continue to work with this single
distribution of points, which is fixed up to the random seed of our modified Poisson disk sampling
algorithm.

To sum this up, our modified PD sampling algorithm takes as input the average density of neurons,
the average minimal distance, the chosen scale parameter and the average area of the polyps
and returns the coordinates of neurons on a fixed quadrilateral domain. The averages for the
input quantities are taken across different polyps.
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Fig. 2: Constructing a model for the location of neuronal somata. (a) Poisson Disk (PD) sampling. (b) Random sampling. (c)
Data for one polyp. Spatial dimensions are given in . Note that random sampling results in more clusters of somata that
are close to each other, compared to PD sampling and also compared to the data shown in (c).
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Fig. 3: Statistical Comparison of PD and Random Sampling. (a) Cumulative distribution function (CDF) for the soma positions shown
in Fig. 2 with a cut-off at . Note that PD samping results in a better fit to the data distribution than random sampling, which
results in a smaller minimal intersomatic distance and an overall overestimation of small intersomatic distances. (b) Distribution of
p-values for two-sided two-sample KS test. Results are pooled across the whole dataset ( polyps) for 100 independent
random realizations per polyp. The difference between PD and random sampling is significant ( , one-sided Mann-Whitney
U-test on the two shown distributions). Red dashed line indicates . The two middle horizontal bars indicate the mean and
the median of the two distributions, which are both higher for PD sampling compared to random sampling.

2.2. Constructing a connectome for N3

Having defined a statistical method to place neuronal somata on a computational domain in the
shape of a rectangle with biophysically plausible dimensions, we now describe our algorithm to
generate an artificial connectome based on location- and angle-dependent pairwise connection
rules.
A striking feature of the data is the fact that neurite orientation is not random ( however see (9)
where no preferential or specific orientation was found for any the networks studied, see also
Discussion), but that there is a preference for neurites to run longitudinally along the main axis of
the animal, that is, from “up” (starting from below the hypostome) to “down” (towards the peduncle)
or vice versa. Thus, the distribution of neurite orientation has a peak at . Whether this preferred
orientation is the result of spatiotemporal ontogenetic outgrowth rules (19) or constrained by the
longitudinal orientation of ectodermal muscles is not clear.
Going beyond this basic structural feature, in general, neurites of N3 neurons do not run straight
between two neuronal somata and have a complicated branching structure (see Appendix Fig. S2
for an example). Therefore, the direct Euclidean distance between two neurons is usually shorter
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than a neurite connecting them. Hence, instead of modeling complex neurite topology, we decided
to connect somata with straight lines. In measurements, putative connections between neurons
were determined by tracing a neurite from one soma until it finishes at another soma without
crossing a third soma on the way, irrespective of whether the neurite branched or not (Appendix
Fig. S2). When a connection was deemed as present, the Euclidean distance between two
neurons was recorded. With only antibody stainings available (see Methods
“Immunohistochemistry against GFP and Imaging” for details) and without electron microscopy
imaging, definite knowledge on the presence or absence of connections is lacking and our
connection distance measurements between two putatively connected neurons is only a proxy for
the real presence of a connection. The experimentally measured value for the connection angle is
given by the signed orientation of the line directly connecting two putatively connected neurons
(Appendix Fig. S1).

Therefore, our modeling approach uses several simplifying assumptions. First, as described
above, neuronal somata are placed on a two-dimensional domain, whereas real Hydra are
three-dimensional animals. Second, all connections are straight lines connecting two somata.
Hence, neurites are not modeled as the complicated twisting and turning structures they are in real
animals, but instead as straight lines connecting two somata. As a consequence, our model does
not consider branching: all neurites are straight lines that start and finish at two somata, which
themselves are modeled as points. We use ‘neurite’ and ‘connection’ as synonyms as far as the
model is concerned. Moreover, we only allow one connection between two neurons.
Overall, the aim of our modeling approach is not to reproduce the morphological complexity of N3,
but to build a functional minimal network model that is in agreement with measured experimental
data and can at the same time show different dynamical regimes also present in the real animal.

We choose to model connections as undirected and unweighted. Therefore, we obtain a binary
symmetric adjacency matrix as the model connectome. This is justified, because contacts between
neurons in N3 are mainly formed by gap junctions, but chemical synapses might also be present
(4). The resulting connectome therefore is a spatially embedded graph whose nodes are
interpreted as neuronal somata and whose edges are interpreted as neurites.

Before connections are made in the model, each neuron is assigned a maximum number of
connections from an experimentally measured distribution counting the frequency of the
occurrence of a certain number of primary neurites per neuron. In our model, we take the number
of neurites as equivalent to the maximal number of connections per neuron, and hence its degree.
Thus, to each neuron, we randomly assign an integer number which restricts its maximal degree.
The assignment is independent of neuron position and its spatial neighbors. Given that neurites in
Hydra often show substantial overlap (16), so that whenever two neurites cross, a putative
connection between two neurons can consist of more than one synaptic contact. Further, given that
two neurites can cross more than once, this assignment of maximal degree via primary neuron
count is another simplifying assumption.

