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Abstract 

The zebrafish (Danio rerio) is a commonly used animal model for biological study due to 

its available transgenic lines, fast life cycle, transparency, and relative simplicity. Zebrafish are also 

a great candidate to study locomotion, as most of the neuronal populations responsible for 

locomotion in zebrafish are evolutionarily conserved, including in mammals. From very early 

stages, embryonic and larval zebrafish display a wide range of swim-like behaviour following the 

neuronal development of their spinal cord. During the larval stages, they display a beat and glide 

swimming pattern consisting of frequent tail beats at various tail beat frequencies (TBFs) followed 

by a quiescent period. The literature strongly supports the idea that there are spinal cord speed 

microcircuits behind these different TBFs. However, the structure and mechanism of operation of 

these microcircuits are not well understood. 

Computational models are excellent tools for studying model animals as they enable tests 

which are not possible with the current experimental techniques. Previously, our lab has created 

computational models of various forms of swim-like behaviours of embryonic and larval zebrafish, 

displaying how different cellular populations interact to create the behavioural repository of the 

early stages of zebrafish development. This study aims to simulate the activation of speed 

microcircuits that can generate different speeds of the beat and glide swimming of larval stages.  

Based on the information presented in the literature, I hypothesize that there are speed 

microcircuits in the larval zebrafish spinal cord that are differentially recruited by the supraspinal 

regions and generate different tail beat frequencies. Different intrinsic properties, spatial 

distributions, projection lengths, patterns, and synaptic strengths are the building blocks of these 

microcircuits.  

There are currently close to twenty cell subgroups known to be differentially recruited at 

different swimming speeds. To be able to generate a model handling such complexity, a software 

tool, SiliFish, was implemented to create and test computational models of spinal control of 

swimming behaviour easily and quickly. Using SiliFish, a network of 440 cells and more than 8K 

synapses were created that can generate different ranges of tail beat frequencies, recruiting different 

cellular groups. The model is able to generate tail beats at different TBFs and replicates several 

features of spinal circuits observed experimentally, as reported in the literature. 
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Résumé 

Le poisson zèbre (Danio rerio) est un animal modèle couramment utilisé pour la recherche 

en biologie en raison de ses lignées transgéniques disponibles, de son cycle de vie rapide, de sa 

transparence et de sa relative simplicité. Le poisson zèbre est également un excellent candidat pour 

étudier la locomotion, car la plupart des populations neuronales responsables de la locomotion chez 

le poisson zèbre sont conservées au cours de l’évolution, y compris chez les mammifères. Dès les 

premiers stades, les poissons zèbres embryonnaires et larvaires présentent un large éventail de 

comportements de nage en fonction du développement neuronal de leur moelle épinière. Au cours 

des stades larvaires, ils présentent un modèle de nage en battement et en glissement composé de 

battements de queue fréquents à diverses fréquences de battement de queue (FBQ) suivis d'une 

période de repos. La littérature soutient fortement l’idée selon laquelle il existe des microcircuits de 

vitesse de la moelle épinière derrière ces différents TBF. Cependant, la structure et les mécanismes 

d’opération de ces microcircuits ne sont pas bien compris. 

Les modèles informatiques sont d’excellents moyens d’étudier des animaux modèles car ils 

permettent des tests impossibles avec les techniques expérimentales actuelles. Auparavant, notre 

laboratoire a créé des modèles informatiques de diverses formes de comportements de nage du 

poisson zèbre embryonnaire et larvaire, montrant comment différentes populations cellulaires 

interagissent pour créer le référentiel comportemental des premiers stades du développement du 

poisson zèbre. Cette étude vise à simuler l’activation de de microcircuits de vitesse capables de 

générer différentes vitesses de battement et de nage planée des stades larvaires. 

Sur la base des informations présentées dans la littérature, j'émets l'hypothèse qu'il existe 

des microcircuits de vitesse dans la moelle épinière des larves de poisson zèbre qui sont recrutés de 

manière différentielle par les régions supraspinales et génèrent différentes fréquences de battement 

de queue. Différentes propriétés intrinsèques, distributions spatiales, longueurs de projection, 

modèles et forces synaptiques sont les éléments constitutifs de ces microcircuits. 

Il existe actuellement près de vingt sous-groupes de cellules connus pour être recrutés de 

manière différentielle à différentes vitesses de nage. Pour pouvoir générer un modèle gérant une 

telle complexité, un outil logiciel, SiliFish, a été mis en œuvre pour créer et tester facilement et 

rapidement des modèles informatiques de contrôle spinal du comportement de nage. Grâce à 

SiliFish, un réseau de 440 cellules et plus de 8 000 synapses ont été créés, capables de générer 
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différentes plages de fréquences de battement de queue, recrutant différents groupes cellulaires. Le 

modèle est capable de générer différentes FBQ et recréer plusieurs données expérimentales 

publiées. 
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Chapter 1. Introduction 

In 1979, the British statistician George E.P. Box had a section titled "All models are wrong, 

but some are useful" in his technical summary report (Box, 1979). Despite this valid realization 

that models do not reflect reality with perfect precision or accuracy, they are the scientists' lifeline, 

allowing them to work with simplified versions of complex systems. From animal to 

computational models, these simple models can help us better understand nature. 

My project is the computational modelling of larval zebrafish swimming speeds to 

understand how spinal cord central pattern generators dictate different speeds in locomotion. The 

thesis below explains the rationale behind the model, the software tool developed to create the 

model, the software and biological design, and the scientific benefits of using the tool and the 

model. 

1.1 Locomotion 

From escape behaviour to predation, migration to exploration, animals move by crawling, 

flying, walking, or swimming. Whatever its form, locomotion is a behaviour executed by every 

animal in different forms and is crucial for survival. Yet, we do not fully understand how it is 

generated and modulated. The diversity of locomotor maneuvers, the differences in size and 

complexity of the ambulatory animals, and the role of the different mediums on which animals 

move impose possible variety in how locomotor activity is produced.  

Various neural regions are involved in the initiation, maintenance, and completion of 

vertebrate locomotion (Arber and Costa, 2018; Grillner and El Manira, 2020). Supraspinal regions 

determine the goal of motor actions and can adjust ongoing movements at different stages of 

locomotion (Berg et al., 2023; Carbo-Tano et al., 2023; Dal Maschio et al., 2017; Hsu et al., 2023; 

Huang et al., 2013; Juvin et al., 2016; Kimura et al., 2013; Kinkhabwalaa et al., 2011). In 

vertebrates, downstream from supraspinal regions are central pattern generators (CPG) of the 

spinal cord that have been known to be responsible for the rhythmic, alternating behaviour of the 

body or the limbs for over a century (Brown, 1911; Getting et al., 1980; Grillner et al., 1981; 

Wilson, 1961). Proprioception, mechanoception, and other sensory feedback are also important in 

modulating ongoing locomotion (Brown, 1911; Fidelin et al., 2015; Picton et al., 2021; Wu et al., 

2021). 
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Supraspinal input has multiple roles like initiation or cessation of movement, steering, 

turning, or speed control (Bouvier et al., 2015; Capelli et al., 2017; Dubuc et al., 2008; Juvin et al., 

2016; Thiele et al., 2014). In lampreys and cats, the increased electrical stimulation of the same 

mesencephalic locomotor region in the midbrain can generate different locomotor patterns 

(Cabelguen et al., 2003; Grillner and El Manira, 2020; Leiras et al., 2022; Whelan, 1996). 

Furthermore, unilateral stimulation of the MLR region was sufficient enough to generate a bilateral 

movement (Leiras et al., 2022). While these experiments suggest that these supraspinal regions 

play a key role in commanding locomotor activity, spinal CPGs may play the role of translating 

supraspinal commands into actual locomotor activity. The capacity to evoke swimming in 

spinalized zebrafish through chemical or optogenetic stimulations (Eklöf Ljunggren et al., 2014; 

McDearmid and Drapeau, 2006; Montgomery et al., 2021; Wahlstrom-Helgren et al., 2019; 

Wiggin et al., 2014, 2012) strongly suggests the presence of CPGs in the zebrafish spinal cord. 

CPGs are the building blocks of rhythmic behaviour. They can be activated by the afferent 

commands from the higher brain regions as well as inputs from sensory neurons (Bui et al., 2016; 

Kinkhabwalaa et al., 2011; Nakanishi and Whelan, 2012; Rossignol and Frigon, 2011; Severi et 

al., 2014; Thiele et al., 2014; Whelan, 1996). CPGs gain special attention as they can generate 

rhythmic motion without the need for rhythmic input from the higher brain regions (Brown, 1911; 

Downes and Granato, 2006; Eklöf Ljunggren et al., 2014; Masino and Fetcho, 2005; McDearmid 

and Drapeau, 2006; Wahlstrom-Helgren et al., 2019; Wiggin et al., 2014, 2012). The CPGs consist 

of inhibitory and excitatory interneurons that create a reciprocal network to generate different 

activity patterns for different locomotory behaviours (Buchanan and Sten, 1987; Roberts et al., 

2008a, 2008b). Over a century ago, Graham Brown introduced the idea of half-centers on the two 

sides of the spinal cord that allow the stepping behaviour of four-limbed animals (Brown, 1911). 

The synchronous activity of the left and right CPGs generates flying in birds or galloping in four-

limbed animals (Grillner and El Manira, 2020). On the other hand, the alternation of the left and 

right CPGs generates walking or swimming-like behaviour.  

1.2 Zebrafish 

Zebrafish is a commonly used model animal due to its available transgenic lines, fast life 

cycle, transparency, and relative simplicity. A homology of 70% is observed between zebrafish 

and the human genome (Howe et al., 2013). From biomedical to fertility, from cardiac to mental 
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health research, there are many studies using zebrafish as a model (Choi et al., 2021; Demin et al., 

2019; Hirata and Iida, 2018; Hoo et al., 2016; Lieschke and Currie, 2007).  

Zebrafish are also a great candidate to study locomotion, as most of the neuronal 

populations responsible for locomotion in zebrafish are evolutionarily conserved, including in 

mammals (Fetcho et al., 2008; Grillner et al., 2008; Kiehn, 2016; Wilson and Sweeney, 2023). 

There are many similarities between the CPG architectures and second and last-order neuronal 

populations that drive the locomotion of mammals and zebrafish (Berg et al., 2018; Sagner and 

Briscoe, 2019; Wilson and Sweeney, 2023). The rapid maturation of zebrafish locomotor control 

coupled with easy access to spinal circuits in the developing zebrafish have enabled researchers to 

gain great insight into how neuronal and muscular developments generate different locomotory 

behaviours (for a review, please refer to Berg et al., 2018; Roussel et al., 2021). The similarities 

between zebrafish to more complex animals and the technical and experimental advantages of 

studying zebrafish create a very valuable stepping stone for researchers to learn more about 

locomotor control by the nervous system. 

1.2.1 Different swimming behaviour of embryonic, larval, and adult zebrafish 

Despite the relative simplicity of the zebrafish spinal cord versus more complex animals, 

zebrafish display various forms of swimming-like behaviours from the early stages of development 

(Knogler et al., 2014; Naganawa and Hirata, 2011; Saint-Amant, 2010; Saint-Amant and Drapeau, 

1998). During embryonic stages, the single coiling behaviour that consists of a single tail bend to 

one side, followed by double coil bends with successive bends to opposite sides, is mostly 

generated by electrical junctions and neurons with intrinsic firing behaviours (Knogler et al., 2014; 

Roussel et al., 2021). Following the developmental changes of the musculature, the brain, and 

spinal cord regions, the zebrafish add more swim-like locomotion to its portfolio, starting from 

burst swimming composed of sudden bursts of tail beat at 2-3 days post fertilization (dpf) to beat 

and glide swimming at 4-5 dpf (Budick and O’Malley, 2000; Buss and Drapeau, 2001; Roussel et 

al., 2020). The beat and glide swimming behaviour consists of frequent tail beats that continue for 

a couple hundred milliseconds, followed by a no-tail-beat gliding period that lasts close to half a 

second (Buss and Drapeau, 2001; Drapeau et al., 2002). 

Both larval and adult zebrafish display different speeds of beat and glide swimming 

measured as tail beat frequencies (TBF) (Ampatzis et al., 2014; Berg et al., 2023; Björnfors et al., 
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2019; Callahan et al., 2019; Kimura and Higashijima, 2019; McLean and Fetcho, 2009; Song et 

al., 2020) (Table 1). Following the conventions of the literature, in the rest of the document, 

swimming speed stands for the tail beat frequency rather than the actual speed of the fish. 

Table 1. Different swimming speeds of zebrafish as measured as tail beat frequencies. 
 

Slow (Hz) Intermediate (Hz) Fast (Hz) 

Larval zebrafish* 20 – 40 40 – 60 60 – 80 

Adult zebrafish †  < 3 3 – 8 > 8 

* (Berg et al., 2023; Björnfors et al., 2019; Callahan et al., 2019; Kimura and Higashijima, 2019; McLean and Fetcho, 

2009) 

† (Ampatzis et al., 2014; Song et al., 2020) 

 

The literature strongly supports that these different speeds are generated by different speed 

microcircuits in the spinal cord (Ampatzis et al., 2014; Ausborn et al., 2012; McLean et al., 2008). 

These microcircuits are thought to act as individual units that interact with each other. The core of 

these microcircuits is slow, intermediate, and fast motoneurons (MNs) and slow, intermediate, and 

fast pre-motor excitatory interneurons (INs) that drive to the corresponding MN populations. The 

presence of these microcircuits is shown to exist during both larval and adult stages; however, they 

show differentiation in their connectivities (Pallucchi et al., 2022). Some researchers consider the 

presence of three separate microcircuits (Ampatzis et al., 2014); however, the organization of 

speed microcircuits as a continuum rather than a discrete set is also accepted by some (Ausborn et 

al., 2012). Despite MNs having three types for three speeds of swimming, they are recruited 

incrementally, starting from slow MNs to fast MNs (Ampatzis et al., 2014; Fetcho and Mclean, 

2010; Gabriel et al., 2011). The same incremental recruitment pattern is considered to be present 

for the INs (Ampatzis et al., 2014), however, a speed-dependent order of inhibition of slow INs is 

also observed (McLean et al., 2008). These findings begin to reveal highly organized spinal circuits 

for generating different tail beat frequencies. The complete architecture of these speed 

microcircuits and how they interact with each other remain to be fully detailed. 

Speed-dependent spinal circuits are also evolutionarily conserved and seen in mammals, 

including humans (Talpalar et al., 2013; Yokoyama et al., 2016). This evolutionary conservation 

makes it more crucial to understand how different speed microcircuits work in simpler animals. 
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1.2.2 Spinal Cell Populations 

The vertebrate spinal cord comprises multiple cell populations arising from different 

progenitor cell populations (Goulding, 2009). The dorsal and ventral progenitors develop into 

sensory and motor behaviour related neurons, respectively (Figure 1). These neuronal populations 

have specific molecular markers, facilitating the use of genetic or molecular techniques to 

investigate each population to determine whether each population is responsible for different 

aspects of zebrafish swimming (Table 2). The motoneuron (MN) populations directly project onto 

the muscle cells. The interneuron (IN) populations play a role in coordinating motoneurons as well 

as integrating information from the supra-spinal or sensory regions. In zebrafish, the ventrally 

located neuronal populations are particularly involved in swimming and are important in 

determining the swimming speeds.   

A list of infographics visually summarizing the cell populations explained below is 

included in the supplementary documents. 
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Figure 1. The progenitor domains of the zebrafish spinal cord and the neuronal populations generated.  

The spinal cord hosts several progenitor domains that differentiate into different neuronal populations. The figure was 

modified and expanded from an article by Goulding (2009). *: (Satou et al., 2020); †: (Satou et al., 2012);  ††: (Kimura 

and Higashijima, 2019); ¶: (Menelaou and McLean, 2019);  §: (Callahan et al., 2019); #: (Bello-Rojas et al., 2019) 
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1.2.2.1 Muscle Cells 

The vertebrates have fast-acting white skeletal muscles that tire easily and more endurant, 

slow-acting red skeletal muscles. In zebrafish, these fast and slow skeletal muscle cells are shown 

to be differentiated from different progenitor cells of different layers of the spinal cord  (Devoto 

et al., 1996; Stellabotte and Devoto, 2007). This difference of origin allows these muscle cells to 

have different characteristics.  

In adult zebrafish, intermediate (pink) muscle cells are observed, as well as the fast and 

slow (Ampatzis et al., 2013). The differentiation of three types of muscle cells is not fully complete 

during larval stages; however, both fast and slow muscle fibres are known to be present (Ampatzis 

et al., 2013; Dou et al., 2008). Fast muscle cells are activated during fast swimming and escape 

behaviours and are not activated during slow swimming. Slow muscle cells are activated at all 

speeds but show reduced activity at the highest speeds (Buss and Drapeau, 2002). 

1.2.2.2 Motoneurons 

The last-order motoneurons with direct projections to muscle cells are divided into two 

basic groups based on their differentiation time. Early-born, more dorsally located primary 

motoneurons (pMN) are involved in ballistic movements like escape behaviour and fast swimming 

(Asakawa et al., 2013; Bello-Rojas et al., 2019; Menelaou and McLean, 2012; Roussel et al., 

2020). Later-born secondary motoneurons (sMN) are involved in slow swimming and show a 

wider distribution in the dorsal-ventral axis (McLean et al., 2008).  

Secondary MNs are also more populated in caudal regions than in rostral regions (Roussel 

et al., 2020). Even within sMNs, there is a speed preference amongst dorsal versus ventrally 

located neurons. In larval zebrafish, dorsally located lower resistance sMNs are active during fast 

swimming. Ventrally located secondary sMNs are smaller, have higher input resistance, and are 

active at slower swimming. (Kimura et al., 2006; Menelaou and McLean, 2012). In adult zebrafish, 

three subgroups of MNs are recruited for slow, intermediate, and fast swimming (Ampatzis et al., 

2014).  

1.2.2.3 Interneurons 

The second-order neurons that do not directly connect to muscle cells are important 

components of CPGs. They are differentiated from different progenitor domains and are classified 

by different molecular markers. 
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V0 

V0 interneurons express the homeoprotein Dbx1 and make contralateral projections to 

MNs (Brownstone and Bui, 2010; Lanuza et al., 2004). They form 30% of all commissural 

interneurons in the cat and mouse spinal cord (Brownstone and Bui, 2010). About 70% of V0s are 

inhibitory, while the rest are excitatory. The inhibitory V0s can be glycinergic, GABAergic, or 

both (Lanuza et al., 2004). Based on their ventral/dorsal locations, V0s are further classified into 

V0vs and V0ds, which are excitatory and inhibitory, respectively (Arber, 2012).  

In larval zebrafish, dorsally located V0ds are inhibitory and recruited at faster swimming 

speeds through the activation of fast V2a neurons (Menelaou and McLean, 2019). V0ds are part 

of commissural bifurcating longitudinal (CoBL), similar to dI6 (Fidelin and Wyart, 2014; Satou et 

al., 2020). Speed-dependent slow, intermediate, and fast V0ds exist during the adult stages of 

zebrafish but not during the larval stages (Picton et al., 2022).  

Ventrally located V0v commissural INs are excitatory and consist of rhythmic and non-

rhythmic V0vs (Björnfors and El Manira, 2016). In the adult stages, rhythmic V0vs can be divided 

into slow, intermediate, and fast (Björnfors and El Manira, 2016). They show different dynamics 

and are recruited at different swimming speeds. Slow and intermediate V0vs have descending and 

bifurcating projections, while fast V0v shows only ascending projections (Björnfors and El 

Manira, 2016; Kishore et al., 2014; McLean et al., 2008; Satou et al., 2012). However, V0vs act 

differently in larval zebrafish, like the speed ranges of their recruitment, but little is known 

(Björnfors et al., 2019). One hypothesis is that V0vs and V2as fire at different swimming speeds, 

that V0vs are active during slow speeds and silenced during faster speeds, and that dorsal V2as 

take over (McLean et al., 2008).  

dI6 

A group of INs are derived from dorsal progenitors pd6 (Goulding, 2009), whose role in 

swimming has been studied. V0ds and dI6s together constitute the CoBL neurons: the inhibitory 

INs that project contralaterally (Roussel et al., 2021). The dI6s express wt1 and dmrt3 (Laliberte 

et al., 2019). The subpopulation that expresses the transcription factor Dmrt3 has been shown to 

be an important contributor to the acceleration of zebrafish swimming (Del Pozo et al., 2020). dI6s 

make contralateral projections to MNs and work synergistically with V0ds to coordinate left-right 

movements in zebrafish swimming (Satou et al., 2020).  
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V1 

V1s, also called circumferential ascending (CiA) INs, are observed in zebrafish and other 

vertebrates like mice and express the transcription factor Engrailed-1 (Higashijima et al., 2004a). 

They are inhibitory, ipsilateral, and mostly ascending neurons (Higashijima et al., 2004b; Kimura 

and Higashijima, 2019). Despite the name, V1s can also have descending projections, which are 

shorter and weaker than their ascending projections (Higashijima et al., 2004b). 

There are three types of V1s: fast, slow, and hybrid (Kimura and Higashijima, 2019). The 

late-born slow V1s are active during slow swimming, inhibiting slow swimming circuits to 

regulate swimming frequency. The early-born fast V1s are active during fast swimming and turn 

off the slow swimming circuits. The hybrid V1s are active for all swimming speeds. In addition, 

V1s shape V2a recruitment, which also influences the swimming speed in zebrafish, as explained 

below (Kimura and Higashijima, 2019). 

V1s are mostly glycinergic, and some are also GABAergic (Higashijima et al., 2004a; 

Kimura and Higashijima, 2019). V1s show in-phase activity with MN during swimming, and their 

numbers and location in the lateral-medial plane change across development (Higashijima et al., 

2004a). V1s project ipsilaterally to ventral MNs and probably other inhibitory INs (Higashijima et 

al., 2004a).  

In zebrafish, the ablation of V1 neurons prolongs the swimming duration, which is more 

prominent in fast swimming (Kimura and Higashijima, 2019). Furthermore, V1s are shown to be 

involved in the inhibition of slow INs and slow MNs during fast swimming (Kimura and 

Higashijima, 2019). The involvement of V1s in fast walking in the mouse (Gosgnach et al., 2006) 

shows that the functionality of V1s is conserved across vertebrates. 

V2 

V2s are differentiated from the p2 progenitor domain and divided into V2as and V2bs 

based on their relative Lhx3 and GATA2/3 expression (Batista et al., 2008). Their notch signaling-

based differentiation of V2as and V2bs are conserved across vertebrates (Batista et al., 2008; Peng 

et al., 2007).  

V2a 

V2as are excitatory neurons that receive supraspinal input as MNs (Pujala and Koyama, 

2019). V2as are sufficient for the left-right coordination and rostrocaudal wave propagation 



10 

 

observed during swimming (Eklöf-Ljunggren et al., 2012; Eklöf Ljunggren et al., 2014). V2as 

drive the excitatory input to dorsal and ventral musculature through MNs (Bagnall and McLean, 

2014). 

There are two types of V2a neurons in zebrafish based on their birth time and what type of 

swimming they are involved in (Kimura et al., 2006). Earlier-born V2as that are more dorsally 

located are recruited during fast swimming (Eklöf-Ljunggren et al., 2012; Menelaou and McLean, 

2019). They make ipsilateral excitatory descending connections to MNs. Similarly, late-born and 

ventrally located V2as are involved in slow swimming (Kimura et al., 2006). The connections 

between V2as and MNs are both electrical and chemical (Kimura et al., 2006). 

 Dorsal V2a can be divided into Type I and Type II based on their dynamics (Menelaou 

and McLean, 2019). Type I V2as have strong connections to other excitatory V2as and inhibitory 

V0ds (Menelaou and McLean, 2019). They are mostly involved in the timing of the swimming. 

Type II V2as project to MNs and are involved in the amplitude of swimming (Menelaou and 

McLean, 2019). Type II V2as also project to V0ds but with different dynamics than type I V2as 

(Menelaou and McLean, 2019). Type I and Type II V2as have stronger connections within and 

weaker connections between different V2a subgroups. Both Type I and Type II V2as are 

preferentially recruited at fast swimming speeds (Menelaou and McLean, 2019) 

In larval zebrafish, V2as are shown to be necessary and sufficient for swimming (Eklöf-

Ljunggren et al., 2012; Eklöf Ljunggren et al., 2014). The excitatory V2a neurons have ipsilateral 

monosynaptic inputs to MNs (Callahan et al., 2019; Zhang et al., 2008). The ablation of V2as 

causes an increase in the delay between the segments in the rostrocaudal axis, a decrease in the 

bursting pattern, and a higher stimulation threshold required to trigger the swimming activity 

(Eklöf-Ljunggren et al., 2012; Eklöf Ljunggren et al., 2014).  

In adult zebrafish, three types of V2as are observed: slow, intermediate, and fast (Ampatzis 

et al., 2014; Song et al., 2018). These V2as project to slow, intermediate, and fast MNs with 

stronger connections to the MNs in the same group and weaker connections to the MNs in the 

neighbouring group (Ampatzis et al., 2014). There are no connections between the slow V2as and 

fast MNs, and vice versa. There are dynamic differences between different subpopulations of V2a 

in adult zebrafish as well, like their firing thresholds (Ampatzis et al., 2014). The slow V2as have 

the lowest threshold; the fast V2as have the highest.  
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Another classification of larval zebrafish V2as is based on their projections, which divides 

them into ones with only descending projections (V2a-D) and ones with both descending and 

supraspinal projections (V2a-B) (Menelaou et al., 2014). V2as can also be divided into bursting 

and non-bursting types based on their firing patterns (Song et al., 2018). Bursting V2as have 

descending projections to the dendrites of slow MNs, while non-bursting V2a have weak 

connections to the somas of fast MNs (Song et al., 2018).  

V2b 

V2bs are generated from the same progenitor domain as V2a (Fetcho and Mclean, 2010). 

They are inhibitory with descending projections (Andrzejczuk et al., 2018). In zebrafish embryos, 

V2b neurons are GABAergic (Callahan et al., 2019). In larval stages, they are all glycinergic (V2b-

Gly), but half also release GABA (V2b-Mixed) (Callahan et al., 2019). V2b-Glys and V2b-Mixeds 

also differ in their projections. V2b-Mixeds inhibit slow motor neurons ventrally located, while 

V2b-Glys inhibit dorsally located fast MNs (Callahan et al., 2019). 

V2b neurons that express transcription factor Gata3 are involved in alternating extensor 

and flexor muscles in mammals (Callahan et al., 2019). In larval zebrafish, they have direct 

connections to MNs, and different subgroups project to different MNs based on the speed circuit 

they belong to (Callahan et al., 2019). V2b activation lowers the swimming frequency, and its 

suppression causes faster swimming (Callahan et al., 2019). V2b is involved in speed control by 

ipsilateral inhibition (Callahan et al., 2019). 

V3 

Ventrally located V3 neurons are glutamatergic and have descending and bifurcating 

projections to sMNs (Böhm et al., 2022). They have both ipsilateral and commissural projections 

(Böhm et al., 2022; Fetcho and Mclean, 2010). They are thought to be involved in tail beat 

amplitude rather than the tail beat frequency, impacting the number of MNs involved (Wiggin et 

al., 2022).
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Table 2. A summary table of INs and MNs that are part of zebrafish spinal cord CPGs. 

Neuronal 

group 

Subpopulations Molecular Identity Projection Neurotransmitter 

phenotypes 

Putative Functional 

Roles 

Main References 

V0 V0v-A 

V0v-B 

V0v-D 

Homeoprotein Dbx1, 

Pax7. 

Contralaterally to 

MNs and V2as 

Glutamate Contralateral activation (Kiehn, 2016; McLean et al., 

2008; Satou et al., 2012) 

V0d Homeoprotein Dbx1, 

Evx1 

 Glycine, GABA Contralateral inhibition (Kiehn, 2016; Satou et al., 2020, 

2012; Svara et al., 2018) 

V1 V1-Slow 

V1-Hybrid 

V1-Fast 

Transcription factor 

Engrailed-1 

Ipsilaterally to 

MNs and other 

INs 

Glycine, GABA local inhibition of MN, 

V2a, V2b, and 

commissural premotor 

neurons 

(Higashijima et al., 2004a; 

Kimura and Higashijima, 2019; 

Sengupta et al., 2021; Wilson 

and Sweeney, 2023) 

V2 V2a Type I  

V2a Type II 

V2a-VB 

chx10 Ipsilaterally to 

MNs, to 

excitatory V2as, 

and inhibitory 

V0ds.  

