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Abstract 15 

Physics-based simulators for neuromechanical control of virtual animals have the potential to significantly 16 
enhance our understanding of intricate structure-function relationships in neuromuscular systems, their 17 
neural activity and motor control. However, a key challenge is the accurate prediction of the forces that 18 
muscle fibers produce based on their complex patterns of electrical activity (“spike trains”) while preserving 19 
model simplicity for broader applicability. In this study, we present a chemomechanical, three-dimensional 20 
finite-element muscle model – JiSuJi (pronounced jì sù jī, meaning "ultrafast muscle" in Chinese) - that 21 
efficiently and accurately predicts muscle forces from naturalistic spike trains. The model's performance is 22 
validated against songbird vocal muscles, a particularly fast and therefore challenging muscle type. Our 23 
results demonstrate that JiSuJi accurately predicts both isometric and non-isometric muscle forces across a 24 
variety of naturalistic neural activity patterns. JiSuJi furthermore outperforms state-of-the-art muscle 25 
simulators for accuracy, while maintaining computational efficiency. Simulating muscle behavior offers a 26 
promising approach for investigating the underlying mechanisms of neuro-muscular interactions and 27 
precise motor control, especially in the fast-contracting muscles of animal model systems. 28 

Keywords: muscle force model, naturalistic spike trains, finite-element neuromuscular model.  29 
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Introduction 31 

Animals precisely control their movements to execute a wide array of behaviors, but the neuromuscular 32 
mechanisms, which describes how the nervous system controls muscle activity to generate movement, are 33 
still not well understood.  Unraveling these mechanisms is crucial for advancing our understanding of motor 34 
control, diagnosing movement disorders, and developing effective bioinspired systems and rehabilitation 35 
technologies. Recent advances in simulation techniques opened the exciting possibility to build physics-36 
based simulators for neuromuscular control of virtual bodies (1–5) that are grounded in anatomically and 37 
biomechanically accurate models, including whole-body simulations of drosophila (6), mouse (7) and rat 38 
(8). In parallel, rapid advances in AI-driven, three-dimensional (3D) posture extraction of animal bodies, 39 
high-density electromyography and neural recording allows unprecedented large-scale datasets of 40 
simultaneous body kinematics, muscle and brain activity to validate prediction of such embodied models 41 
(9–16). Together, these tools will be instrumental in increasing our understanding of complex structure-42 
function relationships within neuromuscular systems, predictions of neural activity, and motor control 43 
principles.  44 

 Key to accurate predictions of body posture and behavior is the amount of force produced by virtual 45 
muscles. However, current muscle models are not able to use natural, single-unit electromyography (SU-46 
EMG) or neural data as inputs (17,18). A commonly used muscle force model is the Hill-based muscle 47 
activation model (19,20) that predicts muscle force using a single input variable representing the overall 48 
activation level of a  muscle, typically estimated via bulk electromyography (17). Its simplicity and low 49 
computational demands allow quick force approximations in 1D string (2,5,21) and in 3D finite-element 50 
implementations (18,22), but the input of this model approach does not allow variable interspike intervals 51 
(ISIs) and non-tetanic stimulation, as found in natural spike trains (23). In contrast, more complex physics-52 
based models (24–26)  incorporate the electrochemical processes underlying neural signaling, as described 53 
by the classic Hodgkin-Huxley model (27), and link them with skeletal muscle contraction, providing 54 
detailed representations of the excitation-contraction coupling (ECC) pathway from motor endplate 55 
activation to force generation in muscle. These models can take variable ISI’s and non-tetanic stimulation 56 
as input (24–26), but their complexity makes them computationally intensive. Furthermore, these models 57 
require parametrization of numerous parameters, many of which have only been measured for specific 58 
muscles (22,28). These constraints limit their broad practical applications in complex 3D musculoskeletal 59 
simulations. We thus lack muscle force models that allow naturalistic neural input while also balancing 60 
computationally efficiency and force prediction precision.  61 

Vertebrate muscles consist of a mosaic of muscle fiber types. Simulating force generation of 62 
particularly fast twitch muscles, which are prevalent in muscles specialized for rapid movements (29) in 63 
vertebrate animal models such as mouse, rat and songbirds, remains challenging. Driven by recent 64 
developments in high-density EMG arrays capable of recording single-unit muscle activity, there is growing 65 
evidence that spike timing in motor units (the muscle fibers innervated by a single motor neuron) plays a 66 
significant role in controlling motor behavior across various species, and particularly so in fast muscles 67 
(30–33). This further emphasizes the need that next generation muscle simulators can take naturalistic spike 68 
trains as input.  69 

Spike trains recorded from muscle fibers during behavior have revealed that the precise statistics of 70 
spiking strongly modulates muscle force and the resulting behavior, including millisecond-precise 71 
regulation of ISIs (30,31,34–36)). Some muscle models can use spike trains with variable ISI’s as input to 72 
predict muscle force (37–45). However, these models often rely on simplified representations of the 73 
underlying excitation-contraction coupling (ECC) processes, using submodels that differ in how they 74 
approximate neural input, calcium handling, troponin activation, and force generation. Consequently, some 75 
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models exhibit reduced accuracy in predicting force responses to multiple-pulse spike trains (40,41) or low- 76 
to mid-frequency spike trains (42). To our best knowledge, the only current muscle model that can use long, 77 
irregular spike trains, different muscle lengths as input and generated a force response that matched 78 
experiment measurement, requires quantification of over thirty parameters (43) that are not commonly 79 
available. We thus lack a muscle model that can emulate the fast twitch muscles of common laboratory 80 
animal models. 81 