The model does not include a temporal dimension and there is no pruning: ontogenesis is not
modeled and whenever a connection is made, it remains in the network. With neuron positions
given by the PD sampling algorithm described above, the algorithm to generate the connections
consists of three main steps. Each step has the form of a loop through all pairs of neurons in the
network, with the exception of self-connections, which are excluded from the model. In the first two
loops, so-called longitudinal model neurites with orientation close to the preferred direction are
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made. In the third, and final, loop, lateral model neurites with no restriction on preferred direction
are made. Each loop proceeds in two main steps. First, it is checked whether a candidate
connection between two neurons fulfills certain loop-specific criteria. If the criteria are fulfilled, the
distance between two neurons is recorded and the connection is marked as a candidate
connection. Second, after running through all potential connection partners for one given neuron,
connections are made in ascending order of the distance between candidate pairs, while still
checking for the connectivity criteria in each case. The criteria slightly differ between the three
loops. The common criteria in each loop is that no neuron is allowed to make more connections
than it was assigned from the distribution specifying its maximal degree (see above). In the first
loop, the aim is to make at most two connections per neuron, of which one should point ‘upwards’
(quadrants I and II of a cartesian coordinate system with the first neuron at the center), and the
other one should point ‘downwards’ (quadrants III and IV of the same coordinate system). The
connection orientation for the second neuron in the loop is likewise checked in a cartesian
coordinate system with its positions at the center. Connection angles are computed from the
coordinates of the two neurons by using the slope of the line connecting the two neurons. The
angle obtained from the slope is transformed according to the convention shown in Appendix Fig.
S1 to facilitate comparison with experimental data. The orientation selectivity is implemented so
that an orientation angle (see Appendix Fig. S1 for angle sign conventions) assigned to each
connection is not allowed to deviate more than from preferred orientation . For
simplicity, unlike in the experimental data, we do not set different preferred orientations for neurites
pointing upward or downwards, so that we do not have a clear distinction between a region close
to the hypostome or a region close to the peduncle in our model. Overall, we found that this choice
of led to a good overlap between the connection distance-angle orientation correlation when
comparing data and model (Fig. 4, angle-distance correlation). Thus, after the first and second
loop, connection angle orientations are restricted to (large peaks around in Fig.
4, connection angles). Moreover, the maximal length of a connection is restricted to . After
the completion of this loop, each neuron has at most two connections (neurites) in opposite
directions which preferentially run along the long axis of the computational domain. The second
loop is very similar to the first loop, with the exception that each neuron now can make at most
three connections in total (counting the connections made in the previous loop as well). Moreover,
not all three connections are allowed to be made in the same direction: a neuron is allowed to have
two neurites pointing upwards, and one pointing downwards, but not three (or more) pointing
downwards. It is also allowed to have two neurites pointing in the same direction. We allow for two
neurites to be made in the same direction because of neurons located close to the border of the
computational domain, which would otherwise not find connection partners. After the completion of
this second loop, each neuron has at most three connections. The network with only longitudinal
model neurites is shown in Fig. 5, right panel. The third and final loop places no restriction on the
orientation of a neurite. The maximal connection length is now reduced to and no neuron
is allowed to make all connections in one direction when it has more than two connections. This
last loop has two purposes: first, because even if the experimentally obtained distribution of
connection orientations is peaked, not all connection angles are in a narrow interval around the
preferred orientation (Fig. 4 , connection angles). Instead, nearly all values of the orientation are
present. Because a strict restriction on the deviation from the preferred angle was placed in the
first and second loop, this would otherwise not have been reflected in the model. Second, some
neurons make more than three connections, which would be impossible after the execution of only
the first two loops. Indeed, whereas most neurons make 3 connections, some neurons can make
up to 6 connections (Fig. 4 , degree/ primary neurites) The subnetwork consisting solely of lateral
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model neurites is shown in Fig. 5, middle panel. The complete model connectome is shown in Fig.
5, left panel. The agreement of model and data quantities is shown in Fig. 4. We note that the
output of the connectome model is fixed when the neuron positions and the maximal number of
connections per neuron as well as the order in which the nodes are traversed, are given. Apart
from the order in which the neurons are traversed in the outer loops, which we have fixed here, the
generative algorithm as such is purely deterministic and does not contain any random elements.
After the execution of these three loops, it can still be the case that a neuron only has one
connection, which is the case for a small number of neurons (Fig. 4, degree/ primary neurites). We
do not manually add more connections to a neuron in this case. In general, using different random
seeds, it can also be that the resulting network has more than one connected component. This,
however, is not the case for the specific network realization we consider in this paper (Fig. 4 and
5).