Glutamate 

 

Timing and amplitude of 

swimming, 

Rostrocaudal 

propagation 
Regulating tail beat 

frequency 

(Menelaou and McLean, 2019) 

V2b-Gly 

V2b-Mixed 

Lhx3, gata2/3 Ipsilaterally to 

MNs and other 

inhibitory INs 

Glycine, GABA MN inhibition (Callahan et al., 2019; Sengupta 

and Bagnall, 2023) 

V3  sim1a Ipsilaterally and 

contralaterally to 

MNs 

 Tail beat amplitude (Böhm et al., 2022; Wiggin et 

al., 2022) 

dI6 dI6 A 

dI6 B 

dmrt3 Contralaterally to 

MNs 

Glycine, GABA Acceleration, 

left/right alternation, 

contralateral inhibition 

(Del Pozo et al., 2020; Kishore 

et al., 2020; Satou et al., 2020) 

MN pMN   Cholinergic Fast muscle activation (Bello-Rojas et al., 2019) 

sMN-m-type 

sMN-s-type 

sMN-ms-type 

  Cholinergic Fast and slow muscle 

activation 
(Bello-Rojas et al., 2019; 

Kishore et al., 2020; Satou et 

al., 2020) 
 

 



 

 

13 

 

Table 3. The proposed recruitment patterns of different cell populations in the larval zebrafish spinal cord at different swimming 

speeds. 

Cell Group Slow 

(20-40 Hz TBF) 

Intermediate 

(40-60 Hz TBF) 

Fast 

(60-80 Hz TBF) 

Source 

dI6-A Activated   Inhibited (Satou et al., 2020) 

dI6-B Activated   Inhibited 

Muscle Fast AP None None Activated  (Buss and Drapeau, 2002) 

  Muscle Slow Activated Activated Reduced 

activity (fastest) 

pMN None None Fastest (Ampatzis et al., 2013; Liu and 

Westerfield, 1988; McLean et al., 

2007; Wen et al., 2020) 

sMN-m-type None None Activated (Bello-Rojas et al., 2019; Fetcho and 

Mclean, 2010; Kishore et al., 2014; 

Knafo et al., 2017; McLean et al., 

2007; Svara et al., 2018) 

sMN-ms-type None Activated Activated 

sMN-s-type Activated Activated Activated 

V0d None   Activated (Satou et al., 2020) 

V0v-A None None Activated  

(Satou et al., 2012) 

V0v-B Activated Activated    

(Satou et al., 2012) 

V0v-D Activated Activated Silenced (Kimura et al., 2006; McLean et al., 

2008; Satou et al., 2012) 

V1-Fast None   Activated 

(initial phases) 

(Kimura and Higashijima, 2019; 

Wilson and Sweeney, 2023) 

V1-Hybrid Activated     

V1-Slow Activated (late 

phases) 

    

V2a Type I None   Activated (Menelaou and McLean, 2019) 

V2a Type II None   Activated 
 

V2a-VB Activated   Inhibited (Kimura and Higashijima, 2019; 

Wilson and Sweeney, 2023) 

V2b-Gly     Activated (Callahan et al., 2019) 

V2b-Mixed Activated     
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1.3 Hypothesis and Objectives 

My hypothesis follows what is suggested in the literature on the swimming speeds of larval 

zebrafish with a tweak: 

I hypothesize that there are speed microcircuits in the larval zebrafish spinal cord that are 

differentially recruited by the supraspinal regions and generate different tail beat frequencies. 

Different intrinsic properties, spatial distributions, projection lengths, patterns, and synaptic 

strengths are the building blocks of these microcircuits. These microcircuits are not mutually 

exclusive but have common neuronal pools that may have different roles in each microcircuit. 

Rather than three layers of circuits with little connections in between, they are more entangled 

with each other. 

My objective is to determine the composition of larval zebrafish speed microcircuits, the 

connectivity patterns within and between these microcircuits and to create a computational model 

that will generate the expected behaviour using the simulations of the resulting architecture. 

Understanding how neurons interact in zebrafish can shed light on understanding more complex 

animals, even humans. 
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Chapter 2. Methods – Software Implementation 

To date, the current literature shows that over twenty larval zebrafish spinal cord cell 

populations are differentially recruited at different TBFs (Figure 1). The combination of 

projections between these populations increases the complexity of the model even further and 

exponentially. It was apparent from the very start of my project that it is crucial to have a tool with 

high performance to create, modify, and test models. 

Previously, our lab has generated computational models of different swim-like behaviours 

observed in embryonic and larval zebrafish (Roussel et al., 2021). The models were implemented 

using the Python Programming Language (RRID:SCR_008394). Python is commonly used among 

scientists and is a great language to access many available libraries; however, it is not an efficient 

language for CPU-intensive workloads such as loops, which are used extensively in a 

computational model simulation. A simple comparison of how long it takes to run a nested loop in 

different programming languages is listed in Table 4. C# and C++ languages display a huge 

difference in performance compared to Python.  

Table 4. The run time comparison of four programming languages. 

Number of 

calculations 

C# C++ R Python 

109 1.8 sec 1.9 sec 42 sec 4 min 25 sec 

1010 18.5 sec 19 sec 8 min 57 sec 48 min 26 sec 

 

Given the apparent advantage of C-family languages, SiliFish was developed using the C# 

language in the Microsoft Visual Studio 2022 environment (Hejlsberg et al., 2003; Microsoft, 

2022). The development environment is free for open-source software developers and students.  

The name of the tool is derived from “in Silico Fish.” The source code and the executable 

file have been made available to the public since August 13, 2022, at https://github.com/Bui-

lab/SiliFish. A step-by-step guide on how to use the first public version, version 1.0, was 

previously published as a STAR Protocol (Topcu et al., 2023). The current version is 2.7. 

2.1 Architecture  

SiliFish is a Windows desktop software tool and has two components: (1) the main engine 

and (2) the user interface (UI) that allows a graphical user interface for easy data entry, 

https://github.com/Bui-lab/SiliFish
https://github.com/Bui-lab/SiliFish
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manipulation, and inspection. The main engine is cross-platform and is responsible for keeping 

the data, running the simulation, and creating the result files as text or HTML files. The UI is 

platform-dependent and runs only on machines with Windows 10+ operating systems (Bott and 

Stinson, 2019). The separation of these components was done to allow quick UI implementation 

and still have the option of converting the core to a library accessible for environments and 

operating systems other than Windows. 

Another main constraint considered was the segregation of data and code. SiliFish is itself 

a standalone application with no information on the model created. The model files, however, have 

only information on the generated models and no programmatic details. 

2.2 Software Design 

SiliFish uses the object-oriented design (OOD) paradigm, which is based on defining 

objects with different functionalities and associations with other objects. The main advantage of 

OOD is the ability to create reusable, expandable, and modular code. SiliFish is open source, and 

the full source code is available for anyone to use and expand upon. 

2.2.1 Generic Concepts 

2.2.1.1 Common Components 

To increase code reusability, some generic features are used across the software to give 

flexibility. 

Distribution 

Many properties throughout the program can be defined as a distribution rather than a 

single number, which represents the biological values better. The distributions included in the 

program are Gaussian, Bimodal, and Uniform distribution. There is also a "Constant" distribution, 

which represents a number with noise. It can be used as a single number if no noise is defined. An 

additional "Equally Spaced" distribution is also defined to handle the cases where the user wants 

to space out a parameter value equally.  

Timeline 

Every structure in the software can be assigned a timeline, defining when it is active. It can 

be a single period across the simulation or multiple periods with variable breaks in between. The 
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timeline is defined to allow testing the impact of various structures (like a neuronal population, a 

junction, etc.) by turning it on or off at different simulation times. 

2.2.1.2 Activation/Deactivation 

SiliFish offers the ability to deactivate cell groups, cells, synapses, and stimuli. 

Deactivation is like removing a component of the model, e.g., a cell group, from the model without 

actually removing it. This ability was implemented to reduce the need to delete and redefine cell 

populations while testing different scenarios.  

2.2.1.3 Export/Import 

At every level of the model creation and after the simulation, the software allows exporting 

and importing the data in JSON, CSV, or Excel formats for backup and easy bulk data update. 

2.2.2 Model Components 

2.2.2.1 Model Template and Running Model 

The model template is the blueprint of the fish’s architecture, representing the definitions 

of its cellular populations, external stimulations applied, body dimensions, and various parameters 

used to run and analyze the swimming behaviour. The running model represents the actual fish, 

with all the cells distributed spatially across its body, with individual projections and information 

about its dynamics: the membrane potential across time. 

After the model template definition, a running model is generated using this model 

template as the blueprint. As the next step, a simulation is run to observe the behaviour of each 

cell, eventually the fish, across time. Figure 2 is a class diagram that explains how the model 

template and running model are represented in SiliFish. 

2.2.2.2 Fish body 

The fish body is designed to be the container of multiple cells that interact with each other 

to generate swimming behaviour. 

The fish model has two cylindrical structures with an extension. The cylindrical structures 

represent the spinal cord, the musculoskeletal area surrounding the spinal cord, and the extension 

represents the supraspinal region on the dorsal end of the spinal cord. The fish body is composed 

of multiple somites with equal dimensions. 
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Figure 2. The class diagram of the Model Template, Running Model, and related classes. 

The boxes correspond to a class, the formal definition of an object in OOD, e.g., the ‘Cell’ class. The open-headed arrow (⇾) stands for inheritance, where a class 

inherits another class and carries the properties and functionalities of the base class. For example,  a “Muscle Cell” class is inherited from the “Cell” class. It has 

all the properties of the Cell class, like the membrane potential, but also some additional properties, like a list of “End Plates.” The line arrow (→) stands for 

association or a link. For example, a “Cell” has a link to a “Stimuli” class that encapsulates all the stimuli applied to the cell. The two-headed arrow (↠) represents 
a collection association. For example, a “Muscle Cell” has EndPlates, a list of its NMJs. 
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Figure 3. The general properties of the model represent the dimensions of the fish body. 

The fish body is considered to be composed of multiple somites. The size of the spinal cord, the musculoskeletal 

structure surrounding the spinal cord, and the supraspinal region can be defined. 
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2.2.2.3 Cells 

Cells are modelled as point cells, with no size information and a single coordinate 

specifying the soma location, with projections representing the axons. Dendrites are not 

implemented.  

To facilitate the use of all these properties with minimal user input, there are three levels 

of class structures: Cell Pool Template, Cell Pool, and Cell. In this document, “cell group” and 

“cell pool” are used interchangeably. 

Cell Pool Template 

A cell pool template represents the definition of a certain cellular group with a common 

molecular marker and other distinguishing properties. It contains information on the cell type, the 

number of cells, how they are distributed across the various axes, their intrinsic properties, their 

ascending and descending axon lengths, and the timeline—between which time points the cells in 

this group will be active (Figure 4). 

A cell pool template can represent a specific type of cell. The options are currently 

"Neuron" and "Muscle Cell". Neurons can have synapses (incoming chemical junctions), terminals 

(outgoing chemical junctions), and gap junctions. Muscle cells, on the other hand, can have 

neuromuscular junctions (NMJs; endplates) and gap junctions only. The neurotransmitter 

properties (such as GABAergic and cholinergic) can also be set for the neuron cell pool template. 

A new cell type (e.g., glial cells) can be defined by adding a single C# file with its 

implementation and a single line at the beginning of the "Cell.cs" file. As for my project's 

requirements, neurons and muscle cells suffice—therefore, no other cell types were defined in the 

software. 

The rostrocaudal distribution can be defined as per somite or for the full body. The 

mediolateral and dorsoventral distribution can be defined separately or together as an angular 

distribution. All these values can be a single value or a distribution (see above). 

Although cells are modelled as point cells with no size information and no 

compartmentalization, axons are implicitly defined as projection lengths in the cell pool template 

definition. The ascending and descending axon lengths can be defined as a distribution. 
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The most important aspect of computational cell modelling is mathematically representing 

them. A “Cell Pool Template” has a “Core Type” property that defines the mathematical unit 

representing the cells within. In the current model, the Izhikevich 9P, leaky integrator, leaky 

integrate and fire mathematical models were used to model the neurons, non-spiking muscle cells, 

and spiking muscle cells, respectively. To increase the accessibility of the software, Izhikevich 5P, 

Hodgkin and Huxley, Quadratic Integrate and Fire models were also implemented in SiliFish. 

Every mathematical model contains specific parameters, some of which are user-defined. In the 

cell pool template, these parameters can be defined as a distribution or a specific number. The 

ability to define parameters as distributions allows variability of intrinsic properties of cells in a 

cell pool, which is a more accurate representation of a biological system (Marder and Taylor, 

2011). 

A new core type (mathematical model) can be defined by adding a single C# file with its 

implementation and a single line at the beginning of the "CellCoreUnit.cs" file.
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Figure 4. The user interface of the cell pool template definition. 

(A) General information about the cell group and its spatial distribution, which can be defined as a distribution. (B) Parameters defining the dynamical properties of 

the cell group, like conduction velocity and the parameters of the mathematical model it relies on. All of these parameters can be defined as a single value or a 

distribution. (C) The ascending and descending lengths of the axons. 
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Figure 5. The class diagram of the mathematical models of cells and junctions. 

(A) The “Cell” class has a link to a “CellCore” class, which is the base class from which all mathematical cell models 

are derived. This hierarchy allows the implementation of different mathematical models without making any changes 

in the “Cell” class. (B) “Cell” also has links to the “Junction Base” class (Figure 2), which allows new junction type 

implementation without any hierarchical changes in the software. 
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Cell Pool 

A “Cell Pool” is a container structure that keeps the Cells created per the “Cell Pool 

Template” definition. 

Cell 

Cells are the main components of the model. The definitions in the cell pool template 

become unique values of the cells. For example, the rostrocaudal distribution defined in the cell 

pool template is used to populate the X coordinates of the individual cells in a cell pool. 

As my research is about the spinal cord control of the swimming behaviour in larval 

zebrafish, the main players are interneurons, motoneurons, and muscle cells. “Cell” is defined as 

a base class with basic cellular properties, and “Neuron” and “Muscle Cell” classes are inherited 

from the base class. There is no specific classification of interneurons and motoneurons by the 

user. Motoneurons are determined by the presence of projections to muscle cells, and interneurons 

are the rest of the neurons. Sensory neurons are not yet implemented. 

2.2.2.4 Connections 

To facilitate the use of all these properties with minimal user input, there are two levels of 

class structures: “Inter Pool Template,” and the classes are generated as a result: “Gap Junction” 

and “Chemical Synapse.” 

Inter Pool Template 

Like “Cell Pool Template,” the inter pool template class defines how one cell population 

is projecting to another cell population, without actually creating the individual connections. It 

contains information on the source cell pool, target cell pool, how the distance between the two 

and the duration of the signal transduction will be calculated, and the conductance, or the weight, 

of the junction. 

Gap Junctions 

Gap junctions are the electrical junctions between two cells. The involved cells can be any 

type of cell: a neuron, a muscle cell, or any cell type that can be implemented in the future.  
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Chemical Synapse 

Chemical synapses can be NMJs between a neuron and a muscle cell or a synapse between 

two neurons. The neuron class has terminals and synapses to represent the terminal buttons and 

the synapses, whereas the muscle cell has end plates to represent the NMJs (Figure 2). 

The synapse classes have a link to the “junction core” to make the mathematical modelling 

of the synapse apart from the cell. This allows the implementation of new synapse types without 

changing the cell class (Figure 5B). 

2.2.2.5 Mathematical Models 

Computational modelling requires mathematical modelling of each cell or junction. 

Different mathematical models can be appropriate to represent different cell types and firing 

patterns. The mathematical model information is kept separate from the cell to allow flexibility to 

adapt new mathematical models in the future. This mathematical model is called “Core”. The cores 

currently defined are Hodgkin and Huxley, Izhikevich 5 and 9 parameter models, Leaky Integrator, 

Leaky Integrate and Fire, and Quadratic Integrate and Fire (Izhikevich, 2007). 

Izhikevich 9-Parameter 

There are multiple mathematical models implemented in SiliFish. The Izhikevich 9-parameter, or 

Izhikevich 9P, formalization is used to model all neuronal populations in the speed circuits 

modelled. 

            

Vr, Vt, and Vmax are the neurons’ resting, threshold, and maximum membrane potentials. I 

represents the stimulus, either the external stimulus or incoming and outgoing currents, due to the 

gap junctions and chemical synapses the neuron is receiving. C is the membrane capacitance, and 

𝐶
𝑑𝑉

𝑑𝑡
= 𝑘 ∗ (𝑉 − 𝑉𝑟) ∗ (𝑉 −  𝑉𝑡) − 𝑢 + 𝐼 

  

𝑑𝑢

𝑑𝑡
= 𝑎 ∗ (𝑏 ∗ (𝑉 − 𝑉𝑟) − 𝑢) 

  

𝑖𝑓 𝑉 >  𝑉𝑚𝑎𝑥 → 𝑉 = 𝑐; 𝑢 = 𝑢 + 𝑑 
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c is the reset potential after a spike. The two values that are changing across time are V, the 

membrane potential, and u, the recovery current. The constants k and b are the time constant and 

sensitivity of V, respectively. a is the time constant of u, and d is its reset value. This formalism 

enables the modelling of subthreshold membrane dynamics as well as most firing behaviours 

without requiring the modelling of individual active conductances. 

Leaky Integrator 

The leaky integrator model is a model that uses the passive electrical properties of a cell 

membrane, where it is considered to be a resistor and a capacitor in parallel (Gerstner et al., 2014). 

R and C are the cell membrane’s resistance and capacitance, respectively. Vr is the resting 

membrane potential of the cell. 

𝑑𝑉

𝑑𝑡
=

−(𝑉 −  𝑉𝑟)

𝑅 ∗ 𝐶
+

𝐼

𝐶
 

Leaky Integrate and Fire 

This mathematical model is an extension of the leaky integrator, except for the ability to 

fire. Vreset, Vmax, and Vthres are the reset (after a spike), maximum, and threshold membrane 

potentials, respectively. 

𝑖𝑓 𝑉 ≥  𝑉𝑚𝑎𝑥 → 𝑉 = 𝑉𝑟𝑒𝑠𝑒𝑡 

𝑖𝑓 𝑉 >  𝑉𝑡ℎ𝑟𝑒𝑠 → 𝑉 = 𝑉𝑚𝑎𝑥 

 

Implementing a new Mathematical Model 

Many other models can be used to represent neurons, like Bonhoeffer-van der Pol, 

FitzHugh-Nagumo, Golomb, Morris-Lecar, and Wang-Buzsaki, to count a few (Izhikevich, 2007; 

Stefanescu et al., 2013). To facilitate future expansions and easy addition of mathematical models, 

the software was designed to make implementing a mathematical model easy, which consists of 

adding the implementation file and a single line to the base class file. 

Synapse Modelling 

Chemical Synapses 

There are two models of chemical synapses implemented in SiliFish.  
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The “Simple Synapse” is the single exponential synapse model with a tau rise (τr) and a 

single tau decay (τd), reversal potential (Erev), and synaptic weight (Wpre,post). Vpost is the membrane 

potential of the postsynaptic neuron at time t-Δt. The calculated Ipre,post represents the current 

imposed on the postsynaptic neuron. 

𝐼𝑝𝑟𝑒,𝑝𝑜𝑠𝑡 = (𝑉𝑝𝑜𝑠𝑡 −  𝐸𝑟𝑒𝑣) ∗ (𝑒
−

𝑡−𝑡0
𝜏𝑟 −  𝑒

−
𝑡−𝑡0

𝜏𝑑 ) ∗ 𝑊𝑝𝑟𝑒,𝑝𝑜𝑠𝑡 

This formulation does not generate any current in the case of τr = τd and generates a negative 

current in the case of τr > τd. Therefore, this synapse model covers only a limited range of synapses, 

and the check τr < τd is introduced in SiliFish. 

The two-exponential synapse with slow and fast decay components is implemented as the 

following, where τs and τf are the slow and fast decay time constants, respectively, and s is the 

weight of the slow component (Gerstner et al., 2014): 

𝐼𝑝𝑟𝑒,𝑝𝑜𝑠𝑡 = (𝑉𝑝𝑜𝑠𝑡 −  𝐸𝑟𝑒𝑣) ∗ ((1 − 𝑒
−

𝑡−𝑡0
𝜏𝑟  ) ∗ ((1 − 𝑠) ∗ 𝑒

−
𝑡−𝑡0

𝜏𝑓 + 𝑠 ∗ 𝑒
−

𝑡−𝑡0
𝜏𝑠  ) ∗ 𝑊𝑝𝑟𝑒,𝑝𝑜𝑠𝑡 

The generated model used simple synapses to represent chemical synapses for simplicity. 

Gap Junctions 

Electrical gap junctions implemented in SiliFish are bidirectional. The amount of current 

that will flow through a gap junction at time t is calculated as below: The duration of time it would 

take for each cell to impact the other is calculated by using the conduction velocity and the distance 

between the two cells: let us say Δt12 and Δt21. These Δt’s can be different when the cells have 

different conduction velocities. The difference between the membrane potential of the first at t – 

Δt12 and the second cell at t-1 will dictate the current that will flow from the first cell to the second. 

Similarly, the difference between the membrane potentials of the second cell at t – Δt21 and the 

first cell and t-1 will dictate the current that will flow from the second cell to the first. The net 

current is the difference between these two calculated currents. 

Differential Equation Calculations 

The Forward Euler method is used to solve differential equations to calculate: 

𝑦𝑖+1 =  𝑦𝑖 + ∆𝑡 ∗ 𝑦′ 
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The ∆t used throughout the modelling is 0.1 ms. However, biological systems do not have 

discrete time units. It is important to pick a unit of time that would be smaller than the time scales 

of all the components of the current model. 

2.2.3 Outputs  

The downside of creating a user interface for easy model creation is that the user has limited 

access to the data. Various features were implemented to give the user the ability to troubleshoot. 

The testing of the model is two-fold: testing whether the definition of the model is done 

properly and whether the model is representative of the speed microcircuits of larval zebrafish. 

2.2.3.1 2D and 3D Rendering 

A third-party library was used to generate 2D and 3D renderings of the model: Force-Graph 

and 3D Force-Directed Graph, respectively (Asturiano, 2022a, 2022b) (Figure 11-Figure 12). Both 

libraries are JavaScript libraries that are accessed by an HTML file. HTML code is populated 

programmatically using the cell pool and cell classes. 2D-Rendering creates an HTML file where 

it is possible to see visually how each cell pool is connected to each other. In the 3D rendering, a 

more detailed representation of the model is generated, showing each cell at its actual coordinates, 

how they are connected, and the weights of those connections. As the complexity of the model 

increases, the 3D rendering can become crowded and hard to read. Various features were 

implemented to make the complex renderings easier to study, like turning on or off gap or synaptic 

junctions, generating views from different camera angles (e.g., dorsal/ventral/caudal), limiting the 

view to a selection of somites rather than the full body, selecting a single cell or cell pool. These 

renderings can be used to visually check for the accuracy of where the cells are located and how 

they are projecting to each other. 

2.2.3.2 Plots 

Swimming behaviour is caused by the contraction of the muscles, which is caused by the 

excitation they are getting from the motoneurons. Seeing how the membrane potential of each 

neuron and muscle cell changes across time is crucial in understanding the driving force behind 

the behaviour observed. To examine how the model behaves in detail, a third-party JavaScript 

library was used to create plots to display how membrane potentials and other variables change: 

DyGraph (Vanderkam, 2022) (Figure 17). DyGraph generates user interactive plots synchronized 

in time, which allows detailed data inspection.   
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Various plots were implemented to display imperative variables in understanding the 

model’s behaviour: membrane potentials, synaptic currents, gap currents, stimuli, muscle tension, 

episodes, and full dynamics. The full dynamics plot combines multiple graphs showing the 

incoming currents to a cell, the stimuli applied, how the membrane potential changes against these 

inputs, and the output to other cells. The episode plots display information like the tail beat 

frequency, number of beats per episode, and length of episode necessary for analyzing the 

swimming speeds. 

Additional features were added to the UI to make it easier to plot a specific model unit: cell 

pool, cell, or junction. Specifically, plotting a junction allows very detailed analysis. For example, 

for a chemical synapse, a junction-based plot displays the membrane potential of the presynaptic 

and postsynaptic neurons and the current that the postsynaptic neuron is exposed to due to the 

potential difference between the two neurons and the synaptic weight of the junction. 

2.2.3.3 Animation 

Another third-party library, amCharts 5, was used to display the swimming behaviour as 

an animation (Antanas et al., 2022). The fish’s tail is modelled as an uncoupled pendulum, with a 

node representing each somite (Roussel et al., 2021). The force that causes the pendulum 

oscillation is the difference in relative force generated by the muscle contractions on both sides.  

𝜃𝑖
′′ + 2ζ 𝜔0𝜃𝑖

′ +  𝜔0
2𝜃𝑖 =  𝛿 (∑𝐹𝑟𝑖𝑔ℎ𝑡 𝑚𝑢𝑠𝑐𝑙𝑒 −  ∑𝐹𝑙𝑒𝑓𝑡 𝑚𝑢𝑠𝑐𝑙𝑒)  

• 𝐹: the force generated by the tension.  

• ζ: damping coefficient 

• ω0: the natural oscillation frequency 

• δ: the conversion coefficient is the coefficient that transforms the membrane potential or 

tension to the force applied.  

The deflection angle 𝜃𝑖 is used to calculate the coordinate of the somite i based on the 

position of the next rostral somite i-1 (Roussel et al., 2021)—the rostrocaudal axis of the fish is 

represented from top to bottom. 

𝑥𝑖 =  𝑥𝑖−1 +  𝑙 ∗ sin (𝜃𝑖) 

𝑦𝑖 =  𝑦𝑖−1 −  𝑙 ∗ cos (𝜃𝑖) 
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To calculate the force the muscle tension applies, the torque the muscle cell generates 

(tension x distance of the muscle cell) was divided by half of the body width to be able to 

incorporate the muscle location information. 

2.2.3.4 Spike and Episode Statistics 

The determination of when a spike happens is embedded in the mathematical models of 

the cells. For the Izhikevich 9P model used, a spike was considered to happen when the membrane 

potential reached the Vmax value. A user interface was created to list and export all the spikes of a 

single cell, all cells in a somite, or a cell group. The feature was expanded to list the episodes to 

determine the beat and glide sections of the swimming behaviour.  

The majority of the literature reports motor output as the ventral root output rather than 

muscle behaviour (Kawano et al., 2022; Kimura et al., 2013; Menelaou et al., 2014; Satou et al., 

2020, 2009; Talpalar et al., 2013; Wilson et al., 2010; Zhang et al., 2011). Therefore, the episode 

determination by either the motoneurons on a specific somite or the movement of the tail tip was 

implemented. 

For the MN-based episode calculation, the spikes of all MNs on the left and right sides of 

the somite are merged and sorted separately. The left and right spikes that coincide are removed 

from the lists. The result lists are traced sequentially to determine the left tail beat (where there is 

a spike on the left MNs) or the right tail beat (where there is a spike on the right MNs). Multiple 

spikes can be part of a single beat if no spikes are on the opposite side. An episode break is 

considered to happen if the time between two spikes exceeds a used defined value (called Episode 

Break – defined in ms). 

For muscle-based episode calculation, the tip of the tail indicates whether there is a left or 

right beat (Roussel et al., 2021). If the distance between the tail tip and the centerline is greater 

than a threshold defined by the user, it is considered to be part of a beat. 

2.2.4 Parameter Fitting  

One of the major tasks of this project is to generate the cell populations that will properly 

represent the cells in the larval zebrafish spinal cord. The Izhikevich model used has nine 

parameters to be tweaked. Cell models whose firing behaviour resembles experimentally observed 
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patterns can be generated by properly setting those parameters. Several firing properties of the 

neurons can be used to constrain or set those parameters.  

2.2.4.1 Rheobase current 

One of the basic properties of a neuron is its rheobase, the minimum amount of current 

necessary to fire an action potential if applied for an infinite duration. The rheobase is specifically 

important for this project as the difference in the rheobase of cells receiving the same input can 

determine the response to particular inputs. The “infinite duration” is limited to a user-set value of 

500 ms by default. The software calculates the rheobase by starting a high current (set to 1000 pA 

by default). If there are no spikes, the rheobase is defined as N/A. If there is a spike, the current is 

adjusted in a binary search: if x amount of current causes a spike, a current of x/2 is tried. If x/2 

causes a spike, a current of x/4 is tried, and so forth. If the halved current does not cause a spike at 

any point, the middle point between the last current causing a spike and the current not causing a 

spike is tested. This loop is continued until the minimum amount of current is reached to create at 

least one spike. 

2.2.4.2 Firing Pattern 

The temporal pattern of neuron firing varies: firing patterns can be phasic or tonic, spiking 

or bursting, or somewhere in between. Firing patterns may depend on input current or duration. 

To decide whether a specific firing pattern matches the observed activity in experimental studies, 

first, it is necessary to analyze and quantify the membrane potential changes of a neuron. 

The first step is determining the spikes. The spike definition is embedded within the 

mathematical models. For the Izhikevich 9P model, a spike is the time point where the membrane 

potential value reaches Vmax. The number of spikes before, during, or after a stimulus can be 

directly deducted from generating the spike list. 