 Here, we present a novel chemomechanical muscle force model that overcomes this challenge and 82 
allows for accurate and efficient prediction of muscle forces from naturalistic spike trains. To extend its 83 
application to muscle contractions during length changes, which is essential for modeling virtual bodies in 84 
action, we integrated this muscle force model into a 3D finite element framework (46,47) that is able to 85 
incorporate the change of muscle length. We refer to this chemomechanical, 3D finite-element muscle 86 
model as JiSuJi (极速肌), Chinese for Fast Muscle Simulator. We validated the model performance in 87 
syringeal muscles of songbirds, known for their millisecond precise neuromuscular control (48,49), and 88 
therefore particularly challenging. For isometric contractions our model outperforms state-of-the-art 89 
models and accurately predicts muscle force patterns under diverse spike patterns, including those with 90 
constant and variable ISIs across both short (1-3 spikes) and long durations. For non-isometric contractions, 91 
we validated a 3D finite element implementation of the model against experimental muscle where we 92 
precisely quantified the geometry using an ultra-high-frequency ultrasound scanner. Our model also 93 
accurately predicted non-isometric performance of a 3D muscle. The model can be trained on parameters 94 
that are easily obtained from experimental isometric and isovelocity force-length data. Together, these 95 
features make our model a promising tool for studying the mechanisms underlying complex neuro-muscle 96 
interactions in precise motor control. 97 

 98 

Results 99 

Muscle model approach.  100 

We developed a muscle model that includes the four critical processes of the ECC pathway underlying 101 
muscle force production: (1) the change of calcium channel membrane permeability upon action potential 102 
(AP) arrival at the neuromuscular junction and sarcolemma (the muscle fiber membrane); (2) the resultant 103 
change in free calcium concentration [Ca2+] within the sarcoplasm (the muscle cell cytoplasm); (3) the 104 
binding and unbinding of calcium to troponin, whose calcium-induced conformation change frees up 105 
myosin binding sites on actin; and (4) force generation through actin-myosin cross-bridge cycling, where 106 
the actin–myosin interaction enables the actin to slide over the myosin and  tension production (50) (See 107 
Methods). During rapid successive APs, calcium release from the sarcoplasmic reticulum (SR), the 108 
membrane-bound structure within muscle cells that stores [Ca2+], is larger than active calcium reuptake or 109 
buffering mechanisms, which increases the intracellular free [Ca2+] and thereby force (51,52). Once AP 110 
firing rate exceeds a certain threshold, [Ca2+] reaches a maximum value that allows all available binding 111 
sites to form cross-bridges and the muscle will produce its muscle-specific maximal isometric force, also 112 
known as tetanic force. Thus accurately predicting force dynamics from naturalistic AP inputs – from sparse 113 
irregular spikes to tetanic maximal stimulation – crucially requires the inclusion of intracellular [Ca2+].  114 

Furthermore, we introduce a novel component that accounts for dynamic calcium release from the 115 
SR due to different ISIs building on previous work (40). We implemented a genetic algorithm-based 116 
optimization approach that estimates the model parameters by minimizing the difference between 117 
measurement and prediction in a small subset of experimental stimulation patterns (see Methods). 118 

 119 
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Isometric force predictions.  120 

We tested our model’s predictive performance in songbird vocal muscles that control airflow and tension 121 
of vibratory tissue (53,54) to control sound production in the avian vocal organ. These muscles are superfast 122 
muscles that can resolve millisecond-scale variations in spike timing to regulate respiration and song 123 
(48,49). Their superfast calcium dynamics and force development (55) require an accurate prediction of 124 
muscle force generation under varied ISIs (33–35), which is a particular challenge for current models.   125 

 First, we tested our model’s predictive accuracy for isometric force production in response to short  126 
duration stimulation with varied ISIs. As experimental benchmark we used previously published isometric 127 
force dataset from isolated muscle fiber bundles of the dorsal tracheobronchial (DTB) muscle from the 128 
zebra finch (33). Muscle fiber bundles were subjected to a large array of twenty-five three-spike stimulation 129 
patterns with varied ISIs. Based on (35), three-spike stimulation patterns were chosen as the minimal set 130 
that maintain fixed firing rate, burst onset, and burst duration, while allowing variation in spike timing 131 
through manipulation of the middle spike’s timing. Our model simulations accurately predicted the time-132 
course of isometric force development in experimentally measured responses (Fig. 1a). The high prediction 133 
accuracy of the model becomes apparent when comparing across spike patterns. Linear regressions between 134 
three predicted and measured statistics, i.e., peak force (Fmax), area under the curve (AUC), and time to 135 
reach peak force (tp) have slope k =1.00, 1.00, and 0.99 and R2 = 0.96, 0.94 and 1.00, respectively, across 136 
all spike patterns (Fig. 1b).  Fmax, AUC and tp did not differ significantly between predicted and measured 137 
values (Paired t-tests, Fmax: p=0.86, AUC: p=0.73; tp: p=0.07, n=24 patterns). The variability of predicted 138 
force production is on par with or even less than the variability between technical replicates of spike patterns 139 
in the experimental data (48). Our model thus accurately predicts key parameters describing time-resolved 140 
force development for short duration stimulations with varied ISIs. 141 

Next, we tested our model’s predictive accuracy for isometric force production in response to long 142 
duration stimulations with constant ISIs. Long duration spike trains have been particularly challenging for 143 
previous models (40–42) that suffered from limited accuracy in dynamic force prediction to multiple-pulse 144 
spike trains (40,41) and at low- to mid-frequency spike trains (42). Our simulations show that as AP firing 145 
rate increases over 100 Hz, the force responses from individual twitches-muscle force produced by a single 146 
neural spike, starts to fuse, which results in incomplete relaxation between contractions (Fig. 1c; Table S1). 147 
The maximum force increases with the stimulation frequency between 100 and 700Hz, with the rate of 148 
increase notably slowing beyond 400Hz (Fig. 1d), consistent with previous observations (36,49). To 149 
compare the progression of tetanic fusion to experimental observations, we calculated the fusion index (FI), 150 
which is defined as the ratio of minimum to maximum force produced between two consecutive stimuli 151 
(56). The predicted fusion frequency (ffused at FI =0.9) is 264 Hz, which falls within the experimentally 152 
observed range of 200-300 Hz (33). Two key features of tetanic contraction - deceleration of force increase 153 
as it nears tetanic contraction and ffused thus align well with experimental observations (33).  154 