Fig. 4: N3 connectome: Comparison to empirical data. Comparison of model quantities with data. Green: data. Blue: quantities
derived from connectome model simulation. Clockwise, starting top left: Connection (direct) distances (histogram), angle-direct
distance correlation, connection angles (histogram) and degree as measured by the number of primary neurites. For the degree
distributions, two independent datasets were generated, and therefore, for each degree value, there are two markers, one for each
dataset. The spatially embedded network model (connectome) is shown in Fig. 5.

Our resulting network is sparse: with only connections, the sparseness defined by

, as appropriate for undirected graphs without self-connections, is approximately
. Allowing for a higher number of maximal connections would increase this value, result

in more connections and hence less sparse networks.
In summary, our model connectome is an effective structural synaptic connectome. It serves as a
first step to construct more detailed, and potentially more biologically plausible, models for the
Hydra nervous system. Going beyond modeling single neuronal populations in Hydra is required
for a better understanding of the functioning of its nervous system. Eventually, for a complete
understanding of neural computations in Hydra, all neuronal populations must be modeled similar
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to N3 here, and coupled with each other, and the external environment, to be able to achieve a
comprehensive biomechanical understanding of Hydra behavior (20).

Fig. 5: Network composition. The complete network (left) is composed of model lateral neurites (middle) and model longitudinal
neurites (right), which are added to the network in three steps (see main text). Neuronal soma positions are given as blue dots. The
network has 312 connections.

11

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted June 27, 2024. ; https://doi.org/10.1101/2024.06.25.600563doi: bioRxiv preprint 

https://doi.org/10.1101/2024.06.25.600563


2.3. Studying activity propagation with a simple minimal excitable model

With the connectome model at hand, we study activity propagation in this network, using a simple
model for excitable systems which evolves in discrete time, the SER model. In this model, each
node can be in one of the three states: susceptible (S), excited (E) and refractory (R). Whenever a
susceptible (S) node has at least one excited (E) neighbor, it turns active with a probability
depending on the number of its excited neighbors and a parameter , which is termed the

transmission probability . This variant of the SER may be called
transmission SER. The special feature of this model is that, even if a node receives more than one
input, and becomes excited in the standard SER, there can be transmission failures in the
transmission SER for , and a node can stay susceptible, instead of becoming active. For low
values of , the network activity may die out, because of too many transmission failures. For

, the model reduces to the deterministic SER with a threshold of one input required to transit
from S to E. After a node has been E, it turns refractory (R) in the next time step and is susceptible
(S) again in the timestep after that.
In Fig. 6, we show the dynamical behavior of the model when , which is the deterministic
SER. Two nodes are excited at the initial time . Activity spreads through the network, and
after 10 timesteps, each of the has fired exactly once (gray crosses, sum E in bottom
panel of Fig. 6), and the activity ceases, with all nodes in the fixed point of an S state (green
crosses in bottom panel in Fig. 6, #E(t), number of nodes in state E at time t). Thus, for the
deterministic setting, the network operates in a through-conduction mode.
Another activity mode is shown in Fig. 7, where , and therefore, transmission failures are
expected. In contrast to the dynamics shown in Fig. 6, the network does not turn silent after 10
timesteps. Instead, around 30-50 neurons remain to be active, and the activity persists (bottom
panel of Fig. 7, #E(t)). Not all neurons have fired (gray crosses, sum E in bottom panel of Fig. 7),
but some neurons have already fired more than once, as the sum of active neurons over time
exceeds .
We note that the specific spatial embedding of our connectome model is not directly relevant for
the SER model studied here, because there are no temporal delays. However, the topology of the
network, as reflected in the specific neighbors of each node, is relevant, and therefore, the
generative model indirectly controls the spread of activity in our network.
These observations demonstrate that, already for a simple excitable model ignoring spatiotemporal
delays, the network can exhibit at least two qualitatively different modes of activity, one similar to
through-conduction also observed in jellyfish neuron models (6) and likely serving information
transmission from the peduncle to the hypostome and vice versa, and the other mode similar to
persistent spontaneous activity, which were dubbed ‘spontaneous electrical low-frequency
oscillations’ (SELFOs) in RP1 and are thought to have a modulatory role in Hydra, not generating
any observable behavioral output (21–23).
In the next section, we use a more biophysically detailed neuromorphic neuron model to study two
modes of activity in our network, where one mode is related to activity propagation, whereas
another mode is related to the complex behavioral pattern of somersaulting.
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Fig. 6: Spread of activity in the spatially embedded network for transmission probability . Top: network dynamics at time
and . Color scheme for node states: S- susceptible, E- excited, R- refractory. Activity starts by exciting two nodes at

, then traverses through the network. Bottom: number of active nodes at time , denoted #E(t) and size of the set of neurons
that have fired at least once, denoted sum E. After 10 timesteps, all nodes have fired exactly once (sum E in bottom panel reaches