The next step is analyzing the firing pattern for the possible presence of bursting or 

adaptation. For this, the times between the spikes are grouped into two categories: the smaller and 

larger durations are considered to be intra-burst and inter-burst durations, respectively. If the inter-

burst duration is larger than the intra-burst duration multiplied by a parameter defined by the user 

(set to 2 by default), then the spikes are grouped into bursts for the next analysis step. Otherwise, 

every spike is considered individually.  
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From here, a few decisions can be made: whether the cell is firing rhythmically or 

randomly, whether the spiking is phasic or tonic, the bursting or spiking frequency, the number of 

spikes per burst (if bursting), whether the time between spikes decreases or increases with time 

(which shows sensitization or adaptation). The irregularity between the intervals is also calculated. 

If the intervals are equal, or there is a continuous increase or decrease trend, the irregularity is zero. 

Otherwise, irregularity is calculated as the standard deviation divided by the average of intervals. 

The genetic algorithm can use all these statistics for parameter fitting. The pseudo-code of how 

the firing pattern is determined is below: 

If there is a single spike → phasic spiking 

else if there is a single burst  

 with no quiescent period at the end → tonic spiking 

 with a quiescent period at the end → phasic bursting 

else if there are only bursts with no individual spikes → tonic bursting 

else if there are only individual spikes  

 with regular intervals (equal or increasing or decreasing) → tonic spiking 

 with irregular intervals 

 with no quiescent period at the end → tonic chattering 

 with a quiescent period at the end → phasic chattering 

   

2.2.4.3 Genetic Algorithms 

Genetic algorithms (GA) are algorithms that can be employed to determine a parameter set 

that would give a desired solution. GA works similarly to how genetics works in evolution (Figure 

6A). Sets of parameter values are considered as individuals. Individuals are tested to see if they 

produce the desired output. The algorithm makes directed changes in the individuals to attempt to 

improve the output if it is not close to the desired output. Periodically, random mutations change 

the fitness of individuals, increase their chance of survival, and pass those “traits” (i.e., parameter 

values) to the next generations. 

Rather than implementing the genetic algorithms from scratch, an open-source library 

developed in C# was used: Genetic Sharp (Giacomelli, 2022). The library offers many settings that 

define how the selection, crossover, mutation, reinsertion, and termination steps will take place. 

All the relevant setting options are offered to the user to select from (Figure 6B).   
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(A) Flow chart of genetic algorithms. (B) SiliFish offers a UI to tweak the options Genetic Sharp offers (Giacomelli, 

2022). (C) Users can define fitness functions easily using the UI provided. (D) One or more fitness functions can be 

defined to find the parameter set of a specific firing pattern. 

  

Figure 6. Genetic algorithms offer many options to do parameter fitting efficiently. 
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The genetic algorithm iterates many parameter combinations and finds the combination(s) 

with the best fitness values. The most important part of genetic algorithms is the fitness calculation: 

What is the system's fitness for a set of parameter values? The system is considered to be a list of 

fitness functions with different weights (Figure 6C-D). Each function is calculated using the 

parameter combination tested, and the values of all functions are summed up. The genetic 

algorithm aims to find the maximum value these fitness functions can sum up. Various fitness 

functions that were crucial for this project were implemented, as described below. For all functions 

that have a target value as a number or a range, unless otherwise stated, the conditions below were 

used to calculate the fitness, where vc is the calculated value, and vtmin and vtmax are the minimum 

and maximum target values: 

             

𝑖𝑓  𝑣𝑡𝑚𝑖𝑛 ≤ 𝑣𝑐 ≤  𝑣𝑡𝑚𝑎𝑥  →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡 

𝑖𝑓  𝑣𝑐 <  𝑣𝑡𝑚𝑖𝑛  →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡/(𝑣𝑡𝑚𝑖𝑛 −  𝑣𝑐) 

𝑖𝑓  𝑣𝑐 >  𝑣𝑡𝑚𝑎𝑥  →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡/(𝑣𝑐 −  𝑣𝑡𝑚𝑎𝑥) 
             

 

Fitness function for target rheobase 

The literature reports the rheobase of certain zebrafish spinal neurons, which indicates their 

firing potential (Fidelin et al., 2015; Menelaou and McLean, 2019, 2012). The target rheobase 

fitness function calculates the rheobase of a neuron with a specific parameter set and the fitness 

based on how far the rheobase is to the target value or range. 

Weight is the weight of the fitness function: how much it would impact the total fitness. If 

the target rheobase is a unique number rt, the fitness value is calculated as: 

𝑖𝑓  𝑟𝑐 =  𝑟𝑡  →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡 

𝑖𝑓 
𝑟𝑡

2
≤  𝑟𝑐 ≤ 𝑟𝑡 →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡 ∗  

2 ∗ |𝑟𝑐 − 𝑟𝑡/2|

𝑟𝑡
   

𝑖𝑓 𝑟𝑡  ≤  𝑟𝑐 ≤ 3
𝑟𝑡  

2  
 →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡 ∗  

2 ∗ |3 2⁄ 𝑟𝑡 − 𝑟𝑐|

𝑟𝑡
   

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 → 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 0    
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If the target rheobase is a range of [rmin, rmax]: 

𝑟𝑟𝑎𝑛𝑔𝑒 =  𝑟𝑚𝑎𝑥 −  𝑟𝑚𝑖𝑛 

𝑖𝑓  𝑟𝑚𝑖𝑛 ≤ 𝑟𝑐 ≤  𝑟𝑚𝑎𝑥  →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡 

𝑖𝑓  𝑟𝑚𝑖𝑛 −  𝑟𝑟𝑎𝑛𝑔𝑒 ≤ 𝑟𝑐 ≤  𝑟𝑚𝑖𝑛  →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡 ∗  
(𝑟𝑚𝑖𝑛 −  𝑟𝑐)

𝑟𝑡
   

𝑖𝑓  𝑟𝑚𝑎𝑥 ≤ 𝑟𝑐 ≤  𝑟𝑚𝑎𝑥 + 𝑟𝑟𝑎𝑛𝑔𝑒  →  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑒𝑖𝑔ℎ𝑡 ∗  
(𝑟𝑐 −  𝑟𝑚𝑎𝑥)

𝑟𝑡
   

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 → 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 0    

 

Fitness function for firing pattern  

The firing pattern is determined as explained in the Firing Pattern section. If the target 

firing pattern is the same as the resulting pattern, the fitness is equal to the full weight. If the target 

is no spiking and there is spiking, or vice versa, the fitness is zero. The fitness is zero if the target 

is spiking and the current spiking is bursting. In all other cases, fitness is a function of the 

irregularity of the intervals. Below is a pseudocode that summarizes how firing pattern fitness is 

calculated. 

 Target = Spiking → Fitness = Weight * Max(0, (1 – irregularity)) 

 Target = Bursting → Fitness = Weight * Min(1, irregularity) 

 Target = Chattering → Fitness = Weight * Min(1, irregularity) 

 Target = Mixed → Fitness = Weight * Min(1, irregularity) 

 

Fitness function for firing rhythm 

The firing rhythm value can be phasic or tonic. If spiking continues till the end of the 

stimulus minus a certain range (called tonic padding, which is set to 1 ms by default but can be 

modified by the user), it is considered tonic firing. Otherwise, it is considered phasic firing. The 

fitness value is the full weight if the firing rhythm fits the target firing; otherwise, it is zero. 

Fitness function for firing delay 

The firing delay is the distance between the first spike and the onset of the stimulus, 

measured in ms.  
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Fitness function for burst frequency 

Burst frequency is the number of bursts divided by the stimulus duration, reported in Hz. 

Fitness function for spike per burst 

Spike per bust is the average number of spikes in all the bursts. In the case of spikes and 

bursts existing together, individual spikes are considered as bursts with a single spike. 

Fitness function for spike frequency 

Spike frequency is the number of spikes divided by the stimulus duration, reported in Hz.  

Fitness function for pre- and post-stimulus spike counts 

Some intrinsic properties may allow a cell to fire after a stimulus ends or even without a 

stimulus. To be able to catch those cases, the number of spikes before an applied stimulus and after 

the stimulus ends is reported. 

2.2.4.4 Parameters 

Each mathematical model contains a set of parameters. The genetic algorithm requires a 

start value, minimum and maximum values, and the sensitivity in terms of the decimal digits need 

to be defined for each parameter. The mathematical models in SiliFish all have default values for 

the parameters they use and suggested min and max values. Users can change these minimum and 

maximum values before running the GA.  

To facilitate determining the parameter range and making the most of the GA by 

minimizing the parameter space, two extra tools were implemented: Sensitivity analysis and firing 

pattern detection. 

Rheobase Sensitivity Analysis 

The sensitivity analysis takes one parameter at a time, tries various values between a 

minimum and maximum, and displays how it will impact the rheobase of the cell (Figure 7). This 

tool helps determine some parameters' minimum and maximum values.  

Firing Pattern Detection 

The firing pattern detection tool takes one parameter at a time, tries various values between 

a minimum and maximum, and displays the firing pattern when a specific current is applied (Figure 

8). This tool helps determine some parameters' minimum and maximum values as well.  
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Figure 7. Rheobase Sensitivity Analysis 

Rheobase sensitivity analysis can help determine the valid range of a specific parameter by fixing all other parameters 

and calculating the rheobase for a wide range of values of the target parameter. 
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Figure 8. Firing Pattern Analysis 

Firing pattern analysis can help determine the valid range of a specific parameter by fixing all other parameters and 

displaying the firing pattern for a wide range of values of the target parameter. 

  



39 

 

2.2.4.5 Exhaustive search 

Genetic Sharp has various setting options, as explained above (Figure 6B). The stochastic 

component of genetic algorithms and the non-linear interactions of each setting affect the 

algorithm’s outcome; thus, different combinations of settings can work better for different required 

outcomes. To remove the need to update these settings manually and to streamline the parameter 

fitting process, an exhaustive search option was implemented to try all 350 combinations of all the 

settings and get the ten (a number the user can set) best parameter sets with the best fitness values.  

2.2.5 Memory Requirement 

The memory requirement increases as the complexity of the model and the simulation time 

increases. Memory usage has two main contributors: the membrane potentials of the cells across 

time and the currents that pass through the junctions at each time point. The memory usage of the 

final model was tested with a simulation time of 5000 ms, which would take less than 1GB of 

memory space. However, this requirement increases more than 20-fold with the synaptic current 

information. Therefore, memory optimization was done so that the current information was not 

kept during the simulation but recreated when the user requested any plots related to the current. 

The user is warned that there will be an increased memory requirement so that they can continue 

by selecting the relevant subset they absolutely want to see and not overload the resources. 
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Chapter 3. Methods – Generating Swim Circuits 

This section explains how the SiliFish features listed above, and the information in the 

literature was used to create and test the model. 

3.1 Creating Model Template 

A model template is the definition of the actual model. The cell pool templates are 

generated to represent each cell group relevant to swimming speeds. The unit of time used is ms, 

and the unit of length is mm.  

3.1.1 General Properties 

The length of the larval zebrafish spinal cord was set to 3mm using the numbers reported 

in the literature for 4-5 dpf larva (Dou et al., 2008; Fuiman and Webb, 1988). Considering the 

largest width of the larva is about 150 µm, the medial-lateral length of the musculoskeletal region 

was set to 0.08 mm. The number of somites was set as 30, later reduced to 10 to lower the 

complexity. 

Defining the size of the zebrafish in actual dimensions allows for using some neuron 

properties reported in the literature directly, like axon length and conduction velocity.  

3.1.2 Cell Groups 

The parameters extracted from the literature fell into these categories: molecular markers, 

number, position, distribution, size, projection lengths (for neurons), and firing patterns (for 

spiking cells). Molecular markers are implicitly implemented as different cell pools. Size 

information is not explicitly implemented but is used to derive various values lacking in the 

literature.  

Twenty different spinal cell groups plus two types of muscle cells were created to represent 

the larval zebrafish spinal cord speed circuits (Table 2). The full model representing the true 

number of somites and cells per somites was generated. Due to the complexity of the resulting 

model and challenges that arise to troubleshoot, after a point, a reduced model was created with 

ten somites and one cell representing each cell group per somite instead.  
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3.1.2.1 Determining parameters for the mathematical model 

The neurons’ firing behaviour and membrane potential dynamics were modelled using the 

Izhikevich 9P formalism. As there are nine parameters to set for each cell type, the parameter 

fitting was automated using genetic algorithms as described earlier. The literature offers some of 

the Izhikevich properties, like resting or maximum membrane potential (Table 5). Some of these 

values were reported as a range, and they were used directly; some of them were inferred from 

published outputs like figures or plots. Where available in the literature, these ranges were fed for 

each of the nine parameters of the Izhikevich model (Table 6). Some ranges were tweaked (e.g., 

increased, decreased, sensitivity changed by changing the decimal point) based on how well the 

output of the genetic algorithm parameter fitting worked. These decisions were mainly made using 

sensitivity analysis and firing pattern detection tools. 

Additional Range Checks for the Parameter Fitting 

To make the GA more efficient and ensure that the estimated parameter combinations are 

biologically meaningful, additional criteria were checked when setting the minimum and 

maximum values of each parameter of the Izhikevich model.  

After some testing, it became obvious that the k parameter of the Izhikevich model has a 

high impact on the firing behaviour, as it is directly multiplied by (𝑉 − 𝑉𝑟) ∗ (𝑉 −  𝑉𝑡)  to 

calculate the change in membrane potential. An example of how the same parameter set reacts 

when k = 0.24 and k = 1.24 is displayed in Figure 9. Therefore, k was set to be between 0.01 and 

1 for all cell populations. 

Before the 9-parameter model that is used in the current model, Izhikevich had come up 

with a 5-parameter model with some four parameters replaced as constant values to represent the 

majority of Hodgkin-Huxley model cells that he modelled (Izhikevich, 2003): 

𝐶
𝑑𝑉

𝑑𝑡
= 0.04 ∗ 𝑉2 + 5V + 140 − 𝑢 + 𝐼 

  

𝑑𝑢

𝑑𝑡
= 𝑎 ∗ (bV − 𝑢) 

  

𝑖𝑓 𝑉 >  𝑉𝑚𝑎𝑥 → 𝑉 = 𝑐; 𝑢 = 𝑢 + 𝑑 
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Obviously, it is not expected for this 5-parameter model to be as comprehensive as the 9-

parameter model. Regardless, after some basic algebra, a few approximations were made to come 

up with a few checks:  k/Cm = 0.04,  -k/Cm (Vrest + Vthres) = 5,  k/Cm * Vrest * Vthres = 140. 

Izhikevich also states that b approximates to 1000/R + k(Vr-Vt) (Izhikevich, 2007). These equations 

were not used for hard checks but rather for selecting the parameter combinations among the 

multiple choices GA generated. 
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Table 5. Firing-related properties of the cell groups derived from literature. 

Cell Group Rheobase 

(pA) 

Firing Pattern Membrane Potential 

(mV) 

Main Resources 

dI6-A   Bursting Vt = Vr + 20 

Vmax=Vr + 40 

Vreset = Vr + 10 

(Satou et al., 2020) 

dI6-B   Chattering Vt = Vr + 10 

Vmax=Vr + 60 

Vreset = Vr + 5 

(Satou et al., 2020) 

Muscle Fast AP   Phasic firing, 

with twitches, 

action potential 

Vr = -71 ± 3 (Luna et al., 2015) 

(Buss and Drapeau, 

2000)  
Muscle Slow   Tonic firing, no 

action potential 

Vr = -56 ± 1 

pMN 300 Tonic firing  Vr = -74±0.4 [-63, -79] (Menelaou and McLean, 

2012) 

(Buss et al., 2003) 

sMN-m-type 150 Chattering Vth = -23 – -48 

Vr = -55.5 – -75.7 

(Menelaou and McLean, 

2012)  
sMN-ms-type 65   

sMN-s-type 35 Bursting 

V0d   Chattering Vth = Vr + 10 

Vmax = Vr + 55; 

Vr = -54 mV 

Vth = ~-40 

Vmax = -10 mV 

Vreset = -30 mV 

(Kishore et al., 2020) 

(Menelaou and McLean, 

2019) 

(Satou et al., 

2020)(Picton et al., 

2022) 

V0v-A 15.4 ± 8.3   

  

Vr = -50 – -40, 

Vth = -35 – -30;  

Vmax = 0-30 

(Fidelin et al., 2015) 

(McLean et al., 2008)  
V0v-B 

V0v-D 

V1-Fast     Vr = -76.5 ± 5.6  

Vmax = Vr + 50  

Vreset = Vr + 20  

Vth = Vr + 28  

(Sengupta et al., 2021) 

V1-Hybrid     

V1-Slow     

V2a-Type-I-DH-

Displaced 

40-200 Tonic firing  Vr = -53  

Vth: -36--25;  

Vmax: -21 – +40 

(Menelaou and McLean, 

2019) 

V2a-Type-I-DL ~10 

V2a-Type-I-DM 15-40 

V2a-Type-II-D 60-600 Chattering Vr = -70 

Vth = -50--40;  

Vmax= -35 – +25 

(Menelaou and McLean, 

2019) 

V2a-VB     Vth = Vr + 20-25;  

Vmax = Vth + 50-60;  

Vreset = Vr + 15-20 

(Kimura and 

Higashijima, 2019) 
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Table 6. The minimum-maximum range of each parameter fed to the GA algorithms. 
 

A B c Cm d k Vmax Vr Vt 

dI6A 0.01 – 2.01 -5.27 – 2.02 -55 5.25 – 7.5 -10.01 – 10 0.01 – 1 -20 – -10 -60 -40 – -35 

dI6B -2.01 – 2.01 -5.01 – 2.02 -65 5.25 – 7.5 -10.01 – 10 0.01 – 1 - 10 – 10 -70 -50 – -45 

pMN -2.01 – 2.01 -10.01 – -6.15 -89 – -53 30.15 – 79.5 -10.01 – 10 0.51 – 1* -5.6 – 13.6 -79 – -63 -38.2 – -33.8 

sMN-m-type 0.01 – 10 0.01 – 20 -70.01 – -65 9.9 – 44.85 -10.01 – 10 0.01 – 1 0 – 20 -75.7 – -55.5 -48.01 – -23.01 

sMN-ms-type -2.01 – 2.01 -50 – 2.43 -65.01 – -55 11.85 – 32.4 -10.01 – 10 0.01 – 1 -10 – 10 -75.7 – -55.5 -48 – -23.01 

sMN-s -2.01 – 2.01 -51.35 – 1.175 -65.01 – -55 8.25 – 21.75 -10.01 – 10 0.01 – 1 -10 – 10 -75.7 – -55.5 -48 – -23.01 

V0d -2.01 – 2.01 -12.77 – 2.12 -46 – -45 5.25 – 7.5 -10.01 – 10 0.01 – 1 0 – 10 -54 – -54 -44 – -39 

V0v-A&B 0.01 – 10 0.01 – 20 -40 – -38 3.75 – 9 -10.01 – 10 0.01 – 1 0 – 30 -50 – -40 -35 – -30 

V0v-D 0.01 – 10 0.01 – 20 -40 – -38 3.75 – 9 -10.01 – 10 0.01 – 1 0 – 30 -50 – -40 -35 – -30 

V1-Fast 0.01 – 2.01 -16.67 – 1.28 -62.1 – -50.9 3.75 – 6.75 -10.01 – 10 0.01 – 1 -32.1 – -20.9 -82.1 – -70.9 -54.1 – -42.9 

V1-Hybrid 0.01 – 2 -16.67 – 1.28 -62.1 – -50.9 3.75 – 6.75 -10 – 10 0.01 – 1 -32.1 – -20.9 -82.1 – -70.9 -54.1 – -42.9 

V1-Slow 0.01 – 2 -16.67 – 1.28 -62.1 – -50.9 3.75 – 6.75 -10 – 10 0.01 – 1 -32.1 – -20.9 -82.1 – -70.9 -54.1 – -42.9 

V2a-Type-I-DH -2.01 – 2.01 -22.58 – -5.72 -45.01 – -40 2.85 – 4.65 -10.01 – 10 0.51 – 0.8* -20 – 40 -55 – -50 -36 – -25 

V2a-Type-I-DL -1.01 – 1.01 -1.01 – 0.5 -50 – -45.01 2.85 – 4.65 -10.01 – 10 0.01 – 1 -20 – 40 -55 – -50 -36 – -25 

V2a-Type-I-DM -10.01 – 10 -30 – 1.28 -45.01 – -40 2.85 – 4.65 -10.01 – 10 0.01 – 1 -20 – 40 -55 – -50 -36 – -25 

V2a Type II -2.01 – 2 -20.01 – 9.8 -68 – -60 4.2 – 6.3 -10.1 – 10 0.01 – 1 10 – 12 -70 – -70 -50 – -40 

V2a-VB -2.01 – 2.01 -23 – 1.81 -55 – -45 6.96 – 10.14 -10.01 – 10 0.01 – 1 -20 – -10 -60 – -60 -40 – -35 

V2b-Gly & Mixed -2.01 – 2 -30 – 0.86 -50 – -45 2.85 – 10.14 -10.01 – 10 0.01 – 1 -20 – 0 -55 – -50 -36 – -25 

*For these cell types, the k range of 0.01–1 was split into smaller sections. 
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Increasing the k parameter of the Izhikevich 9P model can create sudden peaks in the membrane potentials. (A) The 

firing pattern of a neuron with k = 0.24 and Vmax = -15 mV at rheobase x 1, 1.1, and 1.2. (B) The firing pattern of the 

same neuron is changed by setting the k parameter to 1.24. The rheobase value changed, as well as its firing behaviour. 

The membrane potential reaches much higher than its Vmax value. 

Figure 9. Firing pattern of two different k values. 



46 

 

Capacitance Calculations for the Parameter Fitting 

The capacitance parameter is an important part of the model. Not many capacitance values 

are reported for zebrafish spinal neurons in the literature. Therefore, an approach was taken to 

determine the capacitance ranges using the cell sizes. For the cell types where soma size 

information was available but not any capacitance value, the capacitance was calculated using the 

formulation of Cm = 1 μF/cm2 commonly used in the literature (Bui et al., 2008; Bui and 

Brownstone, 2015; Carlin et al., 2009; Hille, 2001; Stefanescu et al., 2013) (Table 7).  

However, the result capacitance values were very small and did not generate proper 

parameter sets when fed into the genetic algorithm. The cell capacitance is impacted by the cell 

size, as well as the dendritic branches, nodes, and myelin content (Mainen et al., 1995). Therefore, 

the capacitance calculated using cell size was scaled with some of the capacitance values reported 

in the literature. For that, a cell type with both soma size and capacitance values reported was taken 

as a reference: the capacitance of motoneurons is given as 17.4 ± 1.3 (between 9-30 pF) (Buss et 

al., 2003). The capacitance value using the above formulation would come up with a range of 

[0.55, 2.99] for sMNs. Multiplying this range with 15 would bring the range closer to the reported 

capacitance values. Therefore, all the capacitance values calculated using the soma size were 

normalized by multiplying them by 15, as seen in the last two columns of Table 7. 

Table 7. The soma size of the cell groups, the calculated and normalized capacitance values. 

Type Area Min 

(µm2) 

Area Max 

(µm2) 

Cm Min 

(pF) 

Cm Max 

(pF) 

Norm. Min 

(pF) 

Norm. Max 

(pF) 

pMN* 201 530 2.01 5.3 30.15 79.5 

sMN-ms type* 79 216 0.79 2.16 11.85 32.4 

sMN-m type* 66 299 0.66 2.99 9.9 44.85 

sMN-s type* 55 145 0.55 1.45 8.25 21.75 

dI6†,†† 35 50 0.35 0.5 5.25 7.5 

V0d†,†† 35 50 0.35 0.5 5.25 7.5 

V0v† 25 60 0.25 0.6 3.75 9 

V0v slow†† 46.4 67.6 0.464 0.676 6.96 10.14 

V1† 25 45 0.25 0.45 3.75 6.75 

V2a Type I¶ 19 31 0.19 0.31 2.85 4.65 

V2a Type II¶ 28 42 0.28 0.42 4.2 6.3 

*(Bello-Rojas et al., 2019) 

† (McLean et al., 2007) reported as CoBL (dI6 and V0d), Multipolar commissural descending (McoD, V0v), and CiA 

(V1). 

†† (Hale et al., 2001) reported as CoBL. 

¶ (Menelaou and McLean, 2019)
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3.1.2.2 Spatial Distribution 

The number and spatial distribution of each cell pool were determined from the literature, 

either by directly using the reported values or deriving approximate values from published figures 

or plots (Table 9). When there are multiple subgroups of a single cell population, and their relative 

numbers are unknown based on the studies to date, the total number reported was distributed 

evenly among the subgroups. For example, there is no information on the number of dI6-A or dI6-

B neurons, only dI6 neurons as ~20/hemisegment (Kishore et al., 2020). This number was divided 

into two to determine the number of dI6-As and dI6-Bs. 

3.1.2.3 Muscle cells 

Fast muscle cells have the ability to fire an action potential (Luna et al., 2015). Therefore, 

fast muscle cells were mathematically modelled as Leaky Integrate and Fire models. Slow muscle 

cells that do not fire action potentials are modelled as Leaky Integrators.  The momentary tension 

of a muscle cell is calculated using the Boltzmann equation, where Tmax is the maximum tension, 

Ta is the current tension, Va is the voltage at Ta = 0.5 Tmax, Vm is the membrane potential, and ka is 

a slow factor (Dulhunty, 1992): 

𝑇𝑎 =
𝑇𝑚𝑎𝑥

1 +  𝑒(𝑉𝑎− 𝑉𝑚)/𝑘𝑎
  

Tmax values were initially set to one but were later tweaked based on test results. 

Table 8. Leaky Integrator parameters of the muscle cells.  

Cell Group Rheobase 

(pA) 

C (pF) ka 
* R† (GΩ) Tmax Va

* 

(mV) 

Vmax
* 

(mV) 

Vr 

(mV) 

Vreset 

(mV) 

Vt 

(mV) 

Muscle Fast AP 259.26 78 ± 2 [68-88] 6.2 0.108 ± 0.005 5 -13 30 -70 -70 -42 

Muscle Slow N/A 54 ± 3 [45-63] 6 0.12 ± 0.01 0.5 -24 30 -54 
  

*: derived from (Dulhunty, 1992) 

†: derived using the values from (Bose et al., 2019) and (Buss and Drapeau, 2000).  

 

Fast muscle cells were placed more medially, whereas slow muscle cells were on the lateral 

border of the musculoskeletal region (Devoto et al., 1996; Stellabotte and Devoto, 2007).
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Table 9. Spatial distribution of each cell pool in the generated model.  

The table does not include the rostrocaudal distribution, as it is assumed that all cell pools are uniformly distributed across the rostrocaudal axis of each somite. 

Cell Group # / Somite Medial Lateral 

Distribution 

Dorsal Ventral 

Distribution 

Main Resources 

dI6-A 10 Angular*: 0-80° Radius*: 20-80% (Kishore et al., 2020; Satou et al., 2020) 

dI6-B 10 Angular*: 0-80° Radius*: 20-80% 

Muscle Fast AP 20 Angular*: 45-135° Radius*: 40-60% (Devoto et al., 1996; Stellabotte and Devoto, 2007) 

Muscle Slow 40 Angular*: 10-160° Radius*: 95% 

pMN 4 Uniform: 40-50% Gaussian: 45 ± 5 (Asakawa et al., 2021; Eisen et al., 1990; Liu and 

Westerfield, 1988) 

sMN-m-type 20 Angular*: 90-180° Radius*: 30-50% (Asakawa et al., 2021; McLean et al., 2008; Svara et al., 

2018) sMN-ms-type 20 Angular*: 90-180° Radius*: 30-50% 

sMN-s-type 20 Angular*: 90-180° Radius*: 30-50% 

V0d 25 Uniform: 0-40% Gaussian: 24±0.9 (Picton et al., 2022; Satou et al., 2012) 

V0v-A 10 Uniform: 0-100% 55-70% (McLean et al., 2008, 2007; Satou et al., 2012) 

V0v-B 10 Uniform: 0-100% 55-70% 

V0v-D 10 Uniform: 0-100% 55-70% 

V1-Fast 10 Uniform: 0-100% 30-40% (Higashijima et al., 2004a; Sengupta et al., 2021) 

V1-Hybrid 10 Uniform: 0-100% 20-40% 

V1-Slow 10 Uniform: 0-100% 20-30% 

V2a-Type-I-DH 4 Uniform: 10-50% Bimodal: 2:50 ± 2:5; 30 ± 5 (Kimura et al., 2006; McLean et al., 2008; Menelaou et 

al., 2014; Menelaou and McLean, 2012; Song et al., 2018) V2a-Type-I-DL 4 Uniform: 30-80% Bimodal: 2:50 ± 2:5; 30 ± 5 

V2a-Type-I-DM 4 Uniform: 30-80% Bimodal: 2:50 ± 2:5; 30 ± 5 

V2a-Type-II-D 4 Uniform: 10-90% Bimodal: 2:50 ± 2:5; 30 ± 5 

V2a-VB 4 Uniform: 10-90% Gaussian: 55 ± 5 

V2b-Gly 10 Uniform: 10-90% Gaussian: 40 ± 10 (Callahan et al., 2019) 

V2b-Mixed 10 Uniform: 10-90% Gaussian: 45 ± 10 

*: Angular distribution and radii range together define the medial-lateral and dorsal-ventral distribution. Angles and radii are randomly generated independently. 
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3.1.2.4 Motoneurons 

Each hemisegment of larval zebrafish has 4-5 pMNs (Asakawa et al., 2021). These are 

middle primary (MiP), dorsal rostral primary (dRoP), ventral dorsal primary (vRoP), caudal 

primary (CaP), and variable primary (VaP) motoneurons based on their dorsal-ventral location and 

projection direction. These relatively larger MNs are distributed uniformly between 45-65% of the 

dorsoventral and 40-50% of the mediolateral axis of the spinal cord (Bello-Rojas et al., 2019; 

McLean et al., 2008; Svara et al., 2018).  