Simulated intracellular calcium [Ca2+] traces show fully separated transients at 100 Hz stimulation 155 
(Fig. 1c) with a full width at half maximum (FWHM) value of 2.17 ms of individual twitches. Because 156 
muscle shortening induces severe motion artifacts in [Ca2+] measurements, [Ca2+] transient dynamics can 157 
only be measured accurately when force production is prevented using actomyosin interaction inhibition 158 
(57). It is therefore not possible to measure force production and [Ca2+] simultaneously. We previously  159 
measured [Ca2+] using high-affinity calcium dye in zebra finch DTB muscle (55). During stimulation series 160 
at 100Hz, the [Ca2+] were fully separated and resulted in [Ca2+] FWHM of 1.98 ± 0.65 ms (N=4 individuals) 161 
at 39°C (Fig. 1e, See Methods). Our predicted values from fitting force traces fit well to these experimental 162 
observations. Taken together, our muscle model accurately predicts isometric force production for both 163 
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short duration stimulations with varied ISI and fusion properties of long duration stimulations with constant 164 
ISIs.  165 

 166 
Figure 1. JiSuJi accurately predicts isometric force production. a, Comparison of forces generated in response to 167 
twenty-five three-spike stimulation patterns (vertical short bars) in the zebra finch dorsal tracheobronchial (DTB) muscle 168 
from (33). Maximum force (Fmax, triangles) is reached at time tp (circles). b, Simulations accurately predict experimental 169 
data for Fmax, area under curve (AUC) and tp for stimulation patterns in panel a. One case was excluded (horizontal 170 
arrow) because peak force values correspond to different incoming spikes. c, Long duration stimulation with constant 171 
ISIs – force (top) and intracellular calcium concentration corresponding to 100Hz stimulation (bottom). FWHM: full width 172 
at half maximum. d, Tetanic force increases with stimulation frequency and fuses when fusion index (FI) equals 0.9 at 173 
264 Hz . e, Relative intracellular [Ca2+] signal (mean (black line) ± std (gray area) of 10 overlaid twitches of 100 Hz 174 
stimulation in one individual with FWHM = 1.92 ± 0.17 ms at 39°C (55) consistent with simulation in d.   175 
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The previous benchmark datasets were, however, not collected in the same individuals, which 176 
prevents direct comparison of time-resolved tetanic properties. To quantitatively compare the predictive 177 
capacity of our -and previous models- for time-resolved isometric force development in both short and long 178 
duration stimulations, we collected a new experimental benchmark dataset that contains both paradigms 179 
(long duration stimulations with constant ISIs and short duration stimulations with varied ISIs) in the same 180 
individuals. To test if our model generalizes across muscles and across species, we collected data in another 181 
vocal muscle, the ventral syrinx (VS) muscle, in another songbird species, the Bengalese finch. Again, we 182 
tested our model’s predictive accuracy for isometric force production in response to short duration 183 
stimulations with varied ISIs.  184 

Our model simulations accurately predict the time-course of isometric force development across 185 
ten short duration stimulations (up to three spikes) with varied ISIs (Fig. 2a; Table S1). The three key 186 
predicted statistics Fmax, AUC, and tp describing the force curves were not significantly different between 187 
simulation and experiment across the spike patterns (Paired t-tests, Fmax: p=0.35; AUC: p=0.11; and tp: 188 
p=0.21, n=9 patterns) and had strong correlation between predicted and measured values (linear 189 
regressions: slope k =1.03, 1.04, and 0.99; R2 = 0.95, 0.98 and 0.99 for Fmax , AUC, and tp, respectively) 190 
across all spike patterns (Fig. 2b).  191 

For long duration stimulations with constant ISIs, the model accurately predicted the steady force 192 
magnitude achieved per frequency setting (linear regression: slope k=0.97; R2=0.99; Fig. 2cd). The 193 
predicted ffused is 227 Hz is well-aligned with the experimental value of 241 Hz (Fig. 2d) and force error 194 
remains under 2μN (7% of tetanic force) across all frequency settings (Fig. 2f). The time error required to 195 
reach 90% steady force (t90) is predicted to occur within 6 ms (Fig. 2f). 196 

These results confirm that our muscle model accurately predicts isometric muscle force generation 197 
across diverse stimulation patterns, ranging from constant and varied ISIs as well as short and long duration 198 
stimulations. By successfully applying the model to two distinct muscles from different species, we 199 
demonstrate the model's capacity to generalize across both muscle types and species. 200 

 201 
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 202 

 203 

Figure 2. JiSuJi outperforms state-of-the-art models on force production by naturalistic input. a, Comparison of 204 
forces generated in response to ten short duration stimulation patterns (vertical short bars) in the Bengalese finch 205 
ventral syringeal (VS) muscle. Maximum force (Fmax, triangles) is reached at time tp (circles). One case was excluded 206 
(horizontal arrow) because peak force values correspond to different incoming spikes. b, Simulations accurately predict 207 
experimental data for Fmax and tp for stimulation patterns in panel a.  c, Time traces of simulated and measured isometric 208 
forces in response to long duration stimulations with constant ISIs at different stimulation frequencies. d, Steady-state 209 
forces increase with stimulation frequency (left), and simulations accurately predict experimental data for steady force 210 
(right). e, Isometric force predictions by Wexler (blue) and Wilson (green) models. f, Force error between prediction 211 
and benchmark experimental dataset shows that our model outperforms two state-of-the-art models for steady force 212 
(left) and t90 (right). 213 

  214 
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Comparison to state-of-the-art muscle models.  215 

A widely used class of phenomenological muscle models, knows as activation dynamics models,  represent 216 
muscle activation using first-order ordinary differential equations (ODEs) (20,58–60) and have been 217 
integrated into popular software – such as OpenSim (2) and Mujoco (5). The input to these models is 218 
typically a continuous excitation signal bounded between 0 and 1, often estimated from bulk 219 
electromyography recordings. However, because these models cannot simulate dynamic force responses to 220 
action potentials, we cannot directly compare their performance against JiSuJi. While a few studies (61–221 
66) have attempted to incorporate spike trains into this class of models, they failed to accurately reproduce 222 
force time courses at low stimulation rates (61). 223 

 After carefully reviewing the literature (17,18,22,61),  we selected two representative state-of-the-224 
art muscle models that accept spike train input, the Wilson model (42) and the Wexler model (40), to 225 
benchmark the performance of JiSuJi. The Wilson model was developed to describe the isometric force 226 
response of the locust hind leg extensor tibia muscle to fast extensor tibia motor neuron stimulation (67), 227 
and could describe the response of both fast and slow motor neuron stimulation (42,61). It employs a 228 
phenomenological first order ODE to capture the response of calcium concentration to spike train input and 229 
a sigmoid function to capture the nonlinear saturation between calcium concentration and the force response 230 
(17). This simplified, phenomenological approach contrasts with JiSuJi, which derives its governing 231 
equations directly from physiological process. 232 