, the total number of neurons in the network, and the sum of# E(t) over all times also reaches ), and the network turns
silent again. We interpret this as a through conduction mode.
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Fig. 7: Spread of activity in the spatially embedded network for transmission probability . Color code and layout similar to
Fig. 6. Note that one node active at fires again at (top left), and not all nodes have fired until .
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2.4. Constructing a functional network model of the body column

Two essential neural activity patterns are known from N3. For the first pattern, activity spreads from
the peduncle towards the hypostome or vice versa. For the second pattern, activity spreading from
the peduncle to the hypostome drastically increases its firing rate before the foot is detaching and
the somersault behavior sequence is initiated. Somersaulting is a complex locomotor behavior in
the form of a swaying movement of the whole body column, leading to an attachment of the polyp
to an adjacent position (13).
These two patterns (spreading activity and somersaulting) constitute another major aim of this
work: Studying to which extent these two activity patterns can be generated by the proposed
theoretical connectome and what this implies for neuromorphic hardware realizations. To tackle
these questions, we model the somata of the connectome via deterministic neuronal oscillators. To
account for a delayed signal transmission due to the distances between the somata, we also model
the neurites as an interconnected chain of neuronal oscillators as well. The oscillator model that we
deploy is based on (17) and is essentially a Morris-Lecar model in combination with an RC-circuit.
The Morris-Lecar model serves to calculate the neural activity in terms of membrane potential,
while the RC-circuit provides the calcium-concentration that is qualitatively comparable to
fluorescence traces obtained via calcium-imaging measurements.

2.4.1. Modeling the spreading of N3 activity

The Morris-Lecar model used for the spreading activity is described by

It is computationally less complex than the Hodgkin-Huxley model, but still biologically reasonable
and is moreover well interpretable as an electrical circuit, since it naturally comes with an
equivalent circuit. Note that we have adopted the representation of the potassium channel as
memristor from (24) and have included a sodium channel instead of a calcium-channel to account
for the typical ion channel composition of neurons.
The RC-circuit is governed by

and essentially takes the membrane potential of the Morris-Lecar model as an input signal to
generate the calcium concentration. The time constant of the RC-circuit is taken from (17) and is
based on the GCaMP6s-data of (25). The resting calcium concentration is chosen as
following (17) and (26), stating that typical values of neurons range from to . In
combination with the Morris-Lecar model, the circuit representation of the RC-circuit can be found
in Fig. 8.
We create a functional N3 network by placing the described neuronal oscillator at every soma
location of the connectome (Fig. 4 and 5), and an interconnected chain of these oscillators as
neurites between each pair of somata connected due to the connectome. Here, the
interconnections are realized by constant resistors that model the damping of the spatial signal
transmission. As couplings between the different somata, we assume gap junctions, because they
are known to be largely present in N3 (4). We model these couplings via gap junctions with
resistors as well. This is because gap junctions can be interpreted as permanently open ion
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channels, which are represented by resistors in conductance-based neuron models such as the
Morris-Lecar model. For reasons of simplicity, we use the same conductance value for both
gap junction resistors and resistors between the oscillators that form the neurites.
Via circuit simulations of the resulting electrical circuit, this allows us to verify the network’s ability
to generate the activity spreading pattern. For this purpose, we excite three somata located near
the peduncle by an external, constant current signal. This current accounts for our assumption that
the spreading starts from N3 neurons near the foot. Corresponding simulation results can be
observed from

Fig.8: Circuit diagram for Morris-Lecar model (left) and RC-circuit (right).

Fig. 9 and 10. In Fig. 9, we see the membrane potentials of all 192 somata, where low indices
correspond to locations near the peduncle and high indices are from somata near the hypostome.
Activity starts near the peduncle where the exciting current is applied and then spreads out until it
reaches the somata closest to the hypostome. The propagation takes approximately . With a
body column length of that constitutes the traveling distance, the conduction velocity is

. This fits well with the observed transmission speed of reported by (21).

Fig.9: Neural activity in terms of membrane potential spreading from a region close to the peduncle (low neuron indices) to a region
near the hypostome (high neuron indices).

In Fig. 10, we see the actual network with the somata of the N3 neurons positioned on a 2D grid
representing the body column of Hydra, like in Fig. 4 and 5. Activity is visualized for five different
time points of the simulation, and is shown in terms of both membrane potential and calcium
concentration. The membrane potential activity in the top of Fig. 10 clearly lets us identify the
currently active somata due to the fast response and decay time of this type of signal. In contrast to
this, the calcium-concentration activity in the bottom of Fig. 10 is much slower with respect to its
decay time, making it harder to infer which somata are currently active. However, as
calcium-imaging is the only widely used measurement method to visualize neuronal activity in
Hydra, this enables us to generate soma activity that can be compared to measurement data and
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is also more suitable for representing larger time scales with limited temporal resolution. The latter
aspect is especially relevant for neuronal activity patterns related to behavior, which often takes
several seconds up to minutes. In the context of this work, such a behavior is the somersaulting
motion, which is preceded by an increase in the firing rates of N3 neurons.