In terms of neuronal dynamics, CaP has a rheobase of 300 pA and displays a tonic firing 

pattern at 1.5x rheobase (Menelaou and McLean, 2012). In embryonic zebrafish, there are 

differences in the electrical properties of CaP and MiP. CaP has a higher maximum membrane 

potential after an action potential (Vmax) and a lower reset membrane potential (Vreset) (Moreno and 

Ribera, 2009). Despite the possible variability, due to a lack of information in the literature for the 

dynamics of other pMNs, a single pMN type was created in SiliFish for simplicity with a uniform 

dorsoventral distribution covering 45-65% of the spinal cord. The CaP dynamics properties were 

used as a reference, and the Izhikevich parameter fitting was done using GA. The minimum-to-

maximum ranges were captured from various experimental studies (Buss et al., 2003; Buss and 

Drapeau, 2001), and selected values are displayed in Table 5.  

There are multiple classifications of sMNs based on their projections (Bello-Rojas et al., 

2019; Menelaou and McLean, 2012). One study divides sMN into m-type (with medial projections 

to fast muscle cells), s-type (septal projections to slow muscle cells), and ms-type (both medial 

and septal projections to fast and slow muscle cells) (Bello-Rojas et al., 2019). S-type sMNs have 

lower thresholds and display burst firing. M-type sMNs have higher thresholds and display 

chattering firing. Another study classifies sMNs by the dorsoventral positions of their projections: 

dorsally projecting dS, ventrally projecting vS, and dvS covering a wider range (Menelaou and 

McLean, 2012). These sMNs have reported rheobase values of 35, 65, and 105 pA, respectively. 

The two classifications of sMNs were merged in the model. The sMN-m-type, s-type, and ms-type 

were created for the populations described by Bello-Rojas and colleagues (2019), which were also 

assumed to correspond to dvS, dS, and vS, respectively. 
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3.1.2.5 Interneurons 

There are many subgroups of interneurons defined in the literature. All the subgroups 

involved in swimming speeds are generated in my model (Figure 1). However, the information on 

all these subgroups in the literature is incomplete. Therefore, some approximations and educated 

guesses were made to create the initial swim circuit model before testing and tweaking the 

parameter values. 

dI6 Interneurons 

There are three types of dI6 neurons in larval zebrafish (Satou et al., 2020). The high 

threshold dI6-C neurons exist in one/hemisegment and are involved in escape behaviour (Satou et 

al., 2020). The dI6-As and dI6-Bs constitute the remaining neurons of the 24 ± 4 dI6s / 

hemisegment (Satou et al., 2020). Due to the small number of dI6-C’s and the lack of their 

involvement in regular swimming, only dI6-A and dI6-B were added to the model in equal 

numbers. 

V0d Interneurons 

V0ds can be glycinergic, GABAergic, or both (Lanuza et al., 2004). In adult zebrafish, 

different subgroups of V0ds are involved in slow, intermediate, and fast swimming (Picton et al., 

2022). As the speed-dependent separation is not present at larval stages yet (Picton et al., 2022), 

and no detailed studies are available on V0ds with different neurotransmitter profiles, only one 

group of V0d was added to the model for simplicity.  

Both dI6 and V0d neurons are part of CoBL neurons. Earlier studies that focused on CoBL 

neurons did not distinguish dI6 and V0ds, as the latter molecular classification had not occurred 

yet. The information reported was used as a source to generate both cell groups (Liao and Fetcho, 

2008; McLean et al., 2007; Svara et al., 2018). 

V0v Interneurons 

There are three subgroups of V0v neurons with different projection patterns: V0v-A 

(ascending), V0v-D (descending), and V0v-B (bifurcating) (Satou et al., 2012). V0v-D neurons 

are active during slow swimming but are inhibited during fast swimming (Kimura et al., 2006; 

Satou et al., 2012). Early-born V0vs have ascending projections, whereas late-born V0vs have 

descending or bifurcating projections (Satou et al., 2012). In adult stages, V0vs are also grouped 

into slow, intermediate, and fast based on their recruitment at different swimming speeds 
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(Björnfors and El Manira, 2016); however, this separation has not yet been shown for larval 

zebrafish. Despite the lack of slow-fast separation in the larval zebrafish, all three subgroups of 

V0vs were created to benefit from different projection patterns: V0v-A, V0v-B, and V0v-D. With 

the general theme of early-born neurons being more involved in escape behaviour or faster 

swimming speeds, the rheobase range reported for V0vs, in general, was distributed such that V0v-

As have the higher rheobase, and V0v-Ds have the lower rheobase. All V0v subgroups were placed 

within the same location, uniformly distributed across the medial-lateral axis, and had a 

dorsoventral distribution of 55-70% from the top. 

V1 interneurons 

In larval zebrafish, there are three subgroups of V1 neurons based on their recruitment at 

different swimming speeds: V1-Fast, V1-Hybrid, and V1-Slow (Kimura and Higashijima, 2019). 

In the literature, there is no information on the rheobase for these V1 neurons; however, the 

resistance of the V1 neurons increases going dorsally (McLean et al., 2007). Using the V2a 

rheobase values as a guide, V1-Fast, V1-Slow, and V1-Hybrid rheobase values were set to be in 

the range of 200, 5, and 50pA, respectively. As the rheobase values are inversely proportional to 

the resistance (Buss et al., 2003), the dorsoventral location was determined accordingly: V1-Fasts 

were placed more ventrally, V1-Slows were placed more dorsally, and V1-Hybrids across the 

range. 

V2a Interneurons 

Among the interneuron populations involved in larval zebrafish swimming speeds, V2as 

are the ones that are most studied, and all the available information was tried to be incorporated 

into the model to the best of my ability. V2as are shown to be necessary and sufficient for 

swimming in larval zebrafish (Eklöf-Ljunggren et al., 2012; Eklöf Ljunggren et al., 2014). 

Ventrally and dorsally located V2as are involved in slow and fast swimming, respectively (Kimura 

et al., 2006; Kimura and Higashijima, 2019). Dorsal V2as can further be divided into Type I and 

Type II V2as based on their roles and firing patterns (Menelaou and McLean, 2019). Type I V2as 

have a rheobase range of 2-200 pA, and high-order connections to other V2as and MNs and are 

involved in tail beat frequency (Menelaou and McLean, 2019). Type II V2as have a rheobase range 

of 60-600 pA, a conduction velocity of 0.5m/s, and last-order connections to MNs and are involved 

in tail beat amplitude (Menelaou and McLean, 2019).  
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Ventral V2as can also be divided into multiple subgroups based on their neuronal dynamics 

(McLean 2023, personal communication); however, as there is no published study to date with 

solid findings, only one type of cell group was created for ventral V2as: V2a-VB. As Type I V2a 

has a wide rheobase range (Menelaou and McLean, 2019), three subpopulations were generated 

with low, medium, and high rheobase: V2a-Type I DL, V2a-Type-I-DM, and V2a-Type-I-DH. 

Displaced V2as are also more dorsal than the rest and have more projections to larger pMNs (Svara 

et al., 2018). Assuming the V2as with the highest rheobase would be involved with the highest 

swimming speeds, V2a-Type-I-DH was considered to represent this displaced population. The 

spatial distribution of the rest of the V2as was derived from multiple studies (Kimura et al., 2006; 

McLean et al., 2008). There is no information to justify having different spatial distributions for 

the other V2a subgroups, so they were assigned the same spatial distribution.  

Strictly by their projection patterns, V2as can also be divided into descending (V2a-D) and 

bifurcating (V2a-B) (Menelaou et al., 2014). Dorsal V2a-Ds have longer descending axons than 

the ventral V2a-Ds. Rather than creating subtypes for these two groups (D and B), this variability 

was embedded within the current classification. The V2as involved in slow swimming have 

descending projections only, whereas V2as involved in fast swimming have bifurcating 

projections (Björnfors et al., 2019). Therefore, V2a-Type-I-DL & DM were defined to have 

descending projections, and V2a-Type-I-DH, V2a-Type-II, and V2a-VB have both ascending and 

descending. 

V2b Interneurons 

V2as and V2bs are differentiated from the same progenitor domains, and each group has a 

similar number at each somite (Fetcho and Mclean, 2010). Half of V2bs release glycine only and 

are slightly located more dorsally (Callahan et al., 2019). The rest of the V2bs release both glycine 

and GABA. V2b-Gly and V2b-Mixed were created in the model to represent these two groups. 

Both subgroups are involved in speed control: V2b-Mixed during slow swimming and V2b-Gly 

during fast swimming (Callahan et al., 2019).  

3.1.3 Projections, Gap Junctions, and Chemical Synapses 

The experimental findings reported in the literature were used as the primary source when 

populating the projections and junctions between cells. The information reported generally fell 

into these categories: axon lengths and widths, junction type (electrical versus chemical), 
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conduction velocity, probability of connectivity, weight (conductance) of the junctions, and 

location of junction (soma versus dendrites). As cells are implemented as point neurons, axon size 

information or connection placements were not used. The lengths of the axons were implicitly 

implemented by the cell pool’s ascending and descending axon length parameters without creating 

any structures for the axons. 

3.1.3.1 Distance Calculations between Cells 

There are two modes of distance calculation used in the generated model. Euclidean is the 

shortest distance between the two points, and Manhattan is the sum of the distances in all three 

coordinates. For contralateral projections and neurons with circumferential projections, Manhattan 

distance was used as a close estimate. For all others, Euclidean distance was used. 

3.1.3.2 Synaptic Threshold Membrane Potential 

The chemical synapse definition includes a threshold membrane potential to determine 

when the presynaptic neuron activity will impact the post-synaptic cell. At time t, the relevant time 

point t’ is calculated using the pre-synaptic and post-synaptic cell coordinates and the pre-synaptic 

cell’s conduction velocity. If the pre-synaptic cell’s membrane potential at t’ point is greater than 

this defined threshold, the synaptic transmission would take place, and the input current to the 

post-synaptic cell at t is calculated. The average of the pre-synaptic neuron's spiking threshold and 

maximum membrane potential was used to determine the synaptic threshold potential. 

3.1.3.3 Synaptic Weights 

When two cells project to each other, many factors may impact the conductance of the 

synapse or the gap junction in between. Creating the cell populations and their projections define 

the model only partially. The strength of those projections is crucial to how the model will behave. 

The literature provides only limited information on synaptic weights. To the best of my knowledge, 

the only information available related to larval zebrafish spinal circuits are some of the synaptic 

weights originating from V2bs (Callahan et al., 2019; Sengupta and Bagnall, 2022) or V1s 

(Sengupta et al., 2021). 

The synaptic weights from V2bs to MNs are reported in the range of 97-174 pS (Callahan 

et al., 2019) or 0.5-2 nS (Sengupta and Bagnall, 2022). The synaptic weights from V1s to MNs are 

reported in the range of 0.2-2.1 nS (Sengupta et al., 2021). These synapses constitute only a small 

portion of the synapses that will be modelled in the speed circuits. The biological range of the 
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synaptic conductance values is reported as 0.6-1.5 nS for young tadpoles (Hull et al., 2016). So, 

the conductance values reported above between 0.1-2.1 nS can be a good candidate for the range 

of synaptic weights originating from spinal cord interneurons of the larval zebrafish. It is also 

known that conductance increases as the capacitance increases (Buss et al., 2003). Using this 

information and doing some basic algebra, initial synaptic weights were assigned to the outgoing 

chemical synapses of the neurons in the model proportional to the normalized capacitance values 

in Table 7. Being aware that this estimation is very broad, they were tweaked more generously 

than the actual values reported in the literature during the testing of the model.  

Across development, zebrafish reliance on gap junctions slowly switches to chemical 

synapses instead (Drapeau et al., 2002; Knogler et al., 2014). Considering the developmental 

switch from gap junctions to chemical synapses, the fact that large gap junctions have a huge 

impact on the resting membrane potentials of the neighbouring cells, the lack of distinction in our 

model of soma-to-soma versus dendrite-to-axon gap junctions, which might change the strength 

of the gap junctions defined, the weights of gap junctions are kept small.   

3.1.3.4 Conduction Velocity 

As realistic dimensions of the larval spinal cord are used, the selection of conduction 

velocities will make a difference in the rostrocaudal delay of propagating contractile waves down 

the fish's body from head to tail. 

Only a handful of conduction velocity information is provided in the literature for different 

neuronal groups. Type I and Type II V2a neurons have 0.2 and 0.5 m/s conduction velocities, 

respectively (Menelaou and McLean, 2019). Another computation study uses different conduction 

velocities for excitatory and inhibitory neurons for lampreys (Kozlov et al., 2014). A recent study 

states that the conduction velocity of V3 neurons (0.19 ± 0.07 m/s) is twice the velocity of dorsal 

oscillatory populations; however, there is no information on the identity of these dorsal populations 

(Böhm et al., 2022).  

We can estimate the conduction velocity from the reported soma surface area, assuming 

that axonal width will be proportional to the soma size. A regression analysis using the V2a 

conduction velocities and soma sizes generated a formulation of CV = 0.013 * Size – 0.04, and an 

estimated conduction velocity was assigned to each cell group (Table 10). 
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Table 10. The conduction velocities of different cell groups are calculated by their average size. 

Cell Group Area Min 

(µm2) 

Area Max 

(µm2) 

Avg Size 

(µm2) 

Calculated CV 

(m/s) 

dI6 35 50 42.5 0.51 

pMN 201 530 365.5 4.71 

sMN-m type 66 299 182.5 2.33 

sMN-ms type 79 216 147.5 1.88 

sMN-s type 55 145 100 1.26 

V0d 35 50 42.5 0.51 

V0v 66.1 102.3 84.2 1.05 

V0v slow 46.4 67.6 57 0.70 

V0v 25 60 42.5 0.51 

V1 25 45 35 0.42 

V2a Type I 19 31 19 0.21 

V2a Type II 28 42 42 0.50 

V2a-VB 46.4 67.6 57 0.70 

 

3.1.3.5 Synaptic Delays 

There is also a synaptic delay in synaptic transmissions that will delay the action potential 

firing in the postsynaptic neuron (Wen and Brehm, 2005). All the synapses, including gap 

junctions, have a delay field within their definition in SiliFish. For pMN and sMN, synaptic delays 

of 0.69 and 1.43 were used, respectively (Wen et al., 2020). The synaptic delays of V1 to V0 

projections are reported as 0.46±0.1, 0.63±0.08, 0.91±0.07 (Higashijima et al., 2004a). These 

numbers were used for synaptic delays from V1-Fast, V1-Hybrid, and V1-Slow to every 

commissural neuron. For all other chemical synapses, the default value of 0.5 ms was used 

(Uemura et al., 2020). 

3.1.3.6 Generating Projections 

Muscle Cells 

During embryonic stages, slow muscle cells are connected to other slow muscle cells and 

fast muscle cells to other fast muscle cells by gap junctions. (Drapeau et al., 2002). The gap 

junctions between fast muscle cells reduce in number and become weaker from day 1 to day 3 

(Drapeau et al., 2002; Luna and Brehm, 2006). During larval stages, there are gap junctions 

between slow muscle cells between and within somites (Luna and Brehm, 2006). Therefore, gap 
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junctions were created only between slow muscle cells with 0.6 probability, using the coupling 

coefficients in Luna & Brehm (2006). 

MN Projections  

A topographic innervation pattern is observed between MNs and muscle cells (Bello-Rojas 

et al., 2019; Menelaou and McLean, 2012). The pMNs project to fast muscle cells in a quadrant-

dependent manner. Similarly, the gap junctions between pMNs within the dorsal or ventral 

quadrants of the spinal cord are twice as strong as the gap junctions between the dorsal and ventral 

(Bagnall and McLean, 2014). There are only 4-5 pMNs in a single somite (Bello-Rojas et al., 2019; 

Menelaou and McLean, 2012), so this quadrant-dependent connectivity may refer to the 

neighbouring somite. To mimic this constraint, pMNs are defined to have a single gap junction to 

a pMN in the neighbouring somite.  

Muscle cells receive one input from pMNs and 1-3 inputs from sMNs (Wen et al., 2020; 

Westerfield et al., 1986). To represent this constraint, the maximum number of input projections 

to muscle cells was set to one from pMNs and two from sMNs. 

Based on their muscle cell innervations found in the literature, projections from sMN-m-

type to fast muscle cells, from sMN-s-type to slow muscle cells, and from sMN-ms-type to both 

fast and slow muscle cells were defined (Bello-Rojas et al., 2019). For sMNs, the gap junctions 

were limited to within and neighbouring somites ipsilaterally and within the same sMN groups. 

Using the values reported in the literature, the decay tau values of the NMJs were set to 

0.75 and 3 ms, and tau rise values were set to 0.25 and 0.33 for fast and slow muscle cells, 

respectively (Luna and Brehm, 2006). 

There are also predictions that fast-type MNs inhibit slow circuits by activation inhibitory 

V1 neurons (Bello-Rojas et al., 2019); however, this prediction was not included in the current 

model. 

V2a Projections 

There are gap, synaptic, and slow junctions between different types of V2as (Menelaou 

and McLean, 2019). Slow junctions are assumed to be indirect electrical junctions. As the other 

multi-synaptic connections supposedly represent those junctions, they were not explicitly 

implemented in the model.  
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The probabilities of gap junctions and chemical synapses were derived using the 

information reported in the literature. The electrical connections between the dorsal V2as (Type I 

and Type II) are stronger among the same groups (Menelaou and McLean, 2019). A higher weight 

of 0.001 for gap junctions within Type I V2as (V2a DH/DM/DL), Type II V2as, and ventral V2as 

(V2a-VB), and a lower weight of 0.0005 in between. 

During the embryonic stages, gap junctions exist between V2as and MNs (Kimura et al., 

2006). The probability is 1/3 for dorsal V2as to sMNs, and ventral V2a to MN junctions are mostly 

electrical (Kimura et al., 2006). In larval zebrafish, a study claims no or little synaptic connections 

exist between dorsal V2as and pMNs (Bhatt et al., 2007). On the other hand, other studies are 

contradicting the previous statement (Menelaou and McLean, 2019) 

Menelaou and McLean (Menelaou and McLean, 2019) provided the probability of 

projections between dorsal V2as and other dorsal V2as, pMNs, and V0ds, as well as their nature 

of connection (Table 11). The information reported in this study was merged to determine the 

probabilities of the outgoing V2a projections. For example, the projection probability from V2a 

Type I and V2a Type II was reported as 7/13 (~ 0.538). Type I to Type II junctions are descending: 

45% glutamatergic, 45% mixed,  and 10% slow (Menelaou and McLean, 2019). Mixed junctions 

have both gap junctions and chemical synapses. Combining these two pieces of information, 

0.9*0.538 = 0.484 and 0.45*0.538 = 0.242 were used for synaptic and gap junction probabilities, 

respectively. 

Table 11. Dorsal V2a outgoing projection types and probabilities. * 

The values in parentheses represent the probability of any type of projection. 

 V2a Type I V2a Type II V0d pMN 

V2a Type I (12/12) 

80% gap, 

rest mixed 

(7/13) 

~45% glutamatergic, 

~45% mixed,  

~10% slow 

Descending 

(11/11) 

~25% glutamatergic, 

~20% mixed,  

~55% gap 

(38/38) 

~80% 

glutamatergic, 

~20% mixed 

V2a Type II (5/14) 

35% 

glutamatergic, 

50% slow 

Descending 

(2/15) 

Mostly slow 

Descending 

(10/17) 

~40% slow, 

~25%mixed,  

~35% gap 

(40/71) 

~50% mixed,  

~40% slow,  

~10% electrical 

*: Derived by using the information from (Menelaou and McLean, 2019) 
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When creating projections in between Type I V2as, for simplicity, only connections within 

the Type I V2as with similar rheobase were created: V2a-Type-I-DL to V2a-Type-I-DL, V2a-

Type-I-DM to V2a-Type-I-DM, and V2a-Type-I-DH to V2a-Type-I-DH. The projections to pMNs 

were assumed to be from V2a-Type-I-DH. When generating projections between Type I and Type 

II V2as, as V2a-Type-I-DLs have very low rheobase, no projection was created between them.  

In the same study, the peak EPSP amplitudes between V2a-Type-I to V2a-Type-I is two 

mV, V2a-Type-I to V2a-Type-II is five mV, and V2a-Type-II to V2a-Type-I is one mV (Menelaou 

and McLean, 2019). These values were used to normalize the synaptic weights of these junctions 

and start with 0.4, 1, and 0.2 nS. 

Svara and colleagues (2018) also provide more information on V2a to MN projections 

based on the MN size. Displaced V2as make projections only to the largest of MNs and provide 

the majority of input to these MNs. Other dorsal V2as project mostly to large MNs but also to 

medium MNs. Ventral V2as project to both large and medium MNs based on proximity (Svara et 

al., 2018). Dorsal V2as have connections to all MNs (primary and secondary) (Menelaou et al., 

2014).  

The probabilities from V2as to sMNs were determined using the information in these 

studies, as shown in Table 12. 

Table 12. The V2a to sMN gap junction and chemical synapse directions and probabilities used in the model*. 

Source Target Junction Type Axon Projection 

Pattern 

Direction Probability 

V2a-Type-I-DL All sMNs Synapse Ipsilateral Descending 0.9 

V2a-Type-I-DM All sMNs Synapse Ipsilateral Descending 0.9 

V2a-VB All sMNs Synapse Ipsilateral Bifurcating 1 

V2a-Type-I-DL All sMNs Gap Ipsilateral Descending 0.6 

V2a-Type-I-DM All sMNs Gap Ipsilateral Descending 0.6 

V2a-VB All sMNs Gap Ipsilateral Descending 0.2 

*: Derived from (Svara et al., 2018) 

To the best of my knowledge, the excitatory inputs to V0vs have not been studied. The 

V2as and V0vs are the only excitatory pools in the current model, so projections from V2as to 

V0vs were generated. As V0v-Ds are more involved in slow swimming, they received projections 

from V2a-VB and V2a-Type-I-DL subgroups. The other V0v populations received input from 

V2a-Type-I-DH and V2a-Type-I-DM subgroups. 
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dI6s and V1s are shown to be active during slow swimming (Kimura and Higashijima, 

2019; Satou et al., 2020), but experimental evidence of their excitatory input is lacking. 

Descending projections and synaptic connections from low rheobase dorsal V2a and ventral V2a 

pools to every dI6 pool were created with 0.3 probability. 

As explained above, the V1s are divided into three subgroups based on their recruitment 

patterns at different swimming speeds. Assuming they receive input from the V2as, projections 

from more dorsal V2as to V1-Fast, ventral V2as to V1-Slow, and V2as to V1-Hybrid were created. 

Despite a surge in the studies on V2bs in recent years (Andrzejczuk et al., 2018; Callahan 

et al., 2019; Sengupta et al., 2021; Sengupta and Bagnall, 2022), the excitatory inputs driving their 

activity is not known. It is hypothesized that Type II V2as provide input to V2b neurons (Sengupta 

and Bagnall, 2022). However, as Type II V2as are more involved in the tail beat amplitude, I 

decided to generate Type I V2as to V2bs. Specifically, from V2a-Type-I-DH/DM to V2b-Gly, 

which are both active in fast swimming, and from V2a-Type-I-DL/DM to V2b-Mixed.  

V2b Projections 

Two main references were used for the V2b projections (Callahan et al., 2019; Sengupta 

and Bagnall, 2022). As some of the information did not separate the subgroups of V2bs, how V2b-

Mixeds and V2b-Glys were differentially involved in speed circuits was considered when 

generating the projections. 

Fast MN inhibition is mostly done by V2b-Glys, whereas slow MN inhibition is by V2b-

Mixeds (Callahan et al., 2019). Descending projections of five somites were created from V2b-

Gly to pMN and sMN-m-type MN, with 1.5 nS (midpoint of 1-2 nS range) and 0.75 nS (midpoint 

of 0.5-1 nS range) conductance weights, respectively (Sengupta and Bagnall, 2022) (Table 13). 

Similarly, descending projections of three somites were created from V2b-Mixed to sMN-ms-type 

and sMN-s-type MNs, with 0.75 nS conductance weights. 

Table 13. Projection lengths and conductance values of V2b descending projections.* 
 

V2b-Gly V2b-Mixed V1 dI6 V0 V2a MN pMN sMN 

V2b-Gly One 

somite 

 

Three 

somites 

0.3-0.5 nS 

 

Current 

somite 

Seven 

somites 

0.5-0.8 nS 

Five 

somites 
1-2 nS 0.5-1 nS 

V2b-Mixed 
 

One somite Current 

somite 

Three 

somites 

*: Derived from (Sengupta and Bagnall, 2022) 

V2b-Gly was projected to V1-Fast, and V2b-Mixed was projected to V1-Hybrid and V1-

Slow, with descending projections of three somites and 0.4 nS conductance values (Sengupta and 
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Bagnall, 2022) (Table 13). Similarly, descending projections of seven somites from V2b-Gly to 

V2a-Type-I-DM/DH and V2a-Type-II-D, and V2b-Mixed to V2a-Type-I-DL and V2a-VB were 

generated with 0.65 nS conductance values. 

For the rest of the V2b outgoing projections, the conductance value of 0.139 nS was used 

(Callahan et al., 2019). V2b-Mixed was projected to dI6-A, dI6-B, and V0v-D, and V2b-Gly was 

projected to V0d, V0v-A, and V0v-B within the current somite only. 

dI6 Projections 

dI6s are involved in contralateral inhibition and have ipsilateral projections to V2as (Satou 

et al., 2020). Both dI6-A and dI6-B have ascending and descending projections with different 

lengths (Satou et al., 2020). Other than their projection lengths, as there is no separation of dI6-A 

and dI6-B in the literature regarding other aspects of their projections, like conductance values of 

target cell populations, the same type of projections were generated for both.  

Relying on the probabilities listed in a study by Satou and colleagues (2020), projections 

from dI6 to V2as, pMNs, sMNs, V1s, and other dI6s were defined. 

V0v Projections 

V0vs have projections and gap junctions to ventrally located sMNs (McLean et al., 2008). 

V0vs are involved in tail beat amplitude rather than rhythm generation (Jay and McLean, 2019). 

There is no literature that shows V0v projections to other INs; therefore, their projections were 

limited to MNs only. The weights were tweaked so that if there is only a left stimulus, the activation 

of the right side is less than the left. Ascending projection lengths of V0v-As and V0v-Bs were set 

to 14±7 and 5±5 somites, respectively (Satou et al., 2012). Descending projection lengths of V0v-

Ds and V0v-Bs were set to 15±4 and 5±5 somites, respectively (Satou et al., 2012). 

V0d Projections 

V0d neurons have mostly contralateral and some ipsilateral projections (Satou et al., 2012).  

V0ds are inhibitory and more active during fast swimming, so their projections were 

limited to sMNs rather than pMNs. V0d to V1 projections were also limited to V1-Slow only, 

which inhibits slow circuits for rhythm regulation (Wilson and Sweeney, 2023).  

Using the axon lengths and probabilities reported in the literature, projections from V0ds 

to MNs, V2as, and V1s were defined with 3 ± 0.58 somites ascending and 2.7 ± 0.33 descending 
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lengths (Satou et al., 2020). V0d projects to both large and medium size MNs, so the projections 

to MNs included both pMNs and sMNs (Svara et al., 2018). 

V1 Projections 

V1s have stronger and longer ascending and shorter, weaker descending projections. 

(Higashijima et al., 2004a). Fast-type V1s are proposed to inhibit slow swimming circuits by 

shutting them down and inhibit fast swimming circuits for frequency regulation (Kimura and 

Higashijima, 2019). A similar inhibition between slow V1s and slow swimming circuits exists but 

is weaker (Kimura and Higashijima, 2019).  

V1s provide inhibitory projections to MNs (Fidelin and Wyart, 2014). Slow MNs are 

inhibited by V1s during fast swimming (Bello-Rojas et al., 2019; Kimura and Higashijima, 2019). 