 The Wexler model was developed based on rat skeletal muscle and demonstrated in soleus muscle 233 
and gastrocnemius muscle, which are slow and fast muscles, respectively. We selected the Wexler model 234 
(40) because it i) captures physiological processes underlying ECC and thus ii) can take naturalistic spike 235 
trains with variable ISI’s as input, and iii) its parameter type and number is feasible to determine 236 
experimentally. Although there are more recent implementation of the Wexler model (45,68), the basic 237 
model approach remains unchanged and we chose to follow the original model here. Other models were 238 
deemed either overly simplified (20), lacking biochemical process modeling (37–39), or too complex with 239 
too many unknown (e.g. over 30) parameters (43) to determine experimentally. 240 

We fitted the Wilson model and the Wexler model to our experimental data using the same 241 
approach with JiSuJi, including the same dataset for fitting, objective function and genetic algorithm 242 
optimization method (See Methods; Table S2). The results from the Wilson model shows that for short 243 
duration stimulation patterns (Fig. S1a), there was no significant difference between simulation and 244 
experiment across stimulation patterns regarding Fmax and AUC (Paired t-tests, Fmax: p=0.27; AUC: p=0.93; 245 
n=10 patterns). It should be noted that during relaxation, the predicted force did not follow the experimental 246 
data well. Force decrease after the last AP was too steep initially, followed by a too long tail compared to 247 
experimental data (Fig. S1a). However, when activated with long stimulation trains this model poorly 248 
predicts force development. The steady force magnitude error is up to 33% of tetanic force and 6 times 249 
larger than JiSuJi. The t90 occurs at 67 ms, long after the experimental data has reached steady force (Fig. 250 
2ef), and 8 times poorer than JiSuJi. 251 

The results from the Wexler model shows that for short duration stimulation patterns (Fig. S1b), 252 
Fmax is correctly predicted and not significantly different from experiment data across stimulation patterns 253 
(Paired t-tests, p=0.17, n=10 patterns). However, AUC predictions are significantly different from 254 
experiment data (Paired t-tests, p=0.002, n=10 patterns). During long trains, error of force and t90 from the 255 
Wexler model exhibited V-shaped patterns – largest at 200/300Hz and smallest at 100 and 500Hz (Fig. 256 
2ef). At 300Hz, force error from Wexler model was 2.8 times that of JiSuJi (Fig. 2f).  257 
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 Taken together, optimized with the same technique and validated against the same experiment 258 
dataset with both short and long duration stimulation patterns, JiSuJi outperforms these state-of-the-art 259 
models in predicting the force responses to short duration stimulations, and demonstrates markedly 260 
superior performance in predicting long duration stimulations with more precise steady force magnitude 261 
and timing.  262 
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3D non-isometric force predictions.  263 

We next tested if JiSuJi can predict the force response during more complicated non-isometric muscle 264 
contractions where muscle length is changing. To simulate non-isometric contractions, we integrated our 265 
muscle force model into a 3D finite element framework (46,47) (See Methods) and validated this 3D model 266 
implementation against experimental data.  267 

First, we measured the passive and active stress-strain relationship, and stress-velocity relationship 268 
of an isolated muscle fiber bundle using the isovelocity shortening paradigm (Fig. S2; Table S3), where 269 
muscles are exposed to a series of shortening ramps at constant velocity during stimulation (48) (See 270 
Methods). The 3D simulation requires an accurate 3D geometrical representation of the muscle bundle 271 
tested. Therefore, we used high-resolution 71 kHz ultrasound imaging (See Methods) to nondestructively 272 
quantify the 3D geometry of the live muscle fiber bundle after the experiment (Fig. 3a). This imaging 273 
technique does not require tissue fixation and therefore does not damage or shrink the muscle tissue. With 274 
the resulting structural scan we next constructed a finite-element mesh of the tested muscle bundle (Fig. 275 
3a). A previously developed force–length model and force–velocity model (46,69) were adopted, and their 276 
parameters were separately optimized to match measurements (See Methods; Fig. S2; Table S3).  277 

Next, we simulated isovelocity shortening of a zebra finch syrinx muscle bundle. JiSuJi accurately 278 
predicts active and passive stress as a function of time during isovelocity shortening (Fig 3b). Only after 279 
the shortening protocol the predicted active stress drops quicker in JiSuJi than in the experimental data (Fig 280 
3b). Also the force-velocity curve is well-captured (Fig. 3c) and there was no significant difference between 281 
simulation and experiment (Paired t-tests, p=0.36, n=6 conditions).  282 

In summary, our model accurately predicted the non-isometric muscle active stresses of the zebra 283 
finch DTB muscle during isovelocity shortening by employing a finite element model with realistic 284 
geometry. The model successfully captured the dynamic stress responses related to the shortening period 285 
in various shortening velocity conditions. Our model thus, for the first time offers the opportunity to build 286 
more comprehensive and realistic models to simulate complex motor control.  287 

 288 

 289 

 290 
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 291 
Figure 3. JiSuJi accurately predicts non-isometric force production. a, High-resolution 71MHz ultrasound scan 292 
sections (top) were used to quantify the 3D geometry of the living muscle preparation (bottom). Connective tissue at 293 
either end were boundary conditions in the simulation. b, Simulated and experimental total (dashed line), passive (dash 294 
dotted line) and active (solid line) stress during length changes (blue) at two representative shortening velocities, 10 295 
L0/s and 15 L0/s. In both simulation and experiment, the muscle was stimulated at 600Hz. The time duration with the 296 
muscle stimulated was denoted using a horizontal grey bar along the x axis. c, The relative active stress (σ/σ0) – 297 
shortening velocity relationship from predictions and measurements. The dashed line described the experiment results 298 
by fitting a hyperbolic-linear equation (48). σ/σ0 was calculated using the active stress at the end of the shortening 299 
period (σ) divided by the active stress right before the shortening (σ0).   300 