Fig.10: Simulation results for the neural activity spreading across the population N3. Spatial placement as well as dimensions are
chosen according to the theoretical connectome. Top: Membrane potentials of the soma. Bottom: Calcium concentrations of the
somata.

2.4.2. Modeling the increase in firing rates of N3 neurons preceding a somersaulting
motion

In (13), the spike frequency of the RP1 network has been observed to drastically increase within a
period of 5 to 10 minutes and to reach its peak right before somersaulting is initiated by a
contraction burst. Characteristic of this frequency behavior is that the increase is weak for most of
the time, but extremely strong shortly before the contraction burst. Our aim is now to include this
dynamic frequency increase into our functional network model of the body column. As suggested
by (13), the frequency modulation is related to the neuropeptide Hym-248. Hym-248 is synthesized
by RP1 neurons and belongs to the family of GLWamide peptides. In a recent study, it was shown
that Hym-248 is sufficient for somersaulting (13). A detailed mechanism for the increase of firing
rates before a somersault is, however, still unknown. It is speculated that Hym-248 mediates a
positive feedback loop in RP1, which leads to autostimulation of RP1 (13). For this reason, we
hypothesize that a potential mechanism of Hym-248 regulating the frequency behavior is to
increase the excitability of the neurons. In this sense, when the concentration of Hym-248 rises
due to RP1 activity, the excitability increases and as a result the spike frequencies rises. We
implement the dynamic and variable excitability by introducing a dynamic leakage channel. The
leakage channel is typically assumed to be constant and mainly determines the force for returning
to the resting potential. This directly affects the duration of the depolarization phase and hence the
spike frequency. As the leakage channel moreover is a representation of all channels and effects
that are not explicitly modeled, it is a well-suited choice to include the influence of Hym-248. To this
end, we replace the constant conductance of the leakage channel by a memristor with a linear
switching behavior:
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Here, is the heaviside function and ensures the memristor state is at least and at
most . The described memristor decreases its conductance every time a spike is generated. This
in turn increases the excitability and ultimately leads to a rising firing frequency. Moreover, to
account for the rapid frequency increase before a beginning contraction burst, we have included a
piecewise-linear function for the switching speed of the memristor.

We construct the functional N3 network the same way as before, with the neuronal oscillator being
modified with the leakage memristor. The network is again excited by a constant current signal
applied to three neurons close to the foot region. This yields the simulation results shown in Fig.
11. In Fig. 11 (a) we see the neuronal activity of all somata in terms of calcium concentration. Note
that some spikes are larger than others. These are the ones being directly excited with the current
signal. A distinct frequency increase can be inferred from a time point of approximately . The
actual firing frequencies of the sum signal of the calcium concentrations are shown in Fig. 11 (b).
Here, a slow increase is present until , after which a rapid increase takes place. Minimal and
maximal observed frequencies are and , which fits the reports of (13). The
dynamics of the frequency change are directly and most probably linearly related to the decreasing
conductance of the memristors, see Fig. 11 (c). Note that we have applied a negative current
stimulus after that represents the CB network becoming active, thus terminating the
somersault.

Fig. 11: Simulation results for the increasing firing rate of N3 right before the somersaulting motion. (a) Calcium concentrations of all
soma. (b) Firing rate of the sum signal of all soma in terms of calcium concentration. (c) Conductance values of the leakage
memristors of all soma.
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3. Discussion

In the present work, we developed a functional network model for the body column neuronal
connectivity of Hydra, which, despite its seemingly simple organization, has been previously shown
to be involved in a variety of activity modes and behaviors. Starting with a number of key
experimental observations on the position and orientation of neurons in this network, we
constructed a connectome model that best aligned with the structural findings and used two
different models for the activity of nodes in this connectome to investigate the resulting network
activity patterns. We found that different activity modes underlying specific behaviors in Hydra
could be obtained by small parameter variations in the models, suggesting that a combination of
overall connectome topology and local dynamical node tuning may be responsible for the rich
behavioral repertoire associated with the body column network. Our approach, combining empirical
and computational observations, has a number of specific implications and limitations, as
discussed in the following sections.

This study constructed and validated a functional network model of a body column neuronal
network of the cnidarian polyp Hydra. Taking a geometric perspective, we used a generative
network model to distill the network topology in the form of a representative model connectome.
We initially focussed on the body column neuronal network N3, which is also identified with the
network RP1 (9,13). Our modeling approach reveals several emergent features: generating neuron
positions using a modified PD sampling approach (Figs. 2 and 3), we designed connectivity rules
that only assume the maximal number of connections per neuron, the preferred direction of
connections and the maximal connection length as input. We showed that this information is
sufficient to reproduce key experimental data, including the distribution of connection lengths and
connection angles (Fig. 4). The derived mean number of primary neurites per neuron (between 2
and 3, Fig. 4, degree/ primary neurites) is similar to that observed for the RP1 network by (9).
However, their neuronal densities in the body column are higher than ours (more than vs.