V1s have only ascending projections MNs (Sengupta et al., 2021). Considering the different 

recruitment of V1 subgroups at different speed circuits and their proposed roles, projections from 

V1-Fast to all MNs, from V1-Hybrid to all sMNs, and from V1-Slow to sMN-ms-type and sMN-

s-type were created. The projection lengths to pMNs and sMNs were set as 2 and 3 somites, 

respectively (Sengupta et al., 2021). The conductance value of V1 to pMN is reported as 1.1-1.2 

nS range (Sengupta et al., 2021). For projections to pMNs, 1.15 nS was used. V1 to sMN 

conductance value is reported as 0.3-0.6 nS range (Sengupta et al., 2021). This range was split 

equally into projections from different V1s: V1-Slow outgoing conductance was set to 0.3, V1-

Hybrid was set to 0.45, and V1-Fast was set to 0.6 nS. 

Both ascending and descending projections were created from V1s to V2as (Sengupta et 

al., 2021). These projections had three and two somite extensions, respectively (Sengupta et al., 

2021). The V1 ascending projections are much weaker than their descending projections 

(Higashijima et al., 2004a; Sengupta et al., 2021). To implement this difference, ascending 

projections were assigned 1/5th of their descending counterparts unless there is literature stating 

otherwise. The average of the reported 0.5-1 nS conductance value was used for the descending 

projections (Sengupta et al., 2021). 

There are inhibitory projections from V1s to V2bs (Callahan et al., 2019). These 

projections are ascending only, reaching up to 3 somites, with 0.2-0.4 nS conductance (Sengupta 

et al., 2021).  
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Sengupta and colleagues give information from V1s to commissural premotor neurons 

(CoPr) as a whole (2021). These CoPr neurons can include dI6s, V0vs, and V0ds. The reported 

conductance range of 0.9-2.1 nS and the projection length of three segments were used for all three 

cell populations. As the only exception, considering V0d is more involved in fast swimming, V1-

Slow to V0d projection was not created. 

V1 to V1 projections exist only within the current segment (Sengupta et al., 2021). As there 

is no other information about their conductance values, an average value based on V1s other 

outgoing projections was used. 

3.2 Simulation 

After the model is created with the cell pools defined by the previous steps, the model can 

be tested by simulation. The simulation will test the system to observe how the intrinsic properties 

of the cells or the external stimuli can cause a chain reaction that ends up with swimming 

behaviour. The system is initialized such that every cell is at its resting membrane potential with 

zero incoming current. The simulation consists of iterating individual time points starting from 

zero with δt increments, and every cell’s state is calculated using the incoming projections and 

applied stimuli. 

3.2.1 Calculation of the incoming/outgoing currents 

A cell’s change in membrane potential depends on the current that passes through its ionic 

channels or gap junctions. In the case of a gap junction, the current is directly calculated by the 

membrane potential differences of the two cells. In the case of a chemical synapse, the current is 

calculated by the chemical synapse formulation, as explained in Chemical Synapses. At every time 

point of the simulation, the currents of all incoming synapses are summed up to be used in the 

change in the membrane potential calculation. 

3.2.2 Calculation of membrane potentials  

The membrane potential change depends on the amount and direction of the incoming 

current calculated, as explained above, and the cell's intrinsic properties, which are mathematically 

formalized as in Mathematical Models. At every time point t, the updated membrane potential 

values for every cell of the model are calculated to determine the new state of the model. The loop 

continues till the end of the simulation. 
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3.3 Full Model vs. Reduced Model 

The first full model created comprised 30 somites and included the number of cells per 

somite reported in the literature for cell populations with available data. It contained 16K cells, 

>4M projections, and took close to two hours to run a 300 ms simulation. However, this level of 

complexity was hard to troubleshoot and tweak due in part to being memory intensive.  

The model was simplified while maintaining relevant biological behaviour—the first 

simplification involved lowering the number of somites. However, axon lengths or projection 

limits are given in terms of somites. Therefore, the projection lengths were divided by three when 

the model was set to have ten somites instead of 30. The randomizations of the axon lengths were 

removed to enable troubleshooting easily. The number of cells per somite and the axon lengths of 

each cell group in the full model and the reduced model are displayed in Table 14. 

Another method of simplification is to turn off/deactivate certain cell populations, for 

example, neurons involved in fast swimming, while testing the slow swimming circuits. However, 

some neurons can impact the whole system despite not firing an action potential due to gap 

junctions and different cell pools having different resting membrane potentials. Therefore, all of 

the cell pools and connections were always kept active. They were deactivated to replicate ablation 

studies only. Different stimuli to different cellular groups were used to trigger slow and fast 

networks rather than turning off a specific network. 

The most impactful simplification in reducing simulation time involved reducing the 

number of cells. For each somite, the number of cells per cell pool per somite was set to one rather 

than the actual number. The single cell thus represented all of the cells belonging to a particular 

group in that somite. This simplification alone reduced the number of cells from 16K to 1.3K and 

the number of projections from 4M to 83K. (Table 14). The additional simplification of using ten 

somites rather than 30 reduced these numbers further at least by 1/3. 

Assigning to each cell the role of representing every cell of the same group within a somite, 

some other adjustments had to be made. In the full model, projections had probabilities. However, 

using these probabilities creates issues when a single cell represents multiple cells. In reality, the 

probability of not having any connection from a cell group in one somite to another cell group in 

another somite would be slim. However, with one cell at each somite, this became an issue. 
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Therefore, in the reduced model, all probabilities were set to one. The probabilities in the full 

model are listed in Table 15 and Table 16. 

Table 14. The number of cells per somite and their length of axonal branches in the Full and Reduced models. 

In the reduced model, the uniform distributions (expressed as min-max) or normal distributions expressed (µ±SD) are 

replaced by their mean values. A single cell represents the whole population. 

  Full Model Reduced Model 

CellGroup Num/Somite Descending Axon Ascending Axon Num/Somite Descending Axon Ascending Axon 

dI6-A 10* 2.3 ± 0.46† 4.6 ± 0.64† 1 0.77 1.53 

dI6-B 10* 2 ± 0.66† 6.5 ± 0.66† 1 0.67 2.17 

Muscle Fast AP 20     1     

Muscle Slow 40 1 1 1 0.33 0.33 

pMN 4†† 1 1 1 0.33 0.33 

sMN-ms-type 20†† 2 2 1 0.67 0.67 

sMN-m-type 20†† 2 2 1 0.67 0.67 

sMN-s-type 20†† 1 1 1 0.33 0.33 

V0d 25§,¶ 2.7 ± 0.33† 3 ± 0.58† 1 0.9 1 

V0v-A 10§   13 ± 2§ 1   4.67 

V0v-B 10§ 1-9§ 1-9§ 1 1.67 1.67 

V0v-D 10§ 11-21§   1 5   

V1-Fast 10 7 ± 2|| 10 ± 2|| 1 2.33 3.33 

V1-Hybrid 10 7 ± 2|| 10 ± 2|| 1 2.33 3.33 

V1-Slow 10 7 ± 2|| 10 ± 2|| 1 2.33 3.33 

V2a Dis Type I DH 4 10-20# 2-6#  1 5 1.33  

V2a-Type-I-DL 4 10-20# 2-6#  1 5 1.33 

V2a-Type-I-DM 4 10-20# 2-6#  1 5 1.33 

V2a-Type-II-D 4 10-20# 2-6#  1 5 1.33 

V2a-VB 4 10-20# 2-6#  1 5 1.33 

V2b-Gly 10 6.2 ± 2.7**   1 3   

V2b-Mixed 10 6.2 ± 2.7** 
 

1 3   

*: (Kishore et al., 2020); †: (Satou et al., 2020); ††: (Asakawa et al., 2021); ¶: (Berg et al., 2023) 

§: (Satou et al., 2012) ; ||: (Sengupta et al., 2021); #: (Menelaou et al., 2014); **: (Callahan et al., 2019) 

  



 

65 

 

Table 15. Chemical synaptic probabilities in the full model.  

Source Target Axon 

Projection 

Pattern 

Direction Full 

Model 

Prob. 

Source 

All dI6 All dI6 Contralateral Bifurcating 0.286 (Satou et al., 2020) 

All dI6 All MNs Contralateral Bifurcating 0.75 (Satou et al., 2020) 

All dI6 All V1s Contralateral Bifurcating 0.5 (Satou et al., 2020) 

All dI6 All V2as Contralateral Bifurcating 0.4 (Satou et al., 2020) 

sMN-ms-type All V1s Ipsilateral Bifurcating 0.5  

sMN-m-type All V1s Ipsilateral Bifurcating 0.5  

Type I V2as V0v-A Ipsilateral Descending 0.8 (Menelaou et al., 2014) 

Type I V2as V0v-B Ipsilateral Descending 0.8 (Menelaou et al., 2014) 

Type I V2as V2b-Gly Ipsilateral Descending 0.25  

V0d All MNs Contralateral Bifurcating 0.538 (Satou et al., 2020) 

V0d All V2as Contralateral Bifurcating 0.75 (Satou et al., 2020) 

V0d V0d Contralateral Bifurcating 0.294 (Satou et al., 2020) 

V0v-A pMN Contralateral Ascending 0.3  

V0v-A sMN-ms-type Contralateral Ascending 0.3  

V0v-A V2a Dis Type I 

DH 

Contralateral Ascending 0.4  

V0v-A V2a-Type-I-DM Contralateral Ascending 0.4  

V0v-B sMN-ms-type Contralateral Bifurcating 0.3  

V0v-B sMN-s-type Contralateral Bifurcating 0.3  

V0v-B Type I V2as Contralateral Bifurcating 0.45  

V0v-D sMN-s-type Contralateral Descending 0.3  

V0v-D V2a-Type-II-D Contralateral Descending 0.25  

V0v-D V2a-VB Contralateral Descending 0.25  

V2a Dis Type I DH pMN Ipsilateral Descending 1 (Menelaou and McLean, 2019) 

V2a Dis Type I DH V2a Dis Type I 

DH 

Ipsilateral Descending 0.2 (Menelaou and McLean, 2019) 

V2a Dis Type I DH V2a Type II Ipsilateral Descending 0.48 (Menelaou and McLean, 2019) 

V2a Type I V0d Ipsilateral Descending 0.45 (Menelaou and McLean, 2019) 

V2a-Type-I-DL All sMNs Ipsilateral Descending 0.9  

V2a-Type-I-DL dI6-A Ipsilateral Descending 0.3 (Menelaou et al., 2014) 

V2a-Type-I-DL dI6-B Ipsilateral Descending 0.3 (Menelaou et al., 2014) 

V2a-Type-I-DL V0v-D Ipsilateral Descending 0.8 (Menelaou et al., 2014) 

V2a-Type-I-DL V2a-Type-I-DL Ipsilateral Descending 0.2 (Menelaou and McLean, 2019) 

V2a-Type-I-DL V2a Type II Ipsilateral Descending 0.48 (Menelaou and McLean, 2019) 

V2a-Type-I-DM All sMNs Ipsilateral Descending 0.9  

V2a-Type-I-DM V2a-Type-I-DM Ipsilateral Descending 0.2 (Menelaou and McLean, 2019) 

V2a-Type-I-DM V2a Type II Ipsilateral Descending 0.48 (Menelaou and McLean, 2019) 

V2a Type II pMN Ipsilateral Descending 0.5 (Svara et al., 2018) 

V2a Type II V2a Type I Ipsilateral Descending 0.12 (Menelaou and McLean, 2019) 

V2a-Type-II-D V0d Ipsilateral Descending 0.14 (Menelaou and McLean, 2019) 

V2a-Type-II-D V2b-Mixed Ipsilateral Descending 0.75  

V2a-VB All dI6s Ipsilateral Descending 0.3 (Menelaou et al., 2014) 

V2a-VB All sMNs Ipsilateral Bifurcating 1  

V2a-VB V0d Ipsilateral Descending 0.6  

V2a-VB V0v-D Ipsilateral Descending 0.5 (Menelaou et al., 2014) 

V2a-VB V2a-VB Ipsilateral Bifurcating 0.7  

V2a-VB V2b-Mixed Ipsilateral Descending 0.75  

V2b-Gly V2b-Gly Ipsilateral Descending 0.80  

V2b-Mixed V2b-Mixed Ipsilateral Descending 0.80  

 

 



 

66 

 

Another adjustment was made to the synaptic weights with the lower number of cells and 

projection probabilities of one. The synaptic weights were normalized to represent the whole cell 

population with a single outgoing projection by multiplying the number of cells it is representing 

and the original probability values. 

Table 16. Gap junction probabilities in the full model. 

Source Target Axon Projection Pattern Probability Main Resource 

Muscle Slow Muscle Slow Ipsilateral Bifurcating 0.6 (Luna and Brehm, 2006) 

V0v-A sMN-ms-type Contralateral Ascending 0.3  

V0v-B sMN-ms-type Contralateral Bifurcating 0.3  

V0v-B sMN-s-type Contralateral Bifurcating 0.3  

V0v-D sMN-s-type Contralateral Descending 0.3  

V2a Dis Type I DH pMN Ipsilateral Descending 0.2  

V2a Dis Type I DH V2a Dis Type I DH Ipsilateral Descending 1 (Menelaou and McLean, 2019) 

V2a Dis Type I DH V2a Type II Ipsilateral Descending 0.24 (Menelaou and McLean, 2019) 

V2a Type I V0d Ipsilateral Descending 0.75 (Menelaou and McLean, 2019) 

V2a-Type-I-DL All sMNs Ipsilateral Descending 0.6  

V2a-Type-I-DL V2a-Type-I-DL Ipsilateral Descending 1 (Menelaou and McLean, 2019) 

V2a-Type-I-DL V2a-Type-II-D Ipsilateral Descending 0.24 (Menelaou and McLean, 2019) 

V2a-Type-I-DL V2a-VB Ipsilateral Descending 0.7  

V2a-Type-I-DM All sMNs Ipsilateral Descending 0.6  

V2a-Type-I-DM V2a-Type-I-DM Ipsilateral Descending 1 (Menelaou and McLean, 2019) 

V2a-Type-I-DM V2a-Type-II-D Ipsilateral Descending 0.24 (Menelaou and McLean, 2019) 

V2a-Type-I-DM V2a-VB Ipsilateral Descending 0.7  

V2a Type II pMN Ipsilateral Descending 0.6 (Svara et al., 2018) 

V2a Type II V0d Ipsilateral Descending 0.35 (Menelaou and McLean, 2019) 

V2a-Type-II-D V2a-Type-II-D Ipsilateral Descending 0.001 (Menelaou and McLean, 2019) 

V2a-Type-II-D V2a-VB Ipsilateral Descending 0.7  

V2a-VB All sMNs Ipsilateral Descending 0.2  

V2a-VB V2a-VB Ipsilateral Descending 0.7  

 

3.4 Generating Speed Networks  

The model was designed to incorporate circuitry to generate swimming at different speeds 

(slow, intermediate, and fast). To the best of my knowledge, there is no literature on the neuronal 

bases of the gliding period of the beat and glide swimming pattern. Therefore, only the beat portion 

of the beat and glide swimming was taken into consideration. With this constraint, a swimming 
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episode which consists of multiple beat and glide periods cannot be modelled. In this document, 

an episode refers to the time period when there is an external stimulus that triggers the behaviour 

observed. 

3.4.1 Determining Supraspinal Input 

Many hindbrain and midbrain neurons project to the spinal cord, some extending to the 

caudal positions (Kimmel et al., 1982).  

There are descending neurons from the medial longitudinal fasciculus (MLF) region of the 

midbrain to both pMN and sMNs of larval zebrafish (Wang and McLean, 2014). Some of the MLF 

neurons are shown to be differentially active at different swimming speeds with in-phase activation 

with the tail movements (Severi et al., 2014). In adult zebrafish, the firing frequency of the MLF 

neurons changes based on the swimming speed (Berg et al., 2023). 

Similarly, the presence of hindbrain (HB) V2as that are rhythmically active and in sync 

with the ventral root is shown (Kinkhabwalaa et al., 2011). As the swim frequency increases, more 

ventral HB populations become active (Kinkhabwalaa et al., 2011). Another study showed that 

there is both tonic and rhythmic excitation in the HB during swimming (Kimura et al., 2013). A 

correlation between glycinergic hindbrain neurons with tail bends is also shown (Severi et al., 

2018). 

The early-born hindbrain V2as project directly to caudal early pMNs to create crude 

behaviours observed in early development and escape behaviour (Pujala and Koyama, 2019). The 

intermediate-born HB neurons project to caudal pMNs, sMNs, and V2as, whereas late-born HB 

neurons extend only to the rostral V0vs (Pujala and Koyama, 2019). Both intermediate and late-

born HB V2as create multi-synaptic connections to MNs with slower conductance (Pujala and 

Koyama, 2019).  

The supraspinal input may be important in determining the swimming speeds in larval 

zebrafish. Therefore, three different hindbrain neuronal populations were created to represent the 

early-born, intermediate-born, and late-born HB neurons, and projections to a selected set of 

excitatory INs of rostral or caudal somites were created. However, the intrinsic properties of the 

HB neurons also became a crucial part of the system. As this project focuses on the spinal control 
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of the larval zebrafish swimming speeds, I decided to represent the supraspinal input as a step 

current stimulus rather than activation by the neurons.  

To represent the input from late-born, intermediate-born, and early-born HB neurons, a 

step current stimuli to rostral V2a-VB and V0v-D (slow mode), caudal V2a-Type-I-DL and V2a-

Type-I-DM (intermediate mode), and caudal V2a-Type-I-DH (fast mode) were created, 

respectively. The HB inputs to the MNs were not included to focus on the CPG properties of the 

spinal cord. In the rest of the document the slow, intermediate and fast mode terms will be used to 

indicate which cell populations receive the excitatory stimuli. 

The amount of stimulus current for each group was determined by testing out a range 

starting from the rheobase of the target cells up to 10-fold and picking a range that would give the 

most probable suitable amount. This scale test was referred to frequently in case any change in the 

model would make another stimulus range more meaningful. 

In zebrafish, unilateral activation of the MLR causes bilateral activation in the hindbrain 

(Carbo-Tano et al., 2022). Similarly, in lampreys, unilateral MLR activation causes bilateral 

activation in the reticulospinal neurons (Dubuc et al., 2008). In the Xenopus tadpole, it was shown 

that there is about a 20 ms delay between the left and right reticulospinal inputs that drive 

locomotion (Buhl et al., 2015). Using this information from various vertebrate models, a bilateral 

stimulus with a contralateral and rostrocaudal delay was applied to the target cell pools. The 

contralateral delay was set to 10, 15, and 20 ms for fast, intermediate, and slow swimming. The 

conduction velocity of the early, intermediate, and late-born HB neurons are 3.5, 1.5, and 0.75 

m/s, respectively (Pujala and Koyama, 2019). To mimic the delay that would be generated from 

the HB projections to the target neurons at different somites, 0.09, 0.2, and 0.4 ms rostrocaudal 

delays per somite were used for fast, intermediate, and slow swimming, respectively. 

3.4.2 Testing the Generated Model 

The reduced model has 440 cells and more than 8K projections between these cells. None 

of the components are completely independent of the rest. Tweaking the model and trying to find 

the right values for different parameters was quite a challenging task. The behavioural checks were 

done at every stage of the model change, as listed below. Depending on the test results, various 

parameters were updated.  
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The number of parameters that can be tweaked is enormous. At any point, the decision was 

made to determine which parameter is preferable to modify. For example, if a neuron has too little 

or too much activity, its Izhikevich parameters were updated to bring the neuron’s rheobase to a 

more desirable value. If one neuron’s impact on another neuron was too little or too much, the 

conductance value was played around with. If the impact of one neuron on multiple cell groups is 

not as preferred, the neuron’s conductance velocity was reviewed.  

When these parameters were fine-tuned, the range of allowed values depended on how the 

value was set in the first place. The parameter was more conservatively tweaked if there was strong 

literature support behind it. If an approximation was made, as in using the cell sizes to calculate 

its estimated conduction velocity, there was no hesitation in making more liberal changes. 

3.4.2.1 Behavioural checks of the cell groups 

The summary of the expected recruitments of different cell pools at different speeds is 

summarized in Table 3. A visual check was done to see which cellular pools showed firing 

behaviour whenever a model parameter was updated. For example, when a slow network is active, 

there should not be any activity in the pMNs. If there is, using the plots provided by the software, 

the cause was found by going backward from the pMNs to the source input. Below is the checklist 

that was visually tested to decide whether the generated model can be statistically analyzed. 

The pMNs are mostly involved in escape behaviour and during the fastest swimming 

(Ampatzis et al., 2013; Wen et al., 2020). There is incremental recruitment of sMN as the speed 

increases (Svara et al., 2018). Therefore, the sMN-s-type should be active at all speeds, whereas 

the sMN-ms-type and sMN-m-type should be recruited starting at intermediate and fast speeds, 

respectively. 

V2as are active before MNs (Ampatzis et al., 2014). This timing difference was checked 

by the activity times of these neurons at each somite during the simulation. 

V1s show in-phase activity with MNs during swimming (Higashijima et al., 2004a). The 

firing patterns of sMN-s-type and V1-Slow/Hybrid during slow swim, pMN/sMN-m-type and V1-

Fast during fast swim, and sMN-ms-type and V1-Hybrid during intermediate swim were observed 

to test the in-phase activity. 
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The late-born slow V1s are active during slow swimming, inhibiting slow swimming 

circuits to regulate swimming frequency (Kimura and Higashijima, 2019). The early-born V1-

Fasts are active during fast swimming and turn off the slow swimming circuits. The V1-Hybrids 

are active for all swimming speeds (Kimura and Higashijima, 2019). V1-Fast, V1-Hybrid, and V1-

Slow activity were tested across different swimming speeds.  

3.4.2.2 Output behaviour: MN-based activity/Muscle activity/Tail activity 

The proper way to measure the tail beat frequency is to measure the locomotion of the tail 

tip. However, the formulization of the tail beat is a simplification by itself, excluding certain 

criteria that could affect the output behaviour, like inertia. Considering the ventral root activity is 

frequently used to report motor output, referring to MN activity can be a good approximation to 

determine the tail behaviour (Kawano et al., 2022; Kimura et al., 2013; Menelaou et al., 2014; 

Satou et al., 2020, 2009; Talpalar et al., 2013; Wilson et al., 2010; Zhang et al., 2011). Therefore, 

both tail movement and MN activity at each somite were considered when testing the model.  

The MN or the muscle at the most caudal somites does not have to show any activity for 

the tip of the tail to show swimming behaviour due to the contraction in more rostral somites. So, 

to use MN membrane potential change as an indicator of the ventral root activity, the last somite 

with relevant MN activity should be considered. Considering the late-born hindbrain V2as projects 

to the middle of the spinal cord (Pujala and Koyama, 2019), the MNs situated around the middle 

somites of the body were taken as the representative of spinal cord-generated swimming activity. 

3.4.3 Experimental Scenarios 

The literature provides information on how larval zebrafish swimming changes when a 

certain cell group is activated or inhibited by optogenetic stimulation, laser ablation, or chemical 

treatments. These experimentally observed changes were used to constrain and fine-tune our 

model. 

3.4.3.1 Optogenetic Stimulation 

A current stimulus was applied to the target cell populations to imitate optogenetic 

stimulation. As there is no direct correlation between the light intensity and the current 

representing that light intensity, various current values were tested to find the most appropriate 

range. 
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Test 1a – Optogenetic stimulation of glutamatergic neurons 

Based on a study done by optogenetic stimulation of all glutamatergic neurons on the 

rostral region of the spinalized larval zebrafish, the fish displays different behaviours based on the 

optic intensity (Wahlstrom-Helgren et al., 2019). At a specific range of light intensity, this 

behaviour is similar to beat and glide swimming. This optogenetic stimulation was represented in 

SiliFish as a stimulus applied to all V2a and V0v neurons between the second and fifth somites. 

Different stimulus amounts were tested to find the right range to imitate similar behaviour 

observed in the study. 

Test 2a – Optogenetic stimulation of V2a neurons 

Based on a study done by optogenetic stimulation of all V2a neurons on ½ of the somites, 

spinalized larval zebrafish display different swim-like behaviour (Eklöf Ljunggren et al., 2014). 

This optogenetic stimulation was represented in SiliFish as a stimulus applied to all V2a and V0v 

neurons between the first and fifth somites. Different stimulus amounts were tested to find the 

right range to imitate similar behaviour observed in the study. 

3.4.3.2 Glycine Inhibition 

To simulate the experiments where a glycine inhibitor is applied, the connections of the 

glycinergic neurons were updated. In particular, the synaptic junctions of glycinergic neurons (dI6 

and V2b-Gly) were deactivated. When a neuron is both glycinergic and GABAergic (as in V1, 

V0d, and V2b-Mixed), the synaptic weights were lowered to represent the GABAergic part only. 

The tau values of those synapses were also updated as glycine receptors have faster decay times 

than the GABA receptors (Moore and Trussell, 2017). 

Test 1b – Glycine inhibition after optogenetic stimulation of glutamatergic neurons 

Applying strychnine, a glycine inhibitor, prevents the left and right alternation caused after 

the optogenetic stimulation (Wahlstrom-Helgren et al., 2019). This scenario was tested in SiliFish, 

making the changes to represent glycine inhibition. 

Test 1b – Glycine inhibition after optogenetic stimulation of glutamatergic neurons 

Similar to the above study, applying strychnine prevents the left and right alternation 

caused after the optogenetic stimulation of only V2as as well (Eklöf Ljunggren et al., 2014). This 

scenario was also tested in SiliFish, making the changes to represent glycine inhibition. 



 

72 

 

3.4.3.3 Ablation or Suppression 

To imitate the ablation studies, the ablated cell groups were deactivated. For the 

suppression studies, three different approaches were taken: deactivating the cell groups that are 

being suppressed, lowering the synaptic conductance values of the cell group’s outgoing 

projections, or applying a negative current to all of the cells in that particular group throughout the 

simulation duration.  

Test 3a – V2b suppression 

V2b suppression causes faster swimming (Callahan et al., 2019). This study was replicated 

by using the three approaches of suppression explained above. 

Test 4 – V1 ablation 

V1s are shown to be involved in the inhibition of slow INs and slow MNs during fast 

swimming (Bello-Rojas et al., 2019; Kimura and Higashijima, 2019). Ablation of V1s causes MNs 

and V2s that are normally active at slow speeds to be active at fast speeds as well (Kimura and 

Higashijima, 2019). This behaviour was tested by deactivating the V1s and running the model in 

fast mode, using a stimulus range of 500-900 pA. 

3.4.3.4 Activation 

For the activation studies, two different approaches were taken: increasing the synaptic 

conductance values of the cell group’s outgoing projections or applying a positive current to all of 

the cells in that particular group throughout the simulation duration. The amount of current was 

selected to be slightly above their rheobase values. 

Test 3b – V2b activation 

V2b activation lowers the swimming frequency (Callahan et al., 2019). This study was 

replicated by using the two approaches of activation explained above. 

Tests that cannot be done with the reduced model 

The ablation of V1s prolongs the swimming duration, which is more prominent in fast 

swimming. As my model implements only the beat part of the beat and glide, not the glide portion, 

this behaviour cannot be tested with the current model. 

The resolution of the reduced model is not enough to test partial ablation studies. For 

example, a laser ablation study targeted less than 10% of the V0vs in part of the spinal cord 
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(Kawano et al., 2022). With only one cell in a single somite, this level of testing is beyond the 

reduced model’s capability. 

3.5 Troubleshooting 

SiliFish provides different types of plots that make detailed data inspection possible. An 

example is displayed in Figure 10. In this case, there was an irregularity in the bursting behaviour 

and the left-right alternation of the neurons on a somite that was inspected. Looking into the full 

dynamics of a single neuron in the V2b-Mixed group, the source was suspected to be from a high 

activation of V2b-Mixeds by V2a-Type-I-DLs. When the conductance was lowered, and the same 

simulation was run, the tail movement and the alternation of all the neurons improved. 

This example is a case where a simple decision was enough to resolve the issue. In most 

cases, multiple steps had to be taken, sometimes reversing a previous decision. It was important to 

test the whole picture after any parameter fitting. Zooming in and out was the main approach 

during the testing process. 

3.6 Statistical Analysis 

All statistical analysis was done with IBM SPSS Version 29.0 (IBM Corp., 2023) 

All values indicated as ± represent the standard deviation of the mean. Medians and 

interquartile ranges (IQR) are reported as [Median] (IQR [1st quartile]- [3rd quartile]), such as 25 

(IQR 20-27). Outliers are the values greater than the third quartile + 1.5 * IQR and smaller than 

the first quartile – 1.5 * IQR and are displayed as a circle on the boxplots. Extreme outliers are the 

values greater than the third quartile + 3 * IQR and smaller than the first quartile – 3 * IQR and 

are displayed as an asterisk on the boxplots. 

The data did not show normality, so the Kruskal Wallis non-parametric test was used for 

comparisons. 
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(Figure continues the next page) 
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(Figure legend on the next page) 
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(A) The tail movement shows some irregularity. When the activity of two neurons in the fifth somite was observed on 

both sides of the spinal cord—V2a-Type-I-DL and V2b-Mixed—no clear left-right alternation was observed. (B) 

Plotting the full dynamics of V2b-Mixed on the fifth right somite and zooming in to the first 300 ms of the activity 

shows all the synaptic currents it receives. It was observed that there is high activation of V2b-Mixed by the V2a-

Type-I-DLs. Moving the pointer over the plot shows all the values on that time point as a list on the right-hand side 

of the plot. (C) After running the same simulation after changing V2a-Type-I-DL to V2b-Mixed conductance from 

0.5 to 0.2 nS, a much cleaner tail movement and left and right alternation of the neuronal activity was observed. The 

activity of the four neurons on the fifth somite for the whole period plotted in (A) is displayed. 