  301 
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Discussion 302 
We present JiSuJi, a virtual muscle simulator capable of accurately and efficiently predicting force 303 
generation from naturalistic spike trains. The model’s performance was validated in fast-contracting 304 
muscles, syringeal muscles of songbirds, which exhibit millisecond precise neuromuscular control (48,49). 305 
To demonstrate its generalizability across muscle types and species, we applied JiSuJi to two distinct 306 
muscles from different songbird species. The model can be trained on parameters that are easily obtained 307 
from experimental isometric and isovelocity force-length data. Our model thus offers the opportunity to 308 
build comprehensive and realistic muscle models as a promising tool for simulating complex motor control.  309 

Compared to state-of-the-art models (40,42), JiSuJi demonstrates superior accuracy in predicting 310 
isometric force responses across a range of spike patterns, including both constant and variable ISIs over 311 
short and long durations. We attribute this improvement primarily on the model’s incorporation of calcium-312 
dependent inactivation (CDI) within calcium release dynamics. Calcium release can be reduced by elevated 313 
cytoplasmic calcium levels through CDI (70,71) or during high action potential spike rates, i.e. short ISI’s 314 
(72–74). Unlike previous models, which either assumed a constant SR permeability upon channel opening 315 
(40) or relied on nonlinear relationships between calcium concentration and force generation to account for 316 
tetanic force saturation (38,42,43,75), JiSuJi dynamically adjusts calcium release based on ISI. This 317 
adjustment substantially enhances the model’s accuracy over previous models (40,42) in predicting force 318 
responses during prolonged stimulation. Importantly, our approach preserves key intermediate parameters, 319 
such as calcium concentration and activated troponin levels, and thus adds flexibility for further 320 
experimental fine-tuning.  321 

The integration of JiSuJi into a 3D finite element framework enables accurate predictions of the 322 
dynamic stress responses related to the shortening period in various shortening velocity conditions of a 323 
muscle with accurate 3D geometry. The time courses of the active stress during isovelocity shortening are 324 
well-captured. Notably, while JiSuJi accurately predicts many aspects of active stress during shortening, 325 
minor deviations from experimental data were observed post-shortening. Specifically, the simulated active 326 
stress decreases due to reduced intracellular calcium levels ([Ca2+]), whereas experimental data indicate a 327 
prolonged high level of active stress before a gradual decline. This discrepancy may stem from history-328 
dependent force development. Experimental findings suggest that, when stimulation is maintained 329 
tetanically after an isovelocity ramp, the degree of active force recovery following shortening is velocity-330 
dependent (48). This implies that cross-bridge state dynamics may be influenced by shortening velocity. 331 
History-dependent force modulation could be associated with factors such as lattice spacing, thick filament 332 
stiffness, or non-cross-bridge forces (76,77), though the precise mechanisms remain unknown. 333 

By incorporating JiSuJi into a 3D finite element framework, our model enables the simulation of 334 
non-isometric contractions in a realistic 3D setting—an essential feature for musculoskeletal modeling in 335 
virtual animals (21,78). Current physics-based simulators, including MuJoCo (5) and OpenSim (2), 336 
predominantly rely on Hill-type muscle models, which predict force production based on bulk muscle 337 
activation but do not account for neuromechanical processes such as transient calcium dynamics, length- 338 
and velocity-dependent calcium signaling, or motor unit recruitment (17). As a result, these simulators are 339 
limited to representing general activation levels rather than naturalistic spike timing. JiSuJi overcomes these 340 
limitations by incorporating precise spike timing in a computationally efficient manner. Additionally, it 341 
accounts for anatomical muscle properties, such as fiber density, and can be extended to include more 342 
realistic motor unit distributions (79–81). By bridging the gap between biophysically detailed muscle 343 
models and computational efficiency, JiSuJi has significant potential for advancing physics-based 344 
simulation of neuromuscular control in virtual bodies. 345 

 346 
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Methods 357 

1. JiSuJi model 358 

1.1 Isometric muscle fiber force model 359 

In this section, we introduce the chemomechanical model for calculating the muscle fiber force (f) in 360 
isometric condition in optimal length, L0 (the length at which muscle fibers generate the maximum isometric 361 
force) (83). The physiological process is divided into four steps: (1) the change of the permeability of 362 
calcium channel membrane to calcium due to the arrival of neural spikes; (2) the change of free calcium 363 
concentration in sarcoplasm (SP); (3) the binding and unbinding process of calcium to troponin and (4) the 364 
force generation through cross bridge cycling. The model incorporates a term accounting for CDI within 365 
calcium release dynamics, which dynamically modulates calcium release based on ISI, as informed by 366 
experiment measurements (51,84). With this component, the model can accurately capture the influence of 367 
ISI on calcium release: closely-spaced spikes result in less calcium release, and the release gradually 368 
recovers with longer intervals. 369 

The input of the isometric muscle fiber force model is imp(t), where imp(t) has the format of t1, t2, t3 … , 370 
representing the time instants of the arrival of neural spikes.  371 

Step 1. The permeability of calcium channel membrane at the arrival of each spike (k) is assumed to be a 372 
rectangular pulse with the amplitude, R, and width, tw. When there are more spikes, according to the time 373 
interval between the spikes, the amplitude of the later spike is calculated through two coefficients:  𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎 374 
and 𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟. 375 

𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎 is used to consider the fact that the calcium release from consecutive spikes would decrease due to 376 
small ISIs as observed in experiments (51). The expression of 𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎 is proposed as: 377 

𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎,𝑖𝑖 = 𝑘𝑘𝑖𝑖−1 ∙ (1 − 𝑒𝑒−𝑑𝑑𝑑𝑑/𝜏𝜏3)         Eq.1 378 

where  𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎,𝑖𝑖 is the coefficients for the i th spike; 𝑘𝑘𝑖𝑖−1 is the permeability of calcium channel membrane 379 
at the arrival of the i-1 th spike; 𝑑𝑑𝑑𝑑 is the time interval between i th and i-1 th spike; 𝜏𝜏3 is the model constant. 380 
According to Eq.1, when 𝑑𝑑𝑑𝑑 =0, 𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎,𝑖𝑖=0; when 𝑑𝑑𝑑𝑑 → ∞, 𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎,𝑖𝑖 = 𝑘𝑘𝑖𝑖−1. The physical meaning is that 381 
when the two spikes are very close, the calcilum release resulted from the later spike would be close to 382 
zero. In the extreme condition that the later spike arrives at the same time with the previous spike, it will 383 
not result in additional calcium release. When the interval of the two spikes is large, the calcium release 384 
from the later spike is less affected. 385 

𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 is used to consider the fact that the calcium release will recover with time (84). A constant recover 386 
rate is assumed: 387 

𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑖𝑖 = max (𝑑𝑑𝑑𝑑−𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟
𝜏𝜏4

, 0)         Eq.2  388 

where 𝜏𝜏4 is model constant; 𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟 is the refractory period, which is fixed to be 0.82ms according to the 389 
measurement in the syringeal muscle (33). Eq.2 indicates a linear recover of calcium release with 𝑑𝑑𝑑𝑑. The 390 
recovery would be zero if the time interval between the two spikes is smaller than the refractory period. 391 

Therefore, 𝑘𝑘𝑖𝑖 resulted by the i th spike arriving at 𝑡𝑡𝑖𝑖 has the expression: 392 

𝑘𝑘𝑖𝑖 = �𝑅𝑅 ∙ min�𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎,𝑖𝑖 + 𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑖𝑖, 1� ,   𝑡𝑡𝑖𝑖 < 𝑡𝑡 < 𝑡𝑡𝑖𝑖 + 𝑡𝑡𝑤𝑤
0,   𝑡𝑡 <  𝑡𝑡𝑖𝑖 𝑜𝑜𝑜𝑜 𝑡𝑡 > 𝑡𝑡𝑖𝑖 + 𝑡𝑡𝑤𝑤

      Eq.3 393 
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The expression of 𝑘𝑘 due to multiple spikes is simply the summation of each 𝑘𝑘𝑖𝑖: 394 

𝑘𝑘 = ∑ 𝑘𝑘𝑖𝑖𝑛𝑛
𝑖𝑖=1             Eq.4 395 

Step 2. The following Steps 2-4 follow the method in Wexler el al. (40). The concentration of SP calcium 396 
is affected by calcium release and uptake by SR and the binding and unbinding from the troponin: 397 

𝑑𝑑[𝐶𝐶𝐶𝐶2+]𝑆𝑆𝑆𝑆
𝑑𝑑𝑑𝑑

= 2(𝑘𝑘1[𝐶𝐶𝐶𝐶2+]𝑆𝑆𝑆𝑆2 + 𝑘𝑘2)[𝑇𝑇𝑇𝑇] − 2𝑘𝑘1[𝑇𝑇0][𝐶𝐶𝐶𝐶2+]𝑆𝑆𝑆𝑆2 + 𝑘𝑘[𝐶𝐶𝐶𝐶2+]𝑆𝑆𝑆𝑆 − 𝑘𝑘0[𝐶𝐶𝐶𝐶2+]𝑆𝑆𝑆𝑆  Eq.5 398 

where [𝐶𝐶𝐶𝐶2+]𝑆𝑆𝑆𝑆 is the free calcium concentration in sarcoplasm. The first two terms on the right hand side 399 

(RHS) represent the calcium binding and unbinding process from the troponin: 2𝐶𝐶𝐶𝐶2+ + 𝑇𝑇𝑇𝑇
𝑘𝑘1→

𝑘𝑘2
←𝑇𝑇𝑇𝑇, where k1 400 

and k2 represent forward and backward reaction rate for calcium binding reaction, respectively; [Ta] is the 401 
concentration of activated troponin, which are in the Ca2+- troponin complex; [Tn] is troponin available for 402 
the binding process; [Tn]+[Ta] equals to the total concentration of troponin [T0], which is a model constant, 403 
fixed to be 140×10-6 M  (24). The third and fourth term in Eq.5 represent the release and uptake of calcium 404 
from SR, respectively. [Ca2+]SR is a model constant representing the concentration of free calcium in SR, 405 
which is hardly depleted. We set [Ca2+]SR to be 0.001M (50,85). k0 is uptake rate of calcium by SR.  406 

 407 

Step 3 Binding and unbinding of calcium to troponin: 408 

𝑑𝑑[𝑇𝑇𝑇𝑇]
𝑑𝑑𝑑𝑑

= 𝑘𝑘1[𝑇𝑇0][𝐶𝐶𝐶𝐶2+]𝑆𝑆𝑆𝑆2 − (𝑘𝑘1[𝐶𝐶𝐶𝐶2+]𝑆𝑆𝑆𝑆2 + 𝑘𝑘2)[𝑇𝑇𝑇𝑇]      Eq.6 409 

This is the same process described by the first two terms on the RHS of Eq.5. 410 

Step 4 Force mechanics: 411 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= 𝐴𝐴[𝑇𝑇𝑇𝑇] �1 − 𝑓𝑓
𝐹𝐹𝑚𝑚
� − 𝑓𝑓

𝜏𝜏1+𝜏𝜏2
[𝑇𝑇𝑇𝑇]
[𝑇𝑇0]

         Eq.7 412 

where 𝜏𝜏1 and 𝜏𝜏2 are time constants related to force decay; 𝐹𝐹𝑚𝑚 is a model constant related to muscle force; 413 
A is a model constant of the force increase; 𝑓𝑓 is the force response of single fiber to stimulation in isometric 414 
condition and optimal length. In Eq.7, the force generation is described as a serial connected spring-damper-415 
motor system and the contractile speed of the muscle is assumed to be positively related to [Ta]. A detailed 416 
description can be refered to Wexler et al (40).  417 

 418 

Table S1 summarizes the eleven model parameters. They were obtained through a generic algorithm based 419 
optimization method by minimizing model predictions and experiment measurements (86). We 420 
benchmarked our model against two experimental dataset that measures the isometric force generated by 421 
isolated muscle bundles: a previously published isometric force dataset measuring the zebra finch DTB 422 
muscle response to twenty-five three-spike patterns (33); and a new experimental dataset measuring the 423 
Bengalese finch VS muscle response to ten short duration stimulations with varied ISI and long duration 424 
stimulation with constant ISIs. 425 