). However, in their Fig. S3, densities are plotted per population and RP1 has a mean
density of around , which is closer to our value. Moreover, their orientation data
showed no preferred orientation like in our model. The difference in density and orientation can
likely be attributed to various factors. First, the genetic construct used in that study was not specific
only to N3/RP1, which could result in higher neuron numbers and hence higher neuron densities
(cf. Fig. 4A in (9), were no elongated neurites and no preferred neurite orientation is visible). The
non-specificity of the staining in general makes it hard to compare their data to our recordings.
Second, their animals appear to be in a contracted state, which influences their body shape and
therefore likely also cellular density and orientation measurements.

Next, we focused on studying dynamics on the generated network model. Using the transmission
SER model, we showed that already this simple model generated two different activity patterns,
one similar to through conductance (Fig. 6), which may be used for signaling along the
top-to-bottom axis, and the other one qualitatively similar to spontaneous activity (Fig. 7), both of
which are observed in real Hydra (22). Interestingly, a model assuming imperfect synaptic
transmission, as given by the transmission SER with activation probability smaller than 1, gave rise
to persisting activity in the model N3 network (Fig. 7), whereas a model assuming perfect synaptic
transmission (Fig. 6) gave rise to through-conductance of activity, in which every neuron only fired
once.
We then applied a neuromorphic circuit approach to study activity propagation in our model
connectome. We found that the spatially embedded network could give rise to two different activity
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modes, one linked to through-conductance of the system, and the other one linked to the onset of
the somersaulting behavior. The exact mechanism of frequency modulation via Hym-248 is not
clear. While we focus on the binding of Hym-248 to RP1 neuron receptors reducing firing
thresholds, it is potentially also possible that Hym-248 modulates gap junction activity. There is no
direct evidence for gap junctions being modulated by neuropeptides in Hydra, however, cf. (27),
where it was shown that an ion channel is directly activated by neuropeptides in the Hydra nervous
system. Gap junctions are important for synchronization and have also been reported to regulate
network-wide oscillations and their frequency, see (28). In this sense, a weakening of gap junctions
via Hym-248 could lead to an asynchronous spiking behavior that results in more detected spikes
for a sum signal of the RP1 network.

How could our connectome model be improved? Accepting that in the absence of precise synaptic
markers and without electron microscopy imaging for Hydra (see, however, (14–16)), a
ground-truth validation of the connectome is not possible at the moment, there seem to be three
main directions of improvement. First, a more realistic three-dimensional spatial model could be
designed. In doing so, the complex neurite geometry, which we have chosen to ignore in this
paper, could be incorporated, and a comparison with the simplified two-dimensional model could
be performed. Second, a comparison between different node dynamical systems could reveal
which node model best reproduces measured calcium traces. In this direction, neuron models of
the Hodgkin-Huxley (HH) type could be designed, which show how different ion channels in the
neuronal membrane give rise to spiking activity. This detailed biophysical modeling approach is,
however, only beneficial when intracellular electrophysiology data become available for Hydra
neurons. Specifically, our approach is in principle already able to generate results comparable to
calcium activity measurements, and without electrophysiologically characterized neurons, HH-type
models do not increase the biological accuracy, but only computational complexity. The reason for
this is that the presence or absence and the voltage dependence of ion channels cannot be
validated without intracellular electrophysiology, and therefore, their precise mathematical form for
Hydra neurons remains elusive. Third, neuro-muscular coupling, similar to (20), could be modeled
to achieve a more complete model of Hydra behavior.
In this work, we have exclusively focused on the comparatively simple body column network N3.
The complexity of the neuronal networks is higher in the hypostome and in the foot. Especially in
the peduncle, it is assumed that cross-talk between the nerve nets N1 and N3 occurs (11), thus
coordinating Hydra behavior. Likewise, in the hypostome, it was recently shown that interaction
between networks N3, N4, and N6 is crucial for the complex feeding behavior of Hydra (11).
Recent work also showed that N1 and N3 each control different aspects of feeding behavior in
underfed Hydra (12). It is an open task to model the structure and dynamics of different
subnetworks in order to understand their interplay, and ultimately their relation to Hydra behavior.
Another exciting direction for future work is to study the dynamic maintenance of Hydras nerve net.
In Hydra, neurons in the body column are constantly replaced by neuronal precursor cells derived
from abundant interstitial stem cells (29–33). As a result, every neuron only has a finite life span of
at most several weeks after it has entered the network and become functional. Our modeling
approach considered the Hydra nerve net as a static arrangement of cells, which in light of the
constant neuronal turnover does not seem to be reflecting biological reality. It seems more
appropriate to consider the network we have presented in this work as a snapshot at one particular
point in time. Future work could therefore focus on modeling the cell cycle and the migration of
neuronal precursor cells to better understand the dynamic maintenance of the nerve net and the
preservation of its network topology over time.
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Finally, the complex ontogenesis of Hydra could be studied using generative modeling.
Re-aggregating Hydra were studied in (34), where it was shown that the whole Hydra nerve net
can reassemble from small cellular aggregates, leading to global network synchronization via
growing assemblies of neurons. Combining our generative modeling approach with models for
activity-dependent network plasticity and growth rules thus seems like another fruitful direction of
research.