  

Figure 10. The SiliFish features can help in troubleshooting. 
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Chapter 4. Results 

4.1 The Network 

The reduced model is composed of 22 cell types, 440 cells, and around 8K projections. The 

2D and 3D renderings of the model are displayed in Figure 11 & Figure 12. The full model initially 

generated had the same 2D rendering as the cellular populations did not change; however, the 3D 

rendering was overly complicated to understand and excessively resource-intensive to generate. 

Two main parameter sets were the subject of fitting when generating the swimming 

networks: the Izhikevich parameters that define the intrinsic properties of the cells and the 

conductance values of the gap junctions and chemical synapses. The Izhikevich parameters of each 

cell population are listed in Table 17. The Izhikevich parameter fitting was done using GA and 

manually updated based on the test results. Conductance values of the gap junctions and chemical 

synapses are listed in Supplementary Tables S1-S5. 

Table 17. Parameters of each cell population that define their intrinsic properties. 

The rheobase values are calculated using the Izhikevich parameters (columns a to Vt) determined by GA.  

CV: Conduction Velocity. 

Cell Group CV 

(m/s) 

Rheobase 

(pA) 

a b C 

(mV) 

Cm 

(pF) 

d k Vmax 

(mV) 

Vr 

(mV) 

Vt 

(mV) 

dI6-A 0.5 53.54 0.18 0.56 -55 6.41 -8.43 0.3 -20 -60 -35 

dI6-B 0.5 51.71 0.01 2.02 -65 5.25 10 0.31 -10 -70 -45 

pMN 4.7 265.69 0.03 1.87 -78 68.11 -3.98 0.55 8.5 -77 -35.6 

sMN-m-type 2.3 101.15 0.01 -5.69 -69.02 19.36 2.55 0.92 20 -55.5 -29.16 

sMN-ms-type 1.9 67.37 0.02 2.43 -55 11.85 10 0.3 10 -75.7 -48 

sMN-s-type 1.3 29.34 1.85 -7.088 -65.01 8.25 6.28 0.83 2 -58.7 -38.27 

V0d 0.5 33.75 0.01 1 -46 6 10 0.91 10 -54 -42 

V0v-A 0.5 23.65 0.56 2.9 -38 5.58 -10 0.69 27 -41 -33 

V0v-B 0.5 14.85 8.53 1.04 -40 8.12 3.6 0.89 9 -41 -34 

V0v-D 0.5 11.07 0.38 1.51 -38 3.75 10 0.47 27 -40 -33 

V1-Fast 0.4 229.67 0.01 1.28 -69.1 5.87 10 0.67 -28.6 -82.1 -45.3 

V1-Hybrid 0.4 63.75 0.12 1.12 -61.9 6.33 4 0.2 -31.1 -77.9 -46 

V1-Slow 0.4 8.46 0.71 -1.69 -61.8 3.75 10 0.16 -20.9 -70.9 -45.8 

V2a-Type-I-DH 0.2 190.27 0.55 0.7 -44.64 4.65 -3.45 0.8 8 -55 -25 

V2a-Type-I-DL 0.2 12.19 0.2 -0.66 -45.01 2.85 10 0.24 -15 -53 -36 

V2a-Type-I-DM 0.2 59.24 10 1.28 -45.01 4.65 -10 0.22 20 -50 -23 

V2a-Type-II-D 0.5 155.72 0.02 4.62 -62 6.3 10 0.7 12 -70 -41 

V2a-VB 1.2 19.92 0.162 0.483 -55 2.85 20 0.16 -10 -60 -40 

V2b-Gly 
 

64.00 1 3 -65 10 10 1 10 -70 -57 

V2b-Mixed 
 

43.40 0.04 0.36 -65 6 10 1 10 -70 -57 
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The colour of the nodes is defined by the user. The black, red, and green arrows represent electrical, inhibitory, and 

excitatory projections. The positioning of the nodes does not represent the actual spatial positioning, as a single node 

can represent one or many cells. 

Figure 11. The 2D-rendering of the reduced model shows the cellular groups and how they are connected. 
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(A) Each node represents a single cell. The spatial positioning is the actual coordinates in the model. (B) The rendering 

is user-interactive and allows rotations in all directions and zooming. (C) Various features were implemented to 

simplify the outputs to a more digestible format, like displaying only a selection of somites, a single cell pool, and 

hiding projections with electrical or chemical synapses. 

Figure 12. The 3D-Rendering of the reduced model shows the individual cells and how they are connected. 
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The simulations were run in two basic modes for two different goals: “Model Generation 

and Testing” and “Statistical Analysis.” Model generation and testing were done with various 

stimuli levels and shorter simulation durations. Statistical analyses were done with a single 

stimulus level and longer simulation durations. This section presents the results of the modes listed 

in Table 18. A consecutive step current stimulus of 500 ms, which will be called an episode, with 

300 ms breaks in between, was applied for each mode. The stimuli's target and the current amount 

dictated the modes. The intermediate mode of statistical analyses was split into three simulations 

due to many cell groups with very different intrinsic properties expected to be activated. In 

addition, a cap was applied to the V2a-Type-I-DL input current stimulus due to its low rheobase. 

Table 18. The test modes with the amount and target of current stimuli applied. 

 Mode # of episodes Target cell population Current amount (pA) 

M
o

d
el

 
G

en
er

a
ti

o
n

  

a
n

d
 T

es
ti

n
g

 

Slow-Scale 5 V0v-D, V2a-VB 21 – 30 

Intermediate-Scale 5 V2a-Type-I-DL 

V2a-Type-I-DM 

50 – 150 

50 – 450 

Fast-Scale 5 V2a-Type-I-DH 500 – 900 

S
ta

ti
st

ic
a

l 
A

n
a

ly
si

s 

Slow 20 V0v-D, V2a-VB 23 

Inter-I 20 V2a-Type-I-DL 

V2a-Type-I-DM 

50 

50 

Inter-II 20 V2a-Type-I-DL 

V2a-Type-I-DM 

100 

100 

Inter-III 20 V2a-Type-I-DL 

V2a-Type-I-DM 

150 

450 

Fast 20 V2a-Type-I-DH 1000 

 

The data analysis was done after pooling all five simulations listed under Statistical 

Analysis. There was a clear change in the spike count and frequency for all cell populations across 

the three swim modes (Figure 13 & S1). As the number of cell groups and wide range of spike 

count and frequency values make it hard to understand these plots, the spike frequency plots for 

slow, intermediate, and fast swim modes are drawn separately for clarity in the individual 

network’s results section (Figures 19, 24, and 30).  
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Rather than individual spike frequencies for each cell for the three swim modes simulated, 

the average spiking frequency for each cell group was plotted against the actual TBF measured 

(Figure 14B). Across all three swim modes, the TBF ranged between 20.70-65.16 Hz (37.73 ± 

12.51 Hz). These ranges were 20.70-23.52 Hz (22.14 ± 0.96 Hz), 24.42-42.71 Hz (35.01 ± 4.79 

Hz), and 53.69-65.16 Hz (58.34 ± 3.03 Hz) for slow, intermediate, and fast modes, respectively.  

The TBF range of intermediate mode was very close to slow mode frequencies (Figure 

14A). Below, these three modes will be analyzed separately as representative of the slow, 

intermediate, and fast networks.  
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The distributions of the spiking frequencies of each cell group in slow, intermediate, and fast swim modes are shown. 

The boxes show the median and 25-75 IQR. Circles and asterisks are outliers and extreme outliers.  N = 20 for each 

swim mode.  

 

 

 

 

Figure 13. Activation of cell groups differs across the swimming modes. 
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(A) The TBF ranges observed during the slow, intermediate, and fast modes. Both model generation and statistical 

analysis run results are included (Table 18). N = 21 for slow and fast modes; N = 61 for intermediate modes. (B) Cell 

groups showed an increased spiking frequency as the TBF increased. Their spiking pattern shows greater consistency 

for faster TBF greater than ~55 Hz.  Two records of V0d with spike frequency > 3 kHz were removed from the plot 

to increase clarity. Only statistical analysis simulation results are included. N=100.  

Figure 14. The range of TBFs for each swim mode, and the average spike frequencies of each cell group across the TBF 

measured are shown. 
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4.2 Slow Network 

The cell populations that were active during the slow mode are shown in Figure 15. A 

series of 500 ms step stimuli (episodes) with 300 ms breaks in between were applied to excitatory 

V2a-VBs and V0v-Ds (Figure 16A, Table 18-Model Generation and Testing). The individual steps 

ranged between 21-30 pA, had 0.4 ms rostrocaudal delay, and a delay of 20 ms between left and 

right. A TBF range of 23.46-33.92 Hz was observed (Figure 16B). 

The subset of active cell populations aligned with what the literature supports (Table 3, 

Figure 15). The wide range of activity was due to different cells on different somites having 

different activity levels (Figures S2-S9). Among the excitatory neurons, V0v-Ds and V2as activity 

per episode of 500 ms stimulation had an average of 87.52 ± 7.86 and 94.34 ± 58.47 spikes (Figure 

S10). V1-Slow and V1-Hybrid had higher activity levels than dI6-A and dI6-B inhibitory neurons 

(111.04 ± 62.13 and 42.59 ± 24.44 versus 17.65 ± 8.29 and 21.54 ± 8.14 spikes/episode) (Figure 

S12). Only sMN-s-type MNs showed spiking activity (Figure 17 & Figure 18). 

Despite the stimulus not having a rhythmic property, rhythmic activity was observed across 

all of the cell populations, which generated the tail-beating behaviour (Figure 16B, S10-S13). The 

spiking activity of all cell groups is displayed in Figure 19. The left and right alternation of each 

cell group was visible (Figure 17, S11, and S13). 

For further analysis, a series of twenty current step stimuli with 300 ms breaks in between 

were applied to excitatory V2a-VBs and V0v-Ds (Table 18-Statistical Analysis). 

The most active MN group was sMN-s-type, with 88.69 Hz (IQR 72.21-121.94 Hz) spiking 

frequency (Figure 19A). The only other active MN group was sMN-ms-type, with 24.43 Hz (IQR 

24.35-24.66 Hz) spiking frequency. Slow muscle activity was 22.06 Hz (IQR 16.66-39.59 Hz). 

Despite this network generating TBFs in the slow swimming range, some random activities 

of fast muscle cells were also observed, with a maximum of five spikes for 500 ms episode (Figure 

19B).  
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Figure 15. 2D-rendering of the cell populations forming the slow network. 

Only spiking cellular populations are included in this figure. Slow muscle cells do not have spiking capacity but are 

included as they show activity. Despite the presence of other cellular populations (Muscle Fast AP, pMN, sMN-m-

type/ms-type, V0d, V1-Fast, V0v-A/B, V2a-Type-I-DH/DM/DL, V2a-Type-II-D, V2b-Gly/Mixed), they are not 

activated enough to generate a spike. 
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(A)  A stimulus consisting of rectangular pulses ranging from 21 to 30 pA was applied to the rostral V0v-D and V2a-

VB populations. (B) The TBF was measured as the movement of the tip of the tail (23.52, 22.6, 24.95, 28.15, 34.12 

Hz). (C) The TBF was measured by the sum of left and right MN activity at somite six, representing the middle section 

of the spinal cord (24.15, 25.61, 32.18, 31.15, 36.69 Hz). 

Figure 16. Current stimulus to V0v-Ds and V2a-VBs generate 23-34 Hz TBF. 
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(A) Slow muscle cells and sMN-s-type MNs displayed activity. The cells on the third somite are shown. (B) Zoomed-

in activity for both cells to show the left and right alternation. Dashed lines are added to denote the peak of the cell 

activity on the right side of the spinal cord. 

Figure 17. The muscle cell and motoneuron activity display left-right alternation. 
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All three groups of MNs on somite six show slight, mostly inhibitory, changes in their membrane potentials. The y-

axis scale is zoomed in to the voltage change of each cell. 

 
  

Figure 18. pMNs and sMNs that have projections to fast muscle cells are not active in slow mode. 
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(A) Zoomed in version of Figure 13. Only cells with spikes are plotted. As activity from every somite is plotted, there 

is a wide range of activity within each group. The boxes show the median and 25-75% IQR. Circles are outliers; 

asterisks are extreme outliers. One extreme outlier N = 20. dI6-A: 37.49 (IQR 29.02-53.14); dI6-B: 48.1 (IQR 27.86-

58.63); Muscle Fast: 11.06 (IQR 8.78-13.56); Muscle Slow: 22.06 (IQR 16.66-39.59); sMN-ms-type: 24.43 (IQR 

24.35-24.66); sMN-s-type: 88.69 (IQR 72.21-121.94); V0v-D: 183.24 (IQR 174.47-196.78); V1-Hybrid: 90.83 (IQR 

33.21-149.05); V1-Slow: 242.98 (IQR 88.64-364.98); 205.86 (IQR 128.71-257.19); (B) Spike counts of the same 

cellular groups in the swim mode. Despite the similarity to the spike frequency plot, the spike count plot is presented 

to show the low number of fast muscle cell activity. 

Figure 19. The distribution of spike frequencies and counts for each cell pool during slow mode. 
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4.3 Intermediate Network 

The cell populations that were active during the intermediate mode are shown in Figure 20.  

For the initial analyses listed below, a series of 500 ms step stimuli with 300 ms breaks in 

between were applied to excitatory V2a-Type-I-DLs and V2a-Type-I-DMs (Figure 21, Table 18-

Model Generation and Testing). The individual steps ranged between 50-150 pA for V2a-Type-I-

DLs and 50-450 pA for V2a-Type-I-DMs. The input of V2a-Type-I-DLs was capped at 150 pA 

because, at higher levels, they were showing tonic activity and causing unstable behaviour. All the 

stimuli had 0.2 ms rostrocaudal delay and a delay of 15 ms between left and right. A TBF range 

of 35.47-43.98 Hz was observed (Figure 22).  

Despite the stimulus not having a rhythmic property, rhythmic activity was observed across 

all of the cell populations, which generated the tail-beating behaviour (Figure 23, S14-19). The 

level of activity was not homogeneous across different stimulus amounts. As the current increased, 

new neuronal populations—sMN-ms-type and sMN-m-type MNs (Figure S15), V0vs (Figure 

S16), V0ds (Figure S17), and V2b-Glys (not shown)—started to show spiking activity. All other 

cell populations were active throughout the testing period (Figures S14-S15, S17-S18). 

For the rest of the analysis, a train of 500 ms step current stimuli with 300 ms breaks in 

between was applied. The amounts of currents are listed in Table 18 (Statistical Analysis). There 

was spiking activity across all cell populations at various levels (Figure 24). Some neuronal 

populations displayed high levels of variability, like V1-Hybrids (Figures 24, S18). This variability 

was due to the intermediate test having a large range of stimulus amounts. The distributions of 

spike activities for three different intermediate modes are displayed in Figure S20. 
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Figure 20. 2D-rendering of the cell populations forming the intermediate network. 

The majority of the cell populations were part of the intermediate network. 
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Figure 21. Stimuli applied during intermediate swimming. 

An increasing amount of 500 ms current step stimuli were applied with 300 ms breaks in between. V2a-Type-I-DL 

received between 50-150 pA, whereas V2a-Type-I-DM received between 50-450 pA current stimuli. 
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Figure 22. Tail movement and summarized MN activity of the sixth somite during the intermediate mode. 

The TBFs observed by the tip of the tail are 33.66, 42.06, 42.28, 43.97, and 43.37 Hz. The frequency of left and right 

MN populations’ peak activity is 37.09, 43.75, 47.82, 47.44, and 46.71 Hz. 
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Figure 23. Left and right alternation was observed across all cell groups in the intermediate mode. 

The zoomed-in activity of left and right sMN-s-type neurons and slow muscle cells on somite six shows clear left and 

right alternation.  
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Figure 24. Spike frequency distribution of all the cells when the model was tested in the intermediate mode. 

The zoomed-in version of Figure 13. As activity from every somite is plotted, there is a wide range of activity within 

each group. The boxes show the median and 25-75% IQR. Circles and asterisks are outliers and extreme outliers.  

Extreme outliers over 1000 Hz are removed for clarity. N = 20. 
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4.4 Fast Network 

The cell populations that were active during the intermediate mode are shown in Figure 25.  

For the initial analyses listed below, a series of 500 ms step stimuli with 300 ms breaks in 

between were applied to excitatory V2a-Type-I-DHs  (Figure 26,  Table 18-Model Generation and 

Testing). The individual steps ranged between 500-900 pA. All the stimuli had 0.09 ms 

rostrocaudal delay and a delay of 10 ms between left and right. A TBF range of 48.51-66.01 Hz 

was observed (Figure 26).  

Despite the stimulus not having a rhythmic property, rhythmic activity was observed across 

all of the cell populations, which generated the tail-beating behaviour (Figure 26). The level of left 

and right alternation was not as clear as in slow and intermediate modes (Figures 27, 29, and S21). 

In general, it required a longer time for the left and right alternation to stabilize (Figure 29). 

For the rest of the analysis, a train of 500 ms step current stimuli with 1000 pA amplitude 

with 300 ms breaks in between was applied (Table 18-Statistical Analysis). The distribution of the 

spiking activity across different call groups is displayed in  Figure 30. Interestingly, the activity of 

V1-Hybrids was much higher than any other cell population’s activity (Figure 30.) 
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Figure 25. 2D-rendering of the cell populations forming the fast network. 

There is no spiking activity observed in dI6s, slow muscle cells, V0v-Ds, V1-Slows, V2a-VBs, V2a-Type-I-DL/DMs, 

sMN-s-type MNs, and V2b-Mixeds despite their presence and functionality in the network. 
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Figure 26. The stimulus applied and the behaviour observed during the fast mode testing. 

(A) An increasing amount of 500 ms current step stimuli, ranging between 500-900 pA, were applied with 300 ms 

breaks in between. (B) Tail beat behaviour, and (C) the alternating MN activity on somite six was observed. TBF of 

the tail movement: 48.51, 56.67, 62.12, 53.35, and 67.9 Hz. TBF based on MN activity: 44.54, 49.93, 62.92, 48.52, 

and 54.57 Hz. 
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Related to Figure 26. The activities of the muscle cells and MNs on the sixth somite are shown. 

 

Figure 27. MNs and muscle cells in the fast mode. 
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Related to Figure 27. Zoomed-in activity to the muscle cells and MNs showed a high level of activity. 

 

  

Figure 28. The zoomed-in activities of muscle cells and MNs in the fast mode are shown. 
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Left and right alternation was observed; however, it took longer for the model to stabilize. 

  

Figure 29. V0d activity on the sixth somite during the fast mode. 
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The zoomed-in version of Figure 13. As activity from every somite is plotted, there is a wide range of activity within 

each group. The boxes show the median and 25-75% IQR. Circles and asterisks are outliers and extreme outliers.  N 

= 20. 

  

Figure 30. Spike frequency distribution of all the cells when the model was tested in fast mode. 
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4.5 Experimental Tests 

The model parameters were tweaked such that the expected cellular populations were 

activated at each mode (slow, intermediate, and fast), and a range of TBF was observed. However, 

there can be many ways to create a model to generate a required behaviour. For the model to be 

representative of the organism it is modelling, it should also replicate a range of published 

experimental data compiled on the actual organism. 

4.5.1 Simulation of Optogenetic Stimulation 

Wahlstrom-Helgren et al. (2019) showed that by applying various amounts of optic light 

to the 1/3rd of the spinal cord of a genetic line of zebrafish sensitive to blue light, swim-like 

behaviour can be observed. In this study, they targeted the glutamatergic neurons. To simulate 

their results, various current stimuli were applied to the glutamatergic neurons in somites 2-5 

(Figure 31). Since some light intensities were better than others in generating alternating tail beats 

(Wahlstrom-Helgren et al., 2019), a wide range of current stimuli was tested with the current 

model; a selected range is displayed in Figure 31. A two-millisecond sagittal delay and no 

rostrocaudal delay were applied to the stimuli. The 40, 60, and 80 pA stimulus generated left and 

right tail beats over 30 Hz. Left-right alternation was observed in all the activated cellular 

populations (Figure 32,  S22A, and S23A). 

A similar optogenetic stimulation study targeting only V2as was also imitated (Eklöf 

Ljunggren et al., 2014) (Figure 33). Stimulating only V2as was more challenging in terms of 

finding the right stimulus amount required to observe tail beat behaviour. Various amounts 

between 10-400 pA were tested, and 90 pA was picked as the most promising candidate. In Figure 

33, the response to multiple-step stimuli of 90 pA is displayed. Similar to the previous study, there 

was left-right alternation in the bursting activity of all neuronal populations, a selection of them 

displayed in Figures 33A and 34A. 

4.5.2 Simulation of Glycine Inhibition after Optogenetic Stimulation 

Both studies mentioned in the previous section also tested the effects of blocking 

glycinergic transmission, which resulted in disruption in the left-right alternation of activity (Eklöf 

Ljunggren et al., 2014; Wahlstrom-Helgren et al., 2019). In SiliFish, glycinergic synapses were 

inhibited by deactivating glycinergic projections and manipulating the glycine-GABA mixed 
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junctions (by lowering their conductance values and changing their decay constants to slower 

GABA decay times). When the above tests were replicated after glycine inhibition, a clear 

disruption to left-right alternation was observed (Figure 31-Figure 36, S22-23). The TBFs were 

also greatly reduced (Figure 31C and Figure 33C). V1s can be both glycinergic and GABAergic 

(Fetcho and Mclean, 2010; Higashijima et al., 2004a). Therefore, removing the glycine from the 

system does not fully prevent the inhibition. The presence of tail beats, despite lacking synaptic 

inhibition by glycine, can be explained by the presence of GABA. 
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(A) Rectangular pulses ranging between 20-80 pA were applied to the glutamatergic neurons of somites 2-5. (B) Tail 

beats were present across all four stimulus steps. (TBFs displayed: 20.16, 30.09, 33.48, 34.74 Hz) (C) Deactivating 

glycinergic synapses generated more irregular tail beats with lower frequencies (Frequencies displayed: 42.55 & 

11.86, 14.43, 15.92, 22.13 Hz - the first 42.55 Hz considers only two beats without merging it to the next series of 

beats, due to two successive right beats.) 

 

Figure 31. Applying current stimulus to all glutamatergic neurons creates a swim like behaviour that is disrupted by glycine 

inhibitor. 
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Related to Figure 31. (A) The zoomed-in sMN activity when all cells and projections were fully functional is shown. 

(B) When glycinergic synapses were deactivated, the left-right alternation was disrupted, and the bursting frequency 

was lowered. 

Figure 32. Inhibiting glycine activity disrupted the left-right alternation of the MNs. 
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(A) Rectangular pulses of 90 pA were applied to all V2as. (B) Tail beats were observed with some irregularities, such 

as successive tail beats on one side without passing through the midline in between. (Frequencies displayed:  40.02, 

37.8, 39.5, 41.47 Hz) (C) Inactivation of the glycinergic projections increased the irregularities and lowered the TBFs. 

(Frequencies displayed: 18.78, 17.29, 19.81, 19.47 Hz) 

  

Figure 33. Applying the current stimulus to all V2as creates a swim-like behaviour that is disrupted by glycine inhibitors. 
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Figure 34. The left-right alternation of MNs was disrupted by deactivating glycinergic projections. 

Related to Figure 33. (A) The zoomed-in activity of sMN-s-type MNs on the sixth somite when the network is fully 

functional is shown. (B) When glycinergic synapses were deactivated, the left-right alternation was disrupted, and the 

bursting frequency was lowered. 
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Figure 35. The left-right alternation of inhibitory neurons was disrupted by deactivating glycinergic projections. 

Related to Figure 33. (A) The zoomed-in activity of V1s on the sixth somite when the network is fully functional is 

shown. (B) When glycinergic synapses were deactivated, the left-right alternation was disrupted, and the bursting 

frequency was lowered. 
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Figure 36. The left-right alternation of excitatory neurons was disrupted by deactivating glycinergic projections. 

Related to Figure 33. (A) The zoomed-in activity of V2a-VBs on the sixth somite when the network is fully functional 

is displayed. (B) When glycinergic synapses were deactivated, the left-right alternation was disrupted, and the bursting 

frequency was lowered. 
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4.5.3 Suppression or activation of V2bs did not generate the expected results. 

V2bs are shown to have an effect on the tail beats of larval zebrafish, such that the 

activation of V2bs lowers, whereas their suppression increases the TBF (Callahan et al., 2019).  

These findings were tested with the current model. To suppress V2bs, three approaches 

were tried: deactivating the V2bs, lowering the conductance values of the outgoing projections by 

half, or applying a negative current stimulus to the V2b populations. To activate V2bs, two similar 

approaches were used: doubling the conductance values of the outgoing projections or applying a 

positive current stimulus to the V2b populations. Figure 37 shows the response of the model when 

a series of slow, intermediate, and fast mode test stimuli were applied under normal conditions. 

The bursting frequency of all of the neuronal populations on somite six and tail behaviour is 

displayed for comparison. Contrary to Callahan et al.’s conclusions, there was no consistent 

change in the TBF during the slow, intermediate, or fast swimming when a positive  (Figure 38) 

or negative (Figure 39) current was applied to all V2bs throughout the simulation. There was no 

visual consistent change in the bursting frequency, TBF, or MN activity. Similar inconclusive 

results were obtained when V2b suppression was done by changing their outgoing projection 

weights or deactivating them (data not shown).  

4.5.4 V1 ablation did not generate the expected results. 

When V1s were deactivated and the fast mode was run with various stimulus amounts, the 

expected results of slow V2as and MNs to be activated were not observed. On the contrary, the 

resulting behaviour was far away from swimming behaviour (Figure 40). Motoneuron activation 

was strictly unilateral rather than a rhythmic left and right alternation (Figure 41). When the 

animation was generated, the behaviour looked like stretching rather than swimming.  
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(A) The slow, three intermediate, and fast modes are run back to back, and the bursting frequencies of cellular pools 

are displayed. The list on the right-hand side of the top plots shows which cellular pools the colour corresponds to and 

the value on the cursor. The circles on the plot shows which time point the cursor is pointing to. (B) The tail movement 

observed is shown. (C) The MN activity on somite six is shown. 

Figure 37. The bursting frequency of all cellular pools on somite six and observed behaviour to a series of tests are shown. 
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Related to Figure 37. A step stimulus throughout the testing period was applied. The amount of current was a little 

higher than the rheobase of the target cell populations. (A) The slow, three intermediate, and fast modes are run back 

to back, and the bursting frequencies of cellular pools are displayed. (B) The tail movement observed is shown. (C) 

The MN activity on somite six is shown. 

Figure 38. V2b activation by positive current did not generate the expected results. 
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Related to Figure 37. A step stimulus throughout the testing period was applied. The amount of current was slightly 

higher than the rheobase of the target cell populations, only negative. (A) The slow, three intermediate, and fast modes 

are run back to back, and the bursting frequencies of cellular pools are displayed. (B) The tail movement observed is 

shown. (C) The MN activity on somite six is shown. 

Figure 39. V2b suppression by negative current did not generate the expected results. 
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(A) Under normal conditions, the fast scale mode stimulus is applied to see tail-beating behaviour. (B) When V1s 

were deactivated, the tail movements were greatly disrupted. 

Figure 40. Tail movement after V1 suppression was not similar to tail-beating behaviour. 
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A representative motor, inhibitory, and excitatory neuron activity on somite six is displayed. 

  

Figure 41. V1suppresion caused unilateral activation of the neurons rather than alternating. 
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4.6 Impact of the Stimulation Duration 

The tests above were run with a train of stimulus episodes, each lasting 500 ms. To see the 

impacts of the episode duration, the slow mode simulation was replicated with twenty successive 

step stimuli of 500 ms, 1 s, 2 s, 3 s, and 10 s. The break between the 500 ms and 10 s stimulus 

episodes was 300 and 1000 ms, respectively. The difference in the long gap for the 10 s test was 

to allow the system to stabilize after a long stimulation. It was observed that long gaps were 

unnecessary for stabilization (not displayed); therefore, the remaining tests of 1-3 s stimuli 

episodes were run with 200 ms gaps in between to expedite the testing process. For each test, a 

single TBF was calculated for every episode, generating twenty TBF values. The distribution of 

TBF across different tests is displayed in  Figure 42A. 

The TBF values across the test groups were different than each other (Kruskal-Wallis, p < 

0.001). A pairwise comparison showed that 1-3 s episodes and 500 ms and 10s episodes showed 

similarity (Figure 42B). Despite the pairwise differences, all TBF values are close to each other. 