For the DTB muscle of the zebra finch, the force response of five three-spike patterns and three long 426 
duration stimulations were used for optimization. The three-spike patterns included (1) [0, 1, 10] ms; (2) 427 
[0, 9, 10] ms; (3) [0, 2, 5] ms; (4) [0, 1.66, 3.3] ms; (5) [0, 1.25, 2.5] ms. The numbers in the square brackets 428 
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represent the timing of the neural spikes. The ex vivo force response data were adopted from (33). The long 429 
duration stimulations were 400, 600, 700Hz with constant ISIs. Since no long duration stimulation 430 
measurements were available for the same muscle, we adopted the force responses of the long duration 431 
stimulation on the DTB muscle of a different zebra finch reported in (33). To make the force amplitudes 432 
compatible, we scaled the long-duration force responses by matching the force output of the first three 433 
spikes to the force responses of the corresponding three-spike patterns measured in our current muscle at 434 
the same frequencies with constant ISIs. For the VS muscle of the Bengalese finches, the transient force 435 
response of three two-spike patterns and two long duration stimulations were used for optimization. The 436 
two-spike patterns include (1) [0, 2] ms; (2) [0, 8] ms; (3) [0, 10] ms, with the two numbers in the square 437 
brackets represent the timing of the neural spikes. The long duration stimulations were 400 and 500Hz 438 
simulations with constant ISIs. We sampled the data in each case in a frequency of 100kHz. In each 439 
sampling point, the difference between the predicted force and measured force was calculated. The 440 
objective function was calculated as the sum of the absolute difference, with larger weight put on the time 441 
duration when the force response was near the peak value. The obtained model parameters are listed in 442 
Table S1.  443 

 444 

 445 

 446 

  447 
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1.2 JiSuJi – A finite element framework 448 

JiSuJi – a finite element framework was developed by intergrating the current muscle fiber force model 449 
with our previous 3D finite element framework (46,47). The new model calculated the passive and active 450 
tissue stress on 3D finite element models. We neglect the spatial variation of the muscle fibers, and assume 451 
that the muscles fibers are evenly distributed and recruited, and all the neurons are stimulated synchronously 452 
with external electrical stimuli to mimick the experimental setup. The total stress generated in the muscle 453 
is the sum of the passive component (𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝) and the active component (𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎). 454 

Passive component 455 

The passive component employs a fiber-reinforced material (87), with parameters optimized to match 456 
experimentally measured passive stress curves (Fig. S2). The strain energy function of the passive material 457 
was defined as: 458 

𝑈𝑈 = 𝐶𝐶10(𝐼𝐼1̅ − 3) + 1
𝐷𝐷1

(𝐽𝐽 − 1)2 + 𝑘𝑘1
2𝑘𝑘2

[𝑒𝑒𝑘𝑘2(𝐼𝐼4̅−1)2 − 1]       Eq.8 459 

where U is the energy function; 𝐼𝐼1̅, 𝐼𝐼4̅ are the reduced invariants of the reduced Cauchy-Green tensor, 460 
respectively; 𝐷𝐷1  is material constant related to compressibility; 𝐽𝐽  is the Jacobian determinant of the 461 
deformation; 𝐶𝐶10 is the material constant for the neo-Hooke term; 𝑘𝑘1, 𝑘𝑘2 are material constants for the 462 
exponential term (87).  463 

The passive stress (𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝), represented as the second Piola-Kirchhoff stress tensor 𝑆𝑆𝐾𝐾𝐾𝐾 , is calculated as 464 
(87,88) 465 

𝑆𝑆𝐾𝐾𝐾𝐾 = 2 𝜕𝜕𝜕𝜕
𝜕𝜕𝐶𝐶𝐾𝐾𝐾𝐾

=  2𝐶𝐶10
𝜕𝜕𝐼𝐼1̅
𝜕𝜕𝐶𝐶𝐾𝐾𝐾𝐾

+ 2
𝐷𝐷1
�1 − 1

�𝐼𝐼3
� 𝜕𝜕𝐼𝐼3
𝜕𝜕𝐶𝐶𝐾𝐾𝐾𝐾

+ 2𝑘𝑘1(𝐼𝐼4̅ − 1)𝑒𝑒𝑘𝑘2(𝐼𝐼4̅−1)2 𝜕𝜕𝐼𝐼4̅
𝜕𝜕𝐶𝐶𝐾𝐾𝐾𝐾

   Eq.9 466 

where 𝐶𝐶𝐾𝐾𝐾𝐾 is the right Cauchy-Green tensor; 𝐼𝐼3 is the third invariant of 𝐶𝐶𝐾𝐾𝐿𝐿 . 467 

To optimize model constants 𝐶𝐶10 , 𝑘𝑘1  and 𝑘𝑘2 , static finite element simulations were conducted on a 468 
rectangular bar at four different strain levels, as illustrated in Fig. S2a. A genetic algorithm–based 469 
optimization tool was employed to identify the set of model constants that minimized the difference 470 
between the simulated and measured passive stress values. The optimized 𝐶𝐶10, 𝑘𝑘1 and 𝑘𝑘2 were listed in 471 
Table S3.  472 

Active component 473 

The calculation of the active stress (𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎) follows the common assumption that the force–length and force–474 
velocity relationships are independent of isometric muscle force production (20,89) and are modeled 475 
separately. We adopted previously developed models for both relationships(46,47), and their parameters 476 
were optimized individually to match experimental measurements (Fig. S2bc). 477 

 The total active stress is given by 478 

𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎 = 𝜎𝜎𝑇𝑇𝑇𝑇 ∙ 𝜎𝜎𝑇𝑇𝑇𝑇 ∙
𝐼𝐼(𝑡𝑡)
𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜

∙ 𝜌𝜌𝑓𝑓 ∙ 𝑓𝑓         Eq.10 479 

where 𝜎𝜎𝑇𝑇𝑇𝑇 , 𝜎𝜎𝑇𝑇𝑇𝑇  are coefficients of length and velocity dependency, respectively; 𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜  is the optimal 480 
current/voltage intensity, which is the lowest current intensity that all fibers can be recruited; 𝜌𝜌𝑓𝑓 is the fiber 481 
density, equaling to 1600 fibers/mm2 for Bengalese finch syringeal muscle (90) and 1060 fibers/mm2 for 482 
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zebra finch syringeal muscle (36); f is the isometric force response of a single muscle fiber to the input 483 
stimulation at optimal length, calculated in Eq.7.  484 