An interesting perspective on Hydra’s nerve net was recently provided by (16). In this work, it was
shown that nerve nets are formed by bundles of parallel overlapping neurites, which are linked by
circuit-specific gap junctions (16). It was also suggested that the body column neuronal network in
Hydra could maintain its structure and grow by a process termed lateral addition (16), in which
newborn neurons first grow their neurites in a direction essentially parallel to the long axis of the
animal and then attach to the existing network when their neurites overlap with those of already
integrated neurons. For our modeling approach, it offers the possibility to study outgrowth models,
in which connections of different strengths are formed whenever two neurites overlap, and the
more overlap there is, the stronger the connection will be. Our algorithm to place somata on a
two-dimensional domain could be used in models of that type. The crucial step will be to devise
biologically plausible growth rules for neurites that take into account chemoattractants and
neuronal growth cones. Neurites in Hydra could also be so-called anastomosed structures, and
that its nerve net therefore forms a syncytium, with no clear differentiation between neurites and
neuronal somata. This was recently shown for the nervous system of ctenophora (35), which are a
sister group to all animals with nervous systems.

The fact that Hydra uses neuropeptides to control somersaulting (13) might point to a role of
non-synaptic information transmission in its nervous system. Extrasynaptic information
transmission was recently shown to be crucial for understanding activity propagation in the
nematode C. elegans in the form of a ‘wireless connectome’ (36,37). In light of these findings, one
might be tempted to question the relevance of any connectome model studying physical
connections between neurons as the basis of neuronal communication in Hydra. Still, the
contribution of our paper can be seen to consist of the functional verification of basic mechanisms
of activity propagation in Hydra, which requires the connectome for the functional model. To
understand in detail how neuropeptides act on single neurons and during network dynamics in
conjunction with a physical connectome requires more data on N3 activity and its modulation.

Our work offers a systematic construction of the structure of a subnetwork of Hydra’s nervous
system. By taking the view that the ectodermal body column network in Hydra is essentially
two-dimensional, we designed a generative network model that is in agreement with measured
structural quantities and supports two different activity modes, each presumably controlling
different types of behavior in Hydra.
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5. Methods
5.1. Wave digital simulation

Circuit simulations are carried out by translating the mathematical model constituting an electrical
circuit into a wave digital model. This is based on the wave digital concept introduced by (38). A
wave digital model is obtained by port-wisely decomposing the electrical circuit and then translating
each device as well as their interconnection structure into the wave digital domain using the
bijective transformation

Following this procedure for the electrical circuit shown in Fig. 8 and described by equations (1),
(2) and (3), this yields the vector-valued wave digital model shown in Fig. 12. For more details on
the model derivation, the interested reader is referred to (17,39,40). The model is programmed with
Matlab.

Fig. 12: Vector-valued wave digital model.

5.2. Coupling structure of functional network model via adjacency and incidence matrices

The coordinates of the somata as well the adjacency matrix describing their coupling structure are
derived from the theoretical connectome. The adjacency matrix serves as a starting point for a
graph-theoretical description of the coupling structure, while the coordinates are used to determine
the distances between the nodes of the graph. To account for spatially extended neurons and
hence signal transmission delays, we create a new graph. In particular, we represent each edge
of the original graph by nodes and edges of the new graph that account for the neurite length
between two somata. is determined by dividing the distance between the two considered
somata by a constant factor chosen to and rounding the result to the next integer. Based on the
new graph, we derive an incidence matrix, since this is required for the wave digital model of the
coupling structure, see (40).

23

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted June 27, 2024. ; https://doi.org/10.1101/2024.06.25.600563doi: bioRxiv preprint 

https://www.codecogs.com/eqnedit.php?latex=%20%5Cbegin%7Bbmatrix%7Da%20%5C%5C%5C%5C%20b%20%5Cend%7Bbmatrix%7D%3D%20%5Cbegin%7Bbmatrix%7D1%20%26%20%5Cphantom%7B-%7D%20R%5C%5C%5C%5C%201%20%26%20-R%20%5Cend%7Bbmatrix%7D%20%5Cbegin%7Bbmatrix%7D%20u%20%5C%5C%5C%5C%20i%20%5Cend%7Bbmatrix%7D%5C%3A%2C%20R%3E0%5C%3A.%20#0
https://www.codecogs.com/eqnedit.php?latex=e#0
https://www.codecogs.com/eqnedit.php?latex=k(e)#0
https://www.codecogs.com/eqnedit.php?latex=k(e)#0
https://www.codecogs.com/eqnedit.php?latex=50#0
https://doi.org/10.1101/2024.06.25.600563


5.3. Determining spike frequencies

Spike frequencies of the simulated circuit model are obtained by first calculating the sum signal of
the calcium concentrations of all somata. Here, the sum signal allows us to generate results
comparable to (13). The sum signal is then processed with the findpeaks function of Matlab. The
distances of the detected peaks are used to calculate the frequency.