The full ranges observed were [20.70-23.52 Hz], [22.26-25.56 Hz], [22.36-24.43 Hz], [22.86-

24.93 Hz], and [22.13-22.21 Hz] for 500 ms, 1 s, 2 s, 3 s, 10 s episodes, respectively.  
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Figure 42. The distribution of TBF values for different episode lengths and their pairwise comparisons. 

(A) The TBF values were 22.59 (IQR 20.8-22.7), 23.76 (IQR 22.96-24.39), 23.13 (IQR 22.66-24.05), 23.75 (IQR 

23.29-24.08), and 22.16 (IQR 22.14-22.18) Hz for 500 ms, 1s, 2s, 3s, 10s episodes, respectively. N=20. (B) The 

episodes of 1s, 2s, and 3s were not significantly different. Similarly, the episodes of 500 ms and 10 s were significantly 

similar. (Kruskal Wallis, p = 1, adjusted by the Bonferroni correction). The numbers on the nodes represent the sample 

average rank required for non-parametric tests.  
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4.7 MN activity versus tail beat  

When the TBFs at each test were determined, the tail tip movement and the sixth somite 

MN activity—as an approximation to mid-body ventral root activation— were visually observed. 

A pairwise comparison was performed to determine whether the sixth somite is a valid 

approximation (Figure 43). The TBF measured by the tip of the tail was similar to TBFs measured 

by the MN activity on somites 3 and 6 (Kruskal Wallis, adj. p = .662 and .058) (Figure S24A). 

However, N numbers were 100 for the tail tip and somite six, but only 84 on the third somite. 

When the same analysis was repeated by separating the data by the five swim modes tested, 

the tail continued to show similarity to the sixth somite in the slow and Inter-I modes (Kruskal 

Wallis, adj. p = 0.135) (Figures S25-S26). However, in the remaining swim modes (Inter-II, Inter-

III, and Fast), the tail tip showed similarity to more rostral somites (Figures S25-S26). 

4.8 Impact of the target somites 

Due to an experimental error, the fast mode was run by applying the stimulus to the caudal 

somites only rather than the full body. The results were unexpected and contrary to my previous 

tests. Therefore, a simple test was run by using the same amount of current stimulus in the fast 

mode and applying the stimulus to the whole, rostral half, or the caudal half of the spinal cord. The 

rostral half as the target was visually similar to the full-body stimulation (Figure 44). The 

propagation of the excitatory signals was sufficient to generate similar results. In the case of caudal 

stimulation only, the frequency of neuronal activity was not different (not shown); however, the 

tail tip movement was not prominent enough to consider a tail beat depending on the selected 

kinematics settings. 
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Figure 43. The distribution of TBFs calculated by the tail tip movement and MN activity on different somites are shown. 

The first two somites were excluded from the comparison. (Tail: 34.31 (IQR 28.39-41.8), N = 100; Somite 3: 39.51 

(IQR 32.16-51.22), N = 84; Somite 4: 42.83 (IQR 37.68-52.34), N = 82; Somite 5: 44.97 (IQR 39.13-52.97), N = 81; 

Somite 6: 43.8 (IQR 34.65-49.86), N = 100; Somite 7: 43.6 (IQR 34.09-50.22), N = 100; Somite 8: 43.58 (IQR 34.52-

55.41), N = 100; Somite 9: 43.48 (IQR 35.33-57.1), N = 100; Somite 10: 43.28 (IQR 35.23-64.33), N = 100) 
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Despite the same amount of current stimulus being applied, the tail movement differed when the target somites 

differed. The TBFs on the plot are 68.08 Hz for the full body stimulation and 65.27 and 63.63 Hz for the rostral and 

caudal half stimulation. 

Figure 44. Tail movements observed with different target somites are shown. 
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Chapter 5. Discussion 

5.1 The Complexity 

It is not that  simple. 

The literature strongly supports the presence of speed microcircuits in the zebrafish spinal 

cord (Ampatzis et al., 2014; Ausborn et al., 2012; McLean et al., 2008). These microcircuits 

probably consist of multiple subgroups of the same cellular populations with differing intrinsic 

properties and connectivity patterns (Figure 1, Table 2). Therefore, it was necessary to define the 

cell types and their projections which were studied and shown to be involved in swimming speeds. 

As a result, 22 cell types with a total of 240 parameters were created. There are 172 

chemical synapse definitions with nine parameters and 33 gap junction definitions with five 

parameters each. In total, close to 2000 parameters can be tweaked, resulting in a different model 

behaviour. 

Clearly, changing manually all 2000 parameters to do testing is not practical. There were 

many simplifications done. For example, rather than 172 different tau decay and tau rise values 

for the chemical synapses, only eleven and six unique values were used for each. Regardless, when 

troubleshooting an unexpected behaviour, all of the parameters were in my reach to change, and I 

had to decide whether to change a single value or a group of values. For example, if I noticed that 

the conductance value of a synapse was low, I decided whether I should increase only one synapse 

conductance that I am specifically investigating or all the conductance values that I set with a 

similar approximation I have done (e.g., using the cell sizes.) 

Moving on from the model template to the running model that the simulations are run on: 

when the model was generated using the blueprint (the model template), the full model was 

composed of ~16K cells and 4M synapses. When the model was simplified by reducing the number 

of somites and the number of cells per somite, the final numbers became 440 cells and 8058 

synapses. This simplification, however, does not simplify the model. The number of parameters in 

the previous paragraph still exists. However, the reduced model extensively lowered memory 

usage, allowing far faster trials and tests. 
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Another challenge arises because none of these parameters are mutually exclusive. There 

is high connectivity within the circuit, and any change in a single parameter can have multiple side 

effects other than what I am going for. One fix can easily impact the previous fixes. So, it is very 

possible that a change previously made had to be reverted. The fine-tuning required to focus on 

the details but also retest the big picture simultaneously. 

Despite multiple attempts to simplify the model for easy testing, the end result was still far 

from simple. I did not want to compromise the goal of representing the fish to the best of my 

ability; therefore, all cell populations were kept, but only a reduction in numbers was made from 

the model initially designed. 

5.2 SiliFish 

At juvenile stages, 17 months post -fertilization. 

The complexity detailed above requires a powerful tool to work with. Despite the time 

required to develop SiliFish, it brought multiple advantages.  

The most important one is the ability to create test scenarios, have fast-run simulations, 

and inspect the results to the level of current passing through a single synapse detail. Depending 

on the simulation duration, it required only seconds to minutes to test the model. In rare cases of 

testing the system for tens of thousands of milliseconds, it took multiple hours to run a simulation, 

but those cases were run for data analysis rather than model creation or testing.  

The most time-intensive part was investigating what expected and unexpected behaviours 

were observed. After pinpointing the suspected cell population that acts contrary to the 

expectation, the cause of that behaviour and how it can be fixed had to be determined. There can 

be multiple causes for the unexpected behaviour, and some may not be obvious. Therefore, this 

cycle had to be repeated countless times, which enforced the need for a powerful tool. 

Many features have been added to SiliFish during the last two years. Whenever I noticed a 

repetition in a task that I was doing, I looked for a way to simplify it—for example, exporting 

components of the model to a comma-delimited text (.csv) file allowed bulk updating. I could 

export all the chemical synapses of a single neural pool and modify their tau decay values using 

Excel in one shot, reimport the file, and run the simulation with the updated parameters in a matter 

of seconds.  
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The UI was also expanded to make the software’s usage more efficient. For example, it is 

possible to plot the current information of a synapse by just selecting a synapse from the list in the 

UI and selecting an item on the context menu. There are many other shortcuts added that would 

be hard to put into words, but the idea was to choose to spend some time on coding so that I would 

not need to spend time on repetitive tasks afterward. 

One of the important features incorporated into SiliFish was the usage of genetic algorithms 

(GA) for parameter fitting of the Izhikevich parameters (2.2.4.3 Genetic Algorithms). It simplified 

the process of parameter fitting, but not without consequences. It was easy to get blinded to the 

process, not interfere with the procedure, and use the results that passed the initial visual tests 

without further thought. Later, I realized that not all parameter combinations are created equal, and 

I should not be completely blind and have some control over the GA. That was when I added the 

extra controls explained in Additional Range Checks for the Parameter Fitting.  

The success of GA also depended on how well the fitness functions were defined (Genetic 

Algorithms). Several algorithms were developed to determine the firing patterns from a given array 

of membrane potential values. These algorithms used several settings of their own, as listed in 

Table 19.  

These settings were tweaked during the initial testing and revisited multiple times during 

the Izhikevich parameter fitting process. However, some cell firing patterns show they are still not 

perfect. For example, the infographic of V1-Slow (see Infographics document) shows a tonic firing 

behaviour, but the algorithm describes it as tonic bursting. As I do not see all the trials that the GA 

is going through (thankfully), it is hard to gauge the impact of such errors. It may be possible that 

I missed the Izhikevich parameter combinations that are better suited to my firing goals. 

These settings bring another level of complexity to the model generation. One alternative 

to eliminating these errors is using machine learning to determine the firing patterns rather than 

relying on the new algorithms that I developed. This option was shortly considered; however, 

whether it would create a more desirable output is not known with certainty. Therefore, I 

determined it would not be worthwhile to include it as part of my master’s project. 
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Table 19. The settings of the firing pattern detection algorithms. 

Setting Value 

Burst Break 100 

In ms. The duration to be used as a break while calculating bursting frequency. 

Chattering Irregularity 0.1 

The 'SD/Avg Interval' ratio for a burst sequence to be considered chattering. 

Max Burst Interval - no spread 5 

In ms, the maximum Interval two spikes can have to be considered as part of a burst. Used if the intervals between 

spikes are not increasing with time. 

Max Burst Interval - spread 30 

In ms, the maximum Interval two spikes can have to be considered as part of a burst. Used if the intervals between 

spikes are increasing with time. 

One Cluster Multiplier 2 

Centroid2 (average duration between bursts) < Centroid1 (average duration between spikes) * One Cluster 

Multiplier means there is only one cluster (all spikes are part of a burst). 

Spike Break 10 

In ms. The duration to be used as a break while calculating spiking frequency. 

Tonic Padding 1 

In ms. The range between the last spike and the end of the current to be considered as tonic firing. 

 

Implementing a software tool takes time. SiliFish developed gradually since the beginning, 

and it helped me tremendously in generating and testing the model. However, there is much more 

to be done. Writing software for one’s own use or the general public has different requirements. 

SiliFish is available for any researcher who does computational modelling; therefore, great 

attention was paid to making the UI user-friendly and intuitive. Nevertheless, due to the time 

limitation of a master’s program, many shortcuts had to be taken, and many features were added 

to the list of “future improvements.” 
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5.3 Speed Networks 

Some fish swim slow. 

5.3.1 Swimming Speeds 

The swimming speed of larval and zebrafish, measured as tail beat frequencies (TBF), are 

divided into slow, intermediate, and fast speeds in the literature (Ampatzis et al., 2014; Kimura 

and Higashijima, 2019; Song et al., 2020) (Table 1). However, these ranges may not be as distinct 

as we are making them.  

Depending on the study, different TBF ranges can be put into different swimming speed 

categories (Ampatzis et al., 2014; Berg et al., 2023; Björnfors et al., 2019; Budick and O’Malley, 

2000; Portugues and Engert, 2011). For example, for adult zebrafish, a 7.5 Hz can be considered 

as intermediate (Ampatzis et al., 2014; Björnfors et al., 2019) or fast (Berg et al., 2023) swimming, 

depending on the study. The intermediate swimming TBF range of larval zebrafish becomes 

specifically hard to determine, as not all studies use the three different categories but rather 

differentiate only slow and fast swimming (Kimura and Higashijima, 2019; Severi et al., 2014). 

Furthermore, in the majority of the studies, there is a continuation of TBF that goes from slow to 

intermediate ranges (Kawano et al., 2022; McLean and Fetcho, 2009; Menelaou and McLean, 

2019; Müller and Van Leeuwen, 2004; Severi et al., 2014) 

Despite multiple studies focusing on larval stages of the fish, there can be differences in 

their results due to fish’s age and developmental differences. A wide range of four to nine dpf 

animals are used in many larval zebrafish studies (Asakawa et al., 2021, 2013; Bello-Rojas et al., 

2019; Böhm et al., 2022; Budick and O’Malley, 2000; Buss and Drapeau, 2001; Dou et al., 2008; 

Eklöf Ljunggren et al., 2014; Higashijima et al., 2004a, 2004b; Kishore et al., 2014; McLean and 

Fetcho, 2009; Menelaou et al., 2014; Menelaou and McLean, 2012; Myers et al., 1986; Portugues 

and Engert, 2011; Roussel et al., 2020; Satou et al., 2020, 2012). It is also expected to have 

individual differences between animals such that one zebrafish can generally swim faster than 

another conspecific. Even a single animal can show a variety in swimming speeds in a multi-trial 

experiment (Callahan et al., 2019), which could make determining the cut-off line between two 

speeds more challenging. 
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Despite all the unclarity in determining the speed categories, as having the goal of 

modelling the speed microcircuits, an approximation was made using these multiple sources as a 

reference for my tests. The 20-40 Hz, 40-60 Hz, and 60-80 Hz were accepted as the ranges to be 

aimed to achieve with the model (Table 1). A serious effort was spent to give these results while 

fine-tuning the model parameters. Despite the effort, the ranges produced were only 20.70-33.92 

Hz, 24.42-43.98 Hz, and 48.51-66.01 Hz (Figure 14A). The slow mode had the TBF on the lowest 

end of the spectrum. The intermediate mode covered most of the slow swimming range, extending 

to the intermediate swimming range only slightly. The fast mode covered the high end of the 

intermediate swimming and the low end of the fast-swimming ranges. 

There may be multiple reasons for this mismatch. As mentioned, there may be individual 

differences among fish regarding how fast they swim. In the current model, each cell group and 

synapse were defined with a unique set of parameters that were the same across the spinal cord. 

These parameter combinations might as well have a limit on the TBF they can generate. For 

example, the pMN firing frequency in Figure 27 shows very little inter-burst intervals (IBI). 

Increasing the excitation to those neuronal groups was causing a tonic firing with no clear breaks, 

which prevented the left-right alternation (data not shown). This may be due to the intrinsic 

properties of the pMNs or the weights and patterns of the incoming projections to the pMNs. These 

were all tweaked, of course, during the testing process. However, with the current level of 

complexity, a lower level of accuracy than desired was accepted as ‘good enough’ many times 

during the testing process. 

Another reason for the small TBFs may be due to the simplification of the model. Maybe 

having ten somites instead of 30, having one cell instead of the actual number of cells per somite 

of each group (which varied from 4 to 40, Table 14) might have caused the body to be stiffer, less 

flexible, and therefore less able to create frequent tail beats. If we were to look at the MN activity, 

the stiff body would not explain the issue. In this case, the input synaptic conductance 

approximation may be to blame. The conductance values were multiplied by the probability of the 

synapse and the number of cells the presynaptic cell represents, as explained in the Methods 

section. This approximation is also very simplistic. The idea was to be able to capture, let us say, 

ten chemical synapses a pMN is getting from ten V0v-As with 30% probability (Table 14 & Table 

15). It may capture the total effect, but it does not capture the difference in the timing of the activity 
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on these synapses. If the actual number of cells and synaptic weights were to be used, the impact 

of those synapses could be more subtle rather than having them active all at once. 

The large overlap of the slow and intermediate mode swimming does not necessarily point 

to an issue either. The speed circuits in the zebrafish spinal cord may not work as in a relay race 

but rather have some redundancy in the behaviour they generate by incorporating different circuits. 

After all, redundancy is observed in biology and encoded even in our genes. It may be possible 

that different networks generate similar swimming speeds. It may also be possible that different 

networks are recruited at different times, like from slow to fast swimming or from fast to slow 

swimming. The current model does not yet cover these types of transitions, so this is only a 

speculation. However, it would be interesting to come back to these overlapping ranges after the 

model is further improved. 

5.3.2 Recruitment of different cellular groups 

During slow, intermediate, or fast swimming, there are certain expectations on which 

neuronal pools will be active and which pools will not (Table 3). Similar results were observed 

when the model was run on different slow, intermediate, and fast modes to potentially trigger their 

corresponding speed circuits. 

5.3.2.1 V0vs and V2as 

The V0vs and V2as are recruited at different swimming speeds (McLean et al., 2008). 

However, there are multiple subtypes of both neuronal groups, so the separation of their 

recruitment may not be that sequential. For example, V0vs have slow, intermediate and fast 

subgroups that may have different roles at different swimming speeds (Kishore et al., 2014; Satou 

et al., 2012). Therefore, the model was designed so that slow rheobase V0v-Ds should be active 

during slow swimming, whereas V0v-As and V0v-Bs should be activated during intermediate and 

fast swimming. The results aligned with the design, and V0v-Ds showed activity only during slow 

swimming, whereas V0v-As and V0v-Bs were recruited during intermediate and fast modes 

(Figures 19, 24, and 30).  

The lack of activity of V0v-Ds during fast mode was not solely due to lack of activation 

but rather their inhibition, as suggested by literature (Kimura et al., 2006; McLean et al., 2008; 

Satou et al., 2012). When the model received a stimulus that would trigger both the slow and fast 
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modes, the excitatory input V0v-Ds were insufficient for them to show spiking activity due to the 

inhibitory processes involved in fast mode (data not shown). 

The level of activity V0v-As and V0v-Bs displayed were very similar. Surprisingly, the 

activity across different somites showed higher variability in the intermediate mode than in the 

fast mode (Figure S3). This difference is worth further investigation. V0vs receive inhibitory 

inputs from V1s, and one test to replicate a V1 ablation study was unsuccessful (V1 ablation did 

not generate the expected results.). There can be possible propagation of error of V1 activity to the 

V0v activity, which creates this variability. 

V2a-Type-I-DH and V2a-Type-II-D showed activity only during the fast mode, V2a-VB 

during the slow mode, and V2a-Type-I-DL and V2a-Type-I-DM during the intermediate mode 

(Figures 19, 24, and 30).  This was not surprising, as these neuronal populations directly received 

stimulation in their respective swimming modes. V2a-Type-I-DH and V2a-Type-II-D populations 

having high rheobase values were sufficient for them not to be triggered in slower swim modes. 

V2a-VBs have a low rheobase and can be activated easily. However, the inhibition they received 

from almost every inhibitory neuronal group in the model was a guarantee that they were 

completely silenced in the fast modes.  

The optic stimulation tests where both V2as and V0vs, or only V2as, were simultaneously 

activated were successful and generated swimming-like behaviour (Simulation of Optogenetic 

Stimulation). These tests are very similar to the swimming tests that were run, with two major 

differences. The first one is that the swim tests have selective activations to imitate the supraspinal 

inputs, triggering different swimming speeds. In neither slow, intermediate, or fast swim modes 

were all excitatory neurons stimulated simultaneously. The second difference is that there was no 

rostrocaudal delay in the optogenetic stimulation test modes, whereas a delay was added to swim 

test modes to imitate the delay from the supraspinal regions. Despite these differences, the results 

were similar: a rostrocaudal delay was intrinsically generated by the neuronal connections, and 

tail-beating behaviour was observed (Figure 31B, Figure 33B). These tests can be considered as 

an indicator of the robustness of the network that different patterns of excitations can produce 

similar behavioural results. 
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5.3.2.2 dI6s versus V0ds 

V0vs and V2as are the only excitatory neuronal populations in the model. Their selective 

excitation was enough to generate activity, resulting in tail-beating behaviour. However, inhibition 

is the main contributor to the left and right alternation and rhythmicity. Fine-tuning the 

connectivity patterns of the inhibitory neurons turned out to be more complicated than working 

with excitatory neurons. 

Among the inhibitory neuronal groups, dI6s and V0ds are recruited at different swimming 

speeds (Picton et al., 2022; Satou et al., 2020). dI6s are involved in contralateral inhibition during 

slow and intermediate swimming, whereas V0ds during fast swimming. The results observed from 

my model were consistent with these expectations (Figures 19, 24, and 30). dI6s were active during 

slow and intermediate swimming but completely silent during fast swimming. V0ds, on the other 

hand, were completely silent during slow mode but active at variable degrees during the 

intermediate and fast modes. 

As can be seen, there was a big overlap in the activity of dI6s and V0ds. Furthermore, the 

activity of dI6 increases during the intermediate modes at the same time V0ds get into the picture 

(Figure 24). To the best of my knowledge, whether there is an overlapping activity of these two 

populations exists is not clear. To make things more complicated, dI6s and V0ds can both be 

studied under the name of CoBL without a distinction (Liao and Fetcho, 2008; McLean et al., 

2007; Svara et al., 2018), which makes fine-tuning the activities of these inhibitory neuronal 

groups more challenging. 

On another aspect, there was no dI6 spiking activity in fast modes, as expected (Figure 30). 

However, this was not due to dI6 inhibition, as suggested in the literature (Satou et al., 2020), but 

rather the lack of activation (data not shown). They were silent, but they were not silenced. They 

receive strong inhibition from V1s, which shows no purpose in the model. Therefore, there is an 

apparent lack of excitatory input to these neuronal pools at the model's current state. 

On a positive note, the glycine inhibition study replication where dI6 outgoing projections 

were deactivated and V0d outgoing projections were updated to reflect GABA release only gave 

the expected results of disrupted left-right alternation (Figure 31C, Figure 33C).  

Overall, dI6 and V0d populations were successful in creating the desired output. However, 

there are still places for improvement behind the scenes. 
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5.3.2.3 V1s and V2bs 

V1 subgroup activations observed were in line with what was expected based on the 

literature: V1-Slows were active during the slow mode, V1-Fasts were active during the fast mode, 

and V1-Hybrids were active across the board (Table 3) (Kimura and Higashijima, 2019; Wilson 

and Sweeney, 2023). The model was able to imitate their activation pattern successively. However, 

their impact on the model was not as promising, as can be seen by the V1 ablation test results 

(Figure 40). 

A similar success and failure pattern was observed with the V2b population recruitment 

and roles. V2b-Mixeds were recruited during the intermediate mode, whereas V2b-Glys were 

activated during both intermediate and fast modes (Figures 19, 24, and 30).  Their involvement 

during intermediate swimming is unclear (Callahan et al., 2019); therefore, these results can be 

considered as expected. However, replicating the V2b ablation study did not generate the desired 

output (Figures 38 and 39). Higher and lower activity of V2bs did not result in lower and higher 

TBFs as expected (Callahan et al., 2019). The results were inconclusive; TBFs were lowered in 

some modes but increased in others. 

However, the differences in measurement between the replicated study and SiliFish require 

some attention. Callahan et al. (2019) focused on the change of first inter-burst intervals (IBI) 

when they activated the V2bs. The remaining IBIs also showed a reduction but were not as 

prominent. The TBF values generated by SiliFish do not have detailed information on how the 

TBF changes across an episode. A single value is calculated for the whole episode unless there is 

an apparent time gap between the tail beats. Furthermore, in reality, the fish switches from one 

swim mode to another in a single episode (McLean et al., 2008), which is not currently 

incorporated in the model. It may not be possible, or fair, to try to replicate some of these studies 

with the current model. 

One of the major handicaps of using SiliFish is that the ease of using its features makes it 

preferable to limit the analysis to what is provided in the software. It is possible to export the 

spiking data and calculate the rolling TBFs across an episode rather than an individual number; 

however, given the vast amount of data and possible tests, it would be a much better alternative to 

expand SiliFish to include this feature. These types of needs brought the state of SiliFish to what 

it is now. There are no boundaries on what more can be done. 
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Despite the differences in the data interpretation from the two failed tests of V1 inhibition 

and V2b activity manipulations, it is apparent that the model needs more tweaking, especially in 

the involvements of the inhibitory neuronal groups. 

5.3.2.4 MNs and Muscle cells 

Slow muscle cells were only active during slow and intermediate swimming, and no 

activity was observed during fast swimming (Figures 19, 24, and 30). However, some activity is 

also expected to be observed during the fast swimming, even though reduced (Buss and Drapeau, 

2002). This discrepancy may be due to the low activation of the sMN-ms-type MNs in fast mode 

(Figure 30, S7-C). There was some presence of sMN-ms-type activation, which has projections to 

both slow and fast muscle cells; however, it was not enough to trigger activity in the slow muscle 

cells in the fast mode. Furthermore, the activation of these MNs seems to be limited to the most 

caudal somite (Figure S7-C). 

The analyses of spike frequency or spike count values can tell different stories on the 

success of cell recruitments (Figure 19). When we look at the spiking frequencies of fast muscle 

cells during slow mode when they should be silent, there is 11.06 Hz (IQR 8.78-13.56) activity 

(Figure 19A). However, the number of spikes is slim if we look at the spike count per episode. 

During the slow mode, the fast muscle cells on the most caudal somites show two to a maximum 

of five spikes in some episodes (data not shown). 

Therefore, focusing only on the spike counts, we can see that pMN recruitment is only 

during fast mode, which aligns with the literature (Liu and Westerfield, 1988; McLean et al., 2007). 

sMN-m-type MNs showed higher activity in the intermediate mode compared to the fast, which 

seems to be inconsistent with the literature (Bello-Rojas et al., 2019; Fetcho and Mclean, 2010; 

Kishore et al., 2014; Knafo et al., 2017; McLean et al., 2007). They should have shown little, if 

any, activity during the intermediate mode and much higher activity during fast swimming. 

However, looking at the difference in firing behaviour of sMN-m-type MNs and pMNs (Figure 

27), it is easy to see that looking at the spike count may not be the right measure for such 

comparisons. The bursting frequency may be a better indicator. The reason why burst count or 

burst frequency was not used in the data analysis was due to possible errors in firing pattern 

determination, as mentioned above. 
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Moving on, the expected neuronal populations of sMN-s-type and sMN-ms-type were 

recruited in slow mode. This is not surprising, as the slow mode comprises a low-level stimulation 

only to a small subset of excitatory neurons, and there is not much opportunity for the network to 

go haywire. The model works in a low gear, just enough to activate a selective group of neurons 

in the spinal cord and let the others wait their turns. 

Overall, visually studying the plots of activities in SiliFish, the recruitment patterns were 

similar to what was expected. However, when I started looking at other measures like spike 

frequency or spike count, the details I could catch by visual inspection were lost, and the results 

became inconclusive. This is a good indicator of better analysis features that should be 

incorporated to determine the recruitment levels of cellular groups. 

5.4 Statistical Analysis Results 

Statistical versus biological significance.  

5.4.1 Impact of the Stimulation Duration 

With such an extensive number of parameters, expediting the testing process and trying 

many different models quickly was crucial. Therefore, 500 ms was used for the stimulus episode 

duration for fast simulations. The model showed robustness and no visual differences during each 

episode. However, it was still important to double-check what the results would be if the episodes 

were, in fact, longer. Therefore, a comparison between twenty episodes of various lengths between 

500 ms – 10 s was made (Figure 42). 

Statistically, the 500 ms and 10 s episode tests formed one group, and 1, 2, and 3 s episode 

tests formed another group (Figure 42B). However, the statistical difference may not be that 

relevant in this case due to the range of TBF numbers and how they were calculated in the first 

place.  

With 500 ms episodes and 1 s episodes, the ranges were [20.70-23.52 Hz] and [22.13-22.21 

Hz]. Specifically, the range for 1 s episodes was tight, and that is probably due to the way TBF is 

calculated. As mentioned above, currently, SiliFish does not provide the running TBF values 

across an episode but rather calculates a single number. This way of calculation would hide the 

variability across the episode; therefore, having a tight range across twenty trials is not surprising. 
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As the TBF values were not normally distributed, we can look at their median values for 

comparison. The medians were 22.59, 23.76, 23.13, 23.75, and 22.16 Hz for the five durations 

mentioned above. There is only a 7% difference between the highest and lowest TBF values. 

Considering the 20 Hz range used to determine the swimming mode (Table 1), this statistical 

significance can be considered biologically insignificant. 

5.4.2 MN activity versus tail beat 

Based on how other studies use the ventral root activity at the midpoint of the spinal cord 

to determine motor behaviour (Kawano et al., 2022; Kimura et al., 2013; Menelaou et al., 2014; 

Satou et al., 2020, 2009; Talpalar et al., 2013; Wilson et al., 2010; Zhang et al., 2011). With a 

similar approach, the MN activity on the sixth somite was observed during my visual inspections. 

To decide whether the tip of the tail movement and MN activity on the sixth somite are 

correlational, a pairwise comparison was made using the Kruskal-Wallis test (Figure 43, S24, S25, 

and S26). The tail and sixth somite activity were not significantly different from each other when 

all modes were pooled, as well as Slow and Inter-I modes. However, they were significantly 

different in the faster modes: Inter-II, Inter-III, and Fast (Figure S26). 

Looking deeper into their median and IQR of the modes that show significant differences 

between the tail and the sixth somite: the Fast mode statistics are 58.65 (IQR 55.82-60.42) and 

50.59 (IQR 48.3-53.18) for the tail and sixth somite. There is no overlap between these ranges, 

and TBF measured by the tail is 16% larger than the one measured by the MN activity on the sixth 

somite. The Inter-II mode statistics are 40.12 (IQR 38.64-41.8) and 43.84 (IQR 43.3-45.06) for 

the tail and sixth somite. Again, there is no overlap between these ranges and TBF measured by 

the tail is 8% smaller than the MN activity calculated results this time. The highest difference was 

observed in the Inter-III mode, with 31.22 (IQR 28.43-36.44) and 52.99 (IQR 48.96-57.71) for the 

tail and sixth somite. The TBF measured by the tail was smaller than the MN-measured TBF by a 

whopping 41%.  

This discrepancy would probably be biologically significant. Further investigation is 

necessary to understand how a frequent left-right alternation on the sixth somite MN activity is not 

converted to tail beats properly. I was focused on generating the expected TBF ranges and 

activating certain cellular groups at each mode, and I could not reach the point of investing in such 

questions. 
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5.4.3 Impact of the target somites 

I decided to include this section in my thesis, because it is an indicator of how easy it was 

to make a mistake. Initially, the fast mode stimulation was only to the rostral regions. I was able 

to generate a model that was generating TBFs, even though in the lower end, in the fast-swimming 

speed ranges. After several modifications, the model was not able to generate high TBFs. A serious 

amount of time was spent on regenerating the previous results until I figured that the real problem 

is not the network parameters, but how it is stimulated. 

Even though experimental errors like this are time-consuming, there are lessons learned 

from them. There are also features born by them. A feature was implemented to compare different 

models to see what modifications have been done from one to another. This feature is not a 

complicated feature that would compare two unrelated models. Rather, it compares two different 

versions of the same models during the fine-tuning process. I had spent many hours on 

experimental errors like these, but the additional features lowered the number of such occurrences. 

5.5 Limitations 

"For I was conscious that I knew practically nothing..." - Plato. 

The approach in creating the model for the speed microcircuits was to replicate what is 

already known so that the model would be a good representation of the larval zebrafish. There are 

many studies working on zebrafish; however, the information available is far from complete.  

Adult zebrafish information can be, and sometimes was, used; however, it comes with 

some caveats. There are many developmental changes from larval to juvenile/adult zebrafish, 

which could negatively impact the model behaviour if a substitution of information is done 

(Björnfors et al., 2019; Svara et al., 2018). For example, the contribution of V0v is different at the 

larval and adult stages (Björnfors et al., 2019). Therefore, usage of knowledge of the adult 

zebrafish was kept to a minimum. 

The existing knowledge was tried to be completed in various ways, such as approximations 

or deductions, as explained in the Methods section. Some of these deductions were far-fetched. 

For example, to derive the conductance velocity from the soma sizes, the conductance values of 

only two V2a-type neurons and the soma sizes from a totally different source were used. The 
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validity of this approach is questionable. Knowing this, these types of approximations were still 

done rather than starting with random numbers. 

5.6 Possible Improvements (to the model and SiliFish) 

No rest for the wicked.  

Many models can be created to generate a desired output. The model's success relies on its 

representation of the many aspects of the organism it is modelling, not only the output. 

As seen in the tests that attempted to replicate the studies in the literature, the results were 

sometimes promising and other times disappointing. It is apparent that the model has to be tweaked 

more, so that it would pass the tests that are tried and others that have not yet been tried. 

After the model is brought to a state that passes these study replications, some proposed 

connectivities can also be tested. For example, one study predicts there is an excitation of V1s by 

m-type and ms-type sMNs (Bello-Rojas et al., 2019). V1 activation by MNs was not implemented 

as it is merely a prediction with no information on the connectivity patterns and parameters. 

Regardless, it would be interesting to add this connectivity to the model and observe its impacts. 

Another addition that could be added to the model is the contribution of V3 neurons to the 

swim amplitude (Wiggin et al., 2022). V3s have both ipsilateral and contralateral projections to 

MNs, which is different from any cell groups in the current model (Böhm et al., 2022; Fetcho and 

Mclean, 2010).  

Moving further, it is also possible to model the supraspinal inputs to the current model. 

SiliFish was expanded to include the supraspinal region, with the plan of including the supraspinal 

inputs to swim control. It was later removed to lower the complexity; however, it would be an 

important extension to the speed microcircuits. 

As was initially planned, the model’s complexity can also be increased gradually until the 

biological numbers per somite are used. The projection probabilities can be put back in place, and 

synaptic conductance values can be reverted doing the opposite of the approach taken during 

creating the reduced model. Out of curiosity, a quick and dirty attempt was made to convert the 

current model to full mode and run the simulation for a short time (as long-time simulations are 

resource-intensive). The results were not similar to the reduced model (data not shown). In fact, 
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they were more like the beginning stages of the reduced model, showing that a new series of fine-

tuning steps had to be taken. I would suspect this new fine-tuning process would not be as 

challenging, and it will really be “fine” tuning, but with this level of complexity, I would not be 

surprised if I am mistaken. 

Increasing the level of complexity would require some modifications to the software as 

well. The simulation speed relies on the processor of the computer used, and there is not much to 

be done to make the simulation run faster other than making some hardware investments. 

However, the memory requirement can be reduced. As mentioned in 2.2.5, two major time-

dependent parameters take up memory space during the simulation. One of them is the membrane 

potential values of the cells, and the other is the current information passing through each synapse. 

The membrane potential information is crucial to see the output of the simulation, so it was always 

kept in the memory. The current information, on the other hand, was not kept and recreated if and 

when the user wanted to visualize it on a plot after the simulation was completed. Removing the 

current information reduced the memory requirement drastically. 

To be able to handle the memory requirement of a more complex model, a better approach 

must be taken for the membrane potentials as well. It is not practical to have the same approach 

for the membrane potentials as done with the currents, as the membrane potential information is 

used in a window frame rather than at a specific instance only. So, it may be possible to keep only 

the values within that window frame, i.e. the longest time it would take for a membrane potential 

change in a cell to be propagated to another cell it is projecting to. This time frame would be easy 

to calculate by taking the projection lengths and the conduction velocities of each cell. This 

approach would require a more complex algorithm of reviewing the memory and cleaning up as 

time goes, and also would require recreating the data every time a plot is generated This is not 

practical and would definitely make the testing process even slower than before. 

Another approach to minimize memory usage is using a database to keep the data rather 

than the memory. Using the database would add time to the simulation time, but at least it would 

increase the complexity of possible models that can be tested. The usage of the database after a 

certain threshold of complexity of the simulation, which can easily be calculated by the simulation 

time and number of cells and synapses, would be the best solution. This would allow faster 
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simulations for simple models, and even though slower, would make more complex models 

possible.  

One major handicap of SiliFish is its platform dependence. Only Windows users can 

currently use the tool. However, its architecture was created with the idea that the core 

functionalities could be converted to a library format later in the future. The main engine is cross-

platform. One of the most important improvements that can be made to SiliFish is converting it to 

a library so that it will be accessible to more researchers. 

5.7 Significance 

My hope is…  

Despite the differences among different animals and how these different roles are 

distributed and maintained, studying simpler animals brings us closer to understanding the more 

complex mechanisms. Speed circuits are shown to be present in multiple organisms; however, 

their mechanism is not fully understood. A computational model can allow the testing of different 

hypotheses that may not be possible with the current experimental techniques and help understand 

various mechanisms.  

SiliFish provides an easy-to-use user interface for the researcher to generate and test spinal 

cord models quickly and easily. It being open-source and publicly available, its further 

development or usage is not limited to a specific person or institution. 

5.8 Conclusion 

Long story short…  

Despite the technological advancements of the past decades, there are still many limitations 

in observing the neuronal activity in a free-swimming zebrafish. The differences in goals, 

perspectives and approaches of different studies make it difficult to create a complete knowledge 

base of neuronal architecture. Using a computational model and having the flexibility of testing 

different hypotheses to fill in the gaps that are not yet covered by animal studies. A computational 

model can be created to generate any behaviour. Therefore, it is important to base a model using 

actual data and continuously tweak it with the newly published research results. With more focus 

on the software tool development, little time was left for the model creation and analysis, which 
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requires extensive fine-tuning of the model parameters and tool settings for the right data analysis. 

The model explained in this thesis was generated using the data available to date. It has space for 

improvement; however, it offers a good point to start. 

There were many mini hypotheses along the way. Anytime there was inconsistency, 

unclarity, or a lack of information available, educated guesses had to be made for various 

parameters without any direct link to a study. As new research becomes available, these parameter 

values need to be reset, and the model needs to be re-tweaked for it to be beneficial. 
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Appendices 

Appendix 1. Supplementary Material 

The Network 

Table S1. Conductance values and outreach types of the gap junctions 

Source Target Axon Reach 

Mode 

Projection Conductance 

(nS) 

Dist. 

Mode 

Max 

Out 

 Max 

In 

Muscle Slow Muscle Slow Ipsilateral Bifurcating 0.024 Euclidean 
  

pMN pMN Ipsilateral Bifurcating 0.0004 Euclidean 1 1 

sMN-m-type sMN-m-type Ipsilateral Bifurcating 0.002 Euclidean 
  

sMN-ms-type sMN-ms-type Ipsilateral Bifurcating 0.002 Euclidean 
  

sMN-s-type sMN-s-type Ipsilateral Bifurcating 0.002 Euclidean 
  

V0v-A sMN-ms-type Contralateral Ascending 0.001 Manhattan 
  

V0v-B sMN-ms-type Contralateral Bifurcating 0.001 Manhattan 
  

V0v-B sMN-s-type Contralateral Bifurcating 0.001 Manhattan 
  

V0v-D sMN-s-type Contralateral Descending 0.001 Manhattan 
  

V2a-Type-I-DH pMN Ipsilateral Descending 0.0024 Manhattan 
  

V2a-Type-I-DH V0d Ipsilateral Descending 0.0003 Manhattan 
  

V2a-Type-I-DH V2a-Type-I-DH Ipsilateral Descending 0.008 Manhattan 
  

V2a-Type-I-DH V2a-Type-I-DM Ipsilateral Descending 0.002364 Manhattan 
  

V2a-Type-I-DH V2a-Type-II-D Ipsilateral Descending 0.000482 Manhattan 
  

V2a-Type-I-DH V2a-VB Ipsilateral Descending 0.001182 Manhattan 
  

V2a-Type-I-DL sMN-m-type Ipsilateral Descending 0.0012 Manhattan 
  

V2a-Type-I-DL sMN-ms-type Ipsilateral Descending 0.0012 Manhattan 
  

V2a-Type-I-DL sMN-s-type Ipsilateral Descending 0.0012 Manhattan 
  

V2a-Type-I-DL V0d Ipsilateral Descending 0.0003 Manhattan 
  

V2a-Type-I-DL V2a-Type-I-DL Ipsilateral Descending 0.002002 Manhattan 
  

V2a-Type-I-DL V2a-VB Ipsilateral Descending 0.001116 Manhattan 
  

V2a-Type-I-DM sMN-m-type Ipsilateral Descending 0.0012 Manhattan 
  

V2a-Type-I-DM sMN-ms-type Ipsilateral Descending 0.0012 Manhattan 
  

V2a-Type-I-DM sMN-s-type Ipsilateral Descending 0.0012 Manhattan 
  

V2a-Type-I-DM V0d Ipsilateral Descending 0.0003 Manhattan 
  

V2a-Type-I-DM V2a-Type-I-DM Ipsilateral Descending 0.004004 Manhattan 
  

V2a-Type-I-DM V2a-Type-II-D Ipsilateral Descending 0.000482 Manhattan 
  

V2a-Type-I-DM V2a-VB Ipsilateral Descending 0.001182 Manhattan 
  

V2a-Type-II-D pMN Ipsilateral Bifurcating 0.0041 Manhattan 
  

V2a-Type-II-D sMN-m-type Ipsilateral Bifurcating 0.0036 Manhattan 
  

V2a-Type-II-D V0d Ipsilateral Descending 0.00014 Manhattan 
  

V2a-Type-II-D V2a-Type-II-D Ipsilateral Descending 0.001 Manhattan 
  

V2a-VB V2a-VB Ipsilateral Descending 0.001472 Manhattan 
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Table S2. Conductance values and outreach types of the NMJs 

 

                  Target 

Source 

Muscle Fast AP Muscle Slow 

pMN ⬆⬇ G = 5 nS 
 

sMN-m-type ⬆⬇ G = 4 nS  

 

sMN-ms-type ⬆⬇ G = 2.5 nS  ⬆⬇ G = 0.6 nS  

sMN-s-type 
 

⬆⬇ G = 2 nS 

⬆: Ipsilateral ascending 
⬇: Ipsilateral descending 
 

Table S3. Conductance values and outreach types of the chemical synapses to MNs. 

All conductance values are in nS. 

              Target 

Source 

pMN sMN-m-type sMN-ms-type sMN-s-type 

dI6-A ⬈⬊ 5.58 ⬈⬊ 5.58 ⬈⬊ 5.58 ⬈⬊ 5.58 

dI6-B ⬈⬊ 5.58 ⬈⬊ 5.58 ⬈⬊ 5.58 ⬈⬊ 5.58 

V0d ⬈⬊ 8 ⬈⬊ 16.01 ⬈⬊ 16.01 ⬈⬊ 16.01 

V0v-A ⬈ 0.1875 ⬈ 0.375 
  

V0v-B 
  

⬈⬊ 0.375 
 

V0v-D 
   

⬊ 0.15 

V1-Fast ⬆ 5.5 ⬆ 3 ⬆ 3 ⬆ 4.5 

V1-Hybrid 
 

⬆ 2.25 ⬆ 2.25 ⬆ 2.25 

V1-Slow 
  

⬆ 1.5 ⬆ 1.5 

V2a-Type-I-DH ⬆⬇ 1.5 ⬇ 0.345 
  

V2a-Type-I-DL 
   

⬇ 1.035 

V2a-Type-I-DM 
 

⬇ 0.828 ⬇ 0.9 
 

V2a-Type-II-D ⬆⬇ 0.3602 ⬆⬇ 0.4825 
  

V2a-VB 
   

⬆⬇ 0.7275 

V2b-Gly ⬇ 7 ⬇ 3.75 
  

V2b-Mixed 
  

⬇ 3.75 ⬇ 3.75 

⬈: Contralateral ascending 

⬊: Contralateral descending 
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Table S4. Conductance values and outreach types of the chemical synapses to inhibitory neurons. 

All conductance values are in nS. 

              Target 

Source 

dI6-A dI6-B V0d V1-Fast V1-Hybrid V1-Slow V2b-Gly V2b-Mixed 

dI6-A ⬈⬊ 2.13 
  

⬈⬊ 3.73 ⬈⬊ 20 ⬈⬊ 3.73 
 

 

dI6-B 
 

⬈⬊ 2.13 
 

⬈⬊ 3.73 ⬈⬊ 20 ⬈⬊ 3.73 
 

 

V0d 
  

⬈⬊ 1.5 ⬈⬊ 10 ⬈⬊ 10 ⬈⬊ 29.76 
 

 

V1-Fast ⬆ 7.5 ⬆ 7.5 ⬆ 7.5 ⬆ 1.15 
  

⬆ 2  

V1-Hybrid ⬆ 7.5 ⬆ 7.5 ⬆ 7.5 
 

⬆ 0.85 
 

⬆ 1.5 ⬆ 1.5 

V1-Slow ⬆ 7.5 ⬆ 7.5 
   

⬆ 0.5 
 

⬆ 1.5 

V2a-Type-I-DH 
  

⬇ 4 ⬇ 1.2 ⬇ 0.7 
 

⬇ 0.2  

V2a-Type-I-DL ⬇ 2.5 ⬇ 2.5 
  

⬇ 0.6 ⬇ 0.4 
 

⬇ 0.2 

V2a-Type-I-DM 
  

⬇ 0.996 ⬇ 0.1 ⬇ 0.326 
 

⬇ 0.1 ⬇ 0.2 

V2a-Type-II-D 
       

 

V2a-VB ⬇ 0.436 ⬇ 0.436 
 

⬇ 0.134 ⬇ 0.134 
  

 

V2b-Gly ⬇ 0.695 
 

⬇ 0.695 ⬇ 2 
  

⬇ 0.695  

V2b-Mixed ⬇ 0.695 ⬇ 0.695 
  

⬇ 2 ⬇ 2 
 

⬇ 0.695 

 

Table S5. Conductance values and outreach types of the chemical synapses to excitatory neurons. 

All conductance values are in nS. 

 

 

            Target 

 

Source 

V
0

v
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V
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V
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a
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p

e-
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-D
 

V
2

a
-V

B
 

dI6-A 
   

⬈⬊ 2.98 ⬈⬊ 0.55875 ⬈⬊ 0.745 
 

⬈⬊ 2.98 

dI6-B 
   

⬈⬊ 2.98 ⬈⬊ 0.55875 ⬈⬊ 2.98 
 

⬈⬊ 2.98 

V0d 
   

⬈⬊ 3 ⬈⬊ 20 ⬈⬊ 1.5 
 

⬈⬊ 2.232 

V1-Fast ⬆ 0.75 ⬆ 0.75 ⬆ 8 ⬆ 3.75  

⬇ 1 

⬆ 3.75 

⬇ 0.75 

⬆ 3.75  

⬇ 0.75 

⬆ 5  

⬇ 1 

⬆ 3.75  

⬇ 0.75 

V1-Hybrid ⬆ 0.75 ⬆ 0.75 ⬆ 3 ⬆ 3.75  

⬇ 0.75 

⬆ 5  

⬇ 1 

⬆ 3.75  

⬇ 0.75 

⬆ 5  

⬇ 1 

⬆ 3.75  

⬇ 0.75 

V1-Slow ⬆ 0.75 ⬆ 0.75 ⬆ 2 ⬆ 3.75  

⬇ 0.75 

⬆ 2.5  

⬇ 0.5 

⬆ 3.75  

⬇ 0.75 

⬆ 3.75  

⬇ 0.75 

⬆ 3.75  

⬇ 0.75 

V2a-Type-I-DH ⬇ 0.275 ⬇ 0.2 
 

⬆⬇ 1 
  

⬆⬇ 1.5 
 

V2a-Type-I-DL 
    

⬆⬇ 0.5 ⬆⬇ 0.1 
  

V2a-Type-I-DM ⬇ 0.2 ⬇ 0.2 
   

⬆⬇ 0.3 ⬆⬇ 0.25 
 

V2a-VB 
 

⬇ 0.91 
    

⬆⬇ 1.34 
 

V2b-Gly ⬇ 0.695 ⬇ 0.695 
 

⬇ 3.25 
 

⬇ 3.25 ⬇ 4 
 

V2b-Mixed 
  

⬇ 0.695 
   

⬇ 3.25 ⬇ 3.25 
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Figure S1. Activation of cell groups differs across the swimming modes. 

Related to Figure 13. The distribution of the spiking counts of each cell group in slow, intermediate, and fast swim 

modes. The boxes show the median and 25-75 IQR. Asterixes are the outliers. N = 20 for the slow and fast swim 

modes and 60 for the intermediate mode.  
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Figure S2. The spiking frequency of dI6s and V0ds plotted against the TBF observed. 

Different somites are displayed in different colours. The first two somites were excluded for clarity. The plotted data 

includes all five testing modes (Table 18 - Statistical Analysis) with a train of twenty 500 ms step stimuli with 300 ms 

breaks in between. (A) dI6-A, (B) dI6-B, (C) V0d. (N = 100). 
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Continuing from Figure S2. (A) V0v-A, (B) V0v-B, (C) V0v-D. 

Figure S3 The spiking frequency of V0v subgroups plotted against the TBF observed. 
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Continuing from Figure S2. (A) V1-Fast, (B) V1-Hybrid, (C) V1-Slow. 

Figure S4. The spiking frequency of V1 subgroups plotted against the TBF observed. 
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Continuing from Figure S2. (A) V2a-Type-I-DH, (B) V2a-Type-I-DM, (C) V2a-Type-I-DL. 

Figure S5. The spiking frequency of Type I V2a subgroups plotted against the TBF observed. 
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Continuing from Figure S2. (A) V2a-Type-II-D, (B) V2a-VB. 

  

Figure S6. The spiking frequency of ventral V2a and Type II dorsal V2a subgroups plotted against the TBF observed. 
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Figure S7. The spiking frequency of V2b subgroups plotted against the TBF observed. 

Continuing from Figure S2. (A) V2b-Gly, (B) V2b-Mixed. 
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Continuing from Figure S2. (A) pMN, (B) sMN-s-type, (C) sMN-ms-type, (D) sMN-s-type.

Figure S8. The spiking frequency of all MN subgroups plotted against the TBF observed. 
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Continuing from Figure S2. (A) Fast muscle cells showed activity across a wide range of TBF, with higher spiking 

frequency at higher swimming speeds. (B) Slow muscle cells were active during slow and intermediate swimming 

modes. (C) Zoomed in version of the plot in (B), where the outlier spiking frequencies over 500 Hz were removed for 

clarity. 

Figure S9. The spiking frequencies of muscle cells plotted against the TBF observed are shown. 
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Slow Network 

 

Related to Figure 16. The activity on the third (A) and ninth (B) somites show similar activity. The third somite 

receives stimulation, whereas the ninth somite does not. The slow network is capable of transferring the activation 

caudally.  

Figure S10. The excitatory neurons displayed rhythmic behaviour in the slow mode. 



 

167 

 

 

Figure S11. Left and right alternation of the excitatory neurons in the slow mode is shown. 

Zoomed-in activity for the cells plotted in Figure S10A shows the left and right alternation. Dashed lines are added to 

reflect the peak of the cell activity on the right side of the spinal cord activity to the left side. 
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Figure S12. The inhibitory neurons displayed rhythmic behaviour in the slow mode. 

The activity of the inhibitory neurons on the third somite is shown, which is related to Figure16. dI6-A, dI6-B, V1-

Slow, and V1-Hybrids showed activity across the applied stimulus range.  
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Figure S13. Inhibitory neurons showed left-right alternation in the slow mode. 

Related to Figure S12. Zoomed-in activity for the inhibitory cells on the third somite to show the left and right 

alternation. Dashed lines are added to reflect the peak of the cell activity on the right side of the spinal cord activity 

to the left side. 
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Intermediate Network 

Related to Figure 22. Fast muscle cells do not show activity during low stimulus amounts. As the stimulation increases, 

they start to get activated. The displayed cell is located on somite six. 

Figure S14. Changing activity levels of muscle cells during the intermediate mode. 



 

171 

 

Related to Figure 22. sMN-ms-type and sMN-s-type MNs do not show activity during low stimulus amounts. As the 

stimulation increases, they start to get activated. The MNs shown are located on somite six. 

 

  

Figure S15. Activity levels of sMNs in the intermediate mode. 
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Figure S16. Changing activity levels of V0vs in the intermediate mode. 

Related to Figure 22. V0v-As and V0v-Bs do not show activity during slow and intermediate swimming with low 

stimulus amounts. As the stimulation increases, both groups start to get activated. The V0vs shown are located on 

somite six. 
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Figure S17. Activity levels of dI6s and V0ds changed based on the stimulus amount in the intermediate mode. 

Related to Figure 22. dI6s show activity at all levels of stimuli. On the other hand, V0ds get into the picture only at a 

high level of stimulation. The inhibitory neurons shown are located on somite six. 
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Figure S18. V1-Slows and V1-Hybrids displayed rhythmic behaviour in the intermediate mode. 

Related to Figure 22. Both V1-Slow and V1-Hybrid inhibitory neurons showed activity across all levels of stimulus 

levels applied. V1-Fast activity is not displayed as they had only several spikes at the maximum stimulus period. The 

V1s shown are located on somite six. 
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Related to Figure 22. The zoomed-in activity of left and right V2as on somite six shows clear left and right alternation.  

 

Figure S19. Left and right alternation of excitatory neuron activity in the intermediate mode. 
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Figure S20. The Spike count distribution of the cell groups in intermediate mode, separated by stimulus quantity. 

Related to Figure 24. Notice that the y-axis scales are different. Inter-I (A), Inter-II (B), and Inter-III (C) modes 

received 50-50 pA, 100-100 pA, and 150-450 pA current stimulation to V2a-Type-I-DL and V2a-Type-I-DM 

populations. 
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Fast Network 

Related to Figure 26. 

 

Figure S21. Left-right alternation in the excitatory neurons of the fast mode. 
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Optogenetic Stimulation 

Related to Figures 31-32. (A) The activity of V1s on the sixth somite. (B) The left-right alternation is disrupted, and 

frequency is lowered when glycinergic synapses are deactivated. 

Figure S22. The activity of the V1s with the optogenetic stimulation experiment. 
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Figure S23. The activity of the V2as and V2bs with the optogenetic stimulation experiment. 

Related to Figures 33-36. (A) The activity of V2as and V2bs on the sixth somite. (B) The left-right alternation is 

disrupted, and frequency is lowered when glycinergic synapses are deactivated. 
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MN activity versus tail beat 

 

Figure S24. The comparison of the distribution of TBFs calculated by the tail tip movement and MN activity on different somites 

in slow and fast modes is shown. 

Related to Figure 43. The first two somites were excluded from the comparison. (A) Slow mode. The y-axis of the 

slow mode was scaled to better focus on the more caudal somites. Somites 3-5 are off the chart. (Tail: 22.59 (IQR 

20.8-22.7), N = 20; Somite 3: 88.79 (IQR 88.79-1), N = 1; Somite 4: 160.17 (IQR 160.17-1), N = 1; Somite 5: 108.82 

(IQR 108.82-20), N = 1; Somite 6: 21.62 (IQR 21.55-21.83), N = 20; Somite 7: 21.61 (IQR 21.54-22.74), N = 20; 

Somite 8: 23.53 (IQR 21.62-23.59), N = 20; Somite 9: 25.39 (IQR 24.55-25.51), N = 20; Somite 10: 25.7 (IQR 25.08-

27.09), N = 20), (B) Fast mode (Tail: 58.65 (IQR 55.82-60.42), N = 20; Somite 3: 56.13 (IQR 53.96-58.58), N = 20; 

Somite 4: 55.22 (IQR 54.71-57.19), N = 20; Somite 5: 54.6 (IQR 51.98-57.41), N = 20; Somite 6: 50.59 (IQR 48.3-

53.18), N = 20; Somite 7: 49.51 (IQR 48.1-52.88), N = 20; Somite 8: 57.59 (IQR 55.31-61.11), N = 20; Somite 9: 

57.32 (IQR 54.89-60.48), N = 20; Somite 10: 98.56 (IQR 91.94-100.66), N = 20) 
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Figure S25. The comparison of the distribution of TBFs calculated by the tail tip movement and MN activity on different somites 

in intermediate modes is shown. 

Related to Figure 43. The first two somites were excluded from the comparison. (A) Inter-I Mode (Tail: 34.09 (IQR 

32.99-34.45), N = 20; Somite 3: 30.51 (IQR 28.54-31.87), N = 20; Somite 4: 33.86 (IQR 32.39-35.27), N = 20; Somite 

5: 35.13 (IQR 34.38-36.68), N = 20; Somite 6: 35.91 (IQR 33.77-36.71), N = 20; Somite 7: 35.96 (IQR 34.09-37.63), 

N = 20; Somite 8: 35.64 (IQR 34.52-36.7), N = 20; Somite 9: 36.12 (IQR 35.33-37.37), N = 20; Somite 10: 35.96 

(IQR 35.23-36.9), N = 20), (B) Inter-II Mode (Tail: 40.12 (IQR 38.64-41.8), N = 20; Somite 3: 40.64 (IQR 38.91-

42.02), N = 21; Somite 4: 42.37 (IQR 40.05-43.69), N = 20; Somite 5: 43.86 (IQR 43.36-46.02), N = 20; Somite 6: 

43.84 (IQR 43.3-45.06), N = 20; Somite 7: 43.76 (IQR 43.23-45.79), N = 20; Somite 8: 43.58 (IQR 42.98-44.92), N 

= 20; Somite 9: 43.48 (IQR 43.01-45.39), N = 20; Somite 10: 43.28 (IQR 42.75-45.48), N = 20;), (C) Inter-III Mode 

(Tail: 31.22 (IQR 28.43-36.44), N = 20; Somite 3: 37.35 (IQR 33.4-41.68), N = 22; Somite 4: 43.98 (IQR 41.18-

48.18), N = 21; Somite 5: 47.45 (IQR 44.01-53.29), N = 20; Somite 6: 52.99 (IQR 48.96-57.71), N = 20; Somite 7: 

55.4 (IQR 48.02-62.97), N = 20; Somite 8: 56.27 (IQR 51.27-63.11), N = 20; Somite 9: 63.96 (IQR 55.63-71.92), N 

= 20; Somite 10: 61.29 (IQR 55.13-64.33), N = 20;). 
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Figure S26. Pairwise comparisons of the TBFs measured by tail tip movement and MN activity of the somites are shown. 

Pairwise comparisons of the pooled (A) and separated by the swim mode (B-F) TBFs are displayed. The nodes 

representing the tail and the sixth somite are pointed by an arrow header. The colour of the arrow header indicates 

whether they are significantly different (blue) or not (bordeaux). 
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Appendix 2. Infographics 
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