5.4. Hydra maintenance and transgenic animals

Hydra vulgaris AEP was maintained in accordance to standard procedures in standard Hydra
culture medium (CaCl2 0.042g/L; MgSO4x7H20 0.081g/L; NaHCO3 0.042g/L, K2CO3 0.011g/L in
dH2O) (Ref: https://doi.org/10.1038/s41596-019-0173-3 ). Animals were fed three times per week
with Artemia salina and maintained at 18 C with a 12h/12h light cycle.
Transgenic animals expressing GCaMP6S under the promoter of the gene t12874aep, specific to
N3 neurons, were derived in another study (11) and maintained as wild type animals. Animals
were starved for at least two days before an experiment.

5.5. Immunohistochemistry against GFP and Imaging

To visualize the neuronal network N3 and analyze the structure and properties of the network,
transgenic animals expressing GCaMP6S under the promoter for N3 were fixed and stained with
an antibody against GFP. First, animals were relaxed with 2% urethan and fixed for 2h at RT or
overnight at 4°C in Zamboni (Morphisto, cat#12773). Here the crucial step is the treatment with
urethan, as it determines the relaxation stage of the animals, which influences the downstream
analysis. Second, animals were washed in 1x PBS with 0.1% Tween (PBST) followed by an
incubation in 1xPBS with 0.5% TritonX100 and a 1h blocking step in PBST with 1% BSA. Third, the
primary antibody chicken-anti-GFP (Biozol, cat# GFP-1010, 1:1000 dilution) was added and
incubated overnight at 4°C. Fourth, animals were washed in PBST with 1% BSA before the
secondary antibody was added. The secondary antibody goat anti-chicken Alexa Fluor 488
(Invitrogen, cat# A11039, 1:1000 dilution) was added and incubated for 2h at RT. After washing in
PBST with 0.5% Tween and 1% BSA, animals were incubated for 5 min in TO-PRO-3 Iodide
(642/661) (Invitrogen, cat# T3605, 1:1000 dilution). And last, animals were mounted in moviol with
DAPCO on glass slides and stored at 4°C till imaging. Slides were imaged by using the Axio Vert.
A1 (Zeiss) with Colibri 7 as a light source (Zeiss) equipped with the fluorescence filter 38 HE
(Zeiss). The 5x, 10x, and 20x Plan Apo objectives together with the Axiocam 705 mono (Zeiss)
were used to take the images.

5.6. Analysis of neuronal population N3

To determine the density, number of neurites, the angle of the connections, length of connections,
and soma-soma connections we processed the images with ImagJ (Fiji; doi:10.1038/nmeth.2019).
All images were oriented and aligned in a first step and further adjusted (Brightness/Contrast,
Window/Level) to enhance the visibility of all neurites and somata. Cells were counted using the
CellCounter plugin. Tracing of neurites was done using the SNT package
(doi:10.1038/s41592-021-01105-7).
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5.7. Angle measurements

Angles are measured with a sign (see Fig. S1): neurites/connections pointing upwards, i.e. in the
quadrant I and II of a cartesian coordinate system, are assigned positive angles ;
angles pointing downwards (in the quadrants III and IV of a cartesian coordinate system) are
assigned negative angles . In the model, two angles are recorded for each made
connection, one as given with the first neuron at the origin of a cartesian coordinate system, the
other one as given with the second neuron at the origin. These angles will differ by and
therefore, the distribution of angle values in the model will be symmetric around .

Fig. S1: Sign conventions for angles. Neurites (connections) pointing upwards are assigned positive angle values, connections
pointing downwards are assigned negative values. Note that while this depiction shows oriented neurites, actual measurements were
performed as shown in Fig. S2.
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5.8. Connection length and orientation measurements

Fig. S2: Experimental setup. (A) Hydra polyp with head, body column and foot. Section of the body column shown in (B) is marked
with a dotted rectangle. Density and location of neurons was counted in the entire body. (B) Neurites were traced in only a section of
the body column for multiple polyps. Connections between two neurons were deemed existent whenever two neurites overlapped,
either directly or via branching. The direct Euclidean distance of connected neurons was then measured, and compared to the model
connectome output. (C) Neurite tracing for one neuron, shown in yellow. (D) Measurement of connection distances (yellow lines) for
one neuron. The neuron depicted here has 7 connections.

6. Appendix

A. Parameter tables for circuit models

Table 1: Circuit parameters for the Morris-Lecar model
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Table 2: Circuit parameters for the memristor model of the leakage channel

Table 3: RC circuit parameters
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