The length dependency coefficient (𝜎𝜎𝑇𝑇𝑇𝑇) of the active stress is caluclated as Eq.11 (69): 485 

𝜎𝜎𝑇𝑇𝑇𝑇 = exp �− �𝜆𝜆−𝜆𝜆𝑜𝑜𝑜𝑜𝑜𝑜
𝑠𝑠𝑓𝑓

�
2
�+ 𝑚𝑚𝑚𝑚         Eq.11 486 

where 𝜆𝜆 is the stretch calculated as the current muscle length divided by the initial length (𝐿𝐿0); 𝜆𝜆𝑜𝑜𝑜𝑜𝑜𝑜 is the 487 
optimal stretch, reported to be 1 according to (48); 𝑠𝑠𝑓𝑓 and m are model constants that were optimized to fit 488 
the experimentally measured active stress–length relationship reported in (48). The optimized values of 𝑠𝑠𝑓𝑓 489 
and m are listed in Table S3 and the resulting 𝜎𝜎𝑇𝑇𝑇𝑇 –λ curve is shown in Fig. S2b.  490 

The velocity dependency coefficient (𝜎𝜎𝑇𝑇𝑇𝑇) of the active stress is caluclated as Eq.12 (69): 491 

𝜎𝜎𝑇𝑇𝑇𝑇 = �
1 − � 1+𝑠𝑠𝑝𝑝

−𝑠𝑠𝑝𝑝+𝜀̇𝜀∗
� 𝜀𝜀̇∗     𝑖𝑖𝑖𝑖 𝜀𝜀̇∗ ≤ 0

1 + �0.4(1+0.5𝑠𝑠𝑝𝑝)
0.5𝑠𝑠𝑝𝑝+𝜀̇𝜀∗

� 𝜀𝜀̇∗     𝑖𝑖𝑖𝑖 𝜀𝜀̇∗ > 0
       Eq.12 492 

where 𝑠𝑠𝑝𝑝 is model constant; 𝜀𝜀̇∗ is the normalized strain rate calculated as v/vmax, where v is the shortening 493 
velocity of the tissue and vmax is the maxmium shortening velocity, which was reported to be 33.6 L0/s from 494 
the measurement (Method 2.4). 495 

The velocity – stress relationship was obtained through isovelocity test by shortening the tissue from 1.1L0 496 
to L0 at various velocities from 0.25 L0/s to 20L0/s. The active stress corresponding to the time instant when 497 
the muscle was back to the original length was recorded (Method 2.4). By normalizing this value using the 498 
active stress right before the shortening period, 𝜎𝜎𝑇𝑇𝑇𝑇 - 𝜀𝜀̇∗ relationship was obtained from the measurement.  499 
The model constant 𝑠𝑠𝑝𝑝 was optimized to fit the obtained 𝜎𝜎𝑇𝑇𝑇𝑇 - 𝜀𝜀̇∗ relationship . The optimized 𝑠𝑠𝑝𝑝 is listed 500 
in Table S3 and the resulting v/vmax – 𝜎𝜎𝑇𝑇𝑇𝑇 curve is shown in Fig. S2c. 501 

To capture the relaxation in active stress following a sudden change in velocity, a relaxation model 502 
employing two coupled ordinary differential equations were applied to 𝜎𝜎𝑇𝑇𝑇𝑇 ∙ 𝜎𝜎𝑇𝑇𝑇𝑇 (69): 503 

𝑡𝑡1(𝜎𝜎𝑇𝑇𝑇𝑇̇ ∙ 𝜎𝜎𝑇𝑇𝑇𝑇̇ ) + (𝜎𝜎𝑇𝑇𝑇𝑇 ∙ 𝜎𝜎𝑇𝑇𝑇𝑇) =  𝜎𝜎1 504 

𝑡𝑡1𝜎𝜎1̇ + 𝜎𝜎1 = 𝜎𝜎2 505 

𝑡𝑡1 = C/𝜀𝜀̇∗  506 

𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎 = 𝜎𝜎2 ∙
𝐼𝐼(𝑡𝑡)
𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜

∙ 𝜌𝜌𝑓𝑓 ∙ 𝑓𝑓                                   Eq.13 507 

where 𝜎𝜎1  is the intermediate response; 𝜎𝜎2  is the relaxed active stress coefficient. 𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎 is the final active 508 
stress with relaxation;  𝑡𝑡1 is relaxation time constant; C is a model constant and was optimed to fit the 509 
measured active stress reposne during shortening period for two shortening velocities of 5L0/s and 20L0/s 510 
(Fig. S2d). The optimzied value of C is listed in Table S3. 511 

 512 

  513 
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2. Experimental data  514 

2.1 Isometric force measurement on the zebra finch syrinx muscle. Force responses of twenty-five three-515 
spike stimulation patterns were measured as described in detail in (33) on the dorsal tracheobronchial 516 
muscle (DTB) in male zebra finches. Briefly, the three-spike stimulation patterns were based on stimulation 517 
frequencies of 200, 400, 600, and 800Hz, with the timing of the middle spike moved from the centered 518 
position toward the first or the third (last) spike. For JiSuJi implementatiom, we assumed the fiber density 519 
was 1060 fibers/mm2 based on ref. (36). 520 

 521 

2.2 In vivo [Ca2+] signal transduction dynamics 522 

We previously quantified [Ca2+] in zebra finch syringeal muscle (vental tracheobronchial muscle VTB)as 523 
a function of temperature (55). In brief, force development curves of single and multiple stimuli (100 ms, 524 
100 Hz trains) were measured at a range of temperatures (10–39˚C) at optimal stimulus amplitude and 525 
muscle length. Next, we inhibited actomyosin interaction to avoid movement artifacts for calcium 526 
measurements using BTS (91). To image intracellular calcium, we used Mag-Fluo-4 as high-affinity 527 
calcium indicator (92) and measered light with a photomultiplier (PTM) mounted on an inverted 528 
microscope (Nikon eTI, DFA, Glostrup, Denmark). Force, stimulus and PTM signals were sampled at 60 529 
kHz (National Instruments USB6259) and analyzed in Matlab. 530 

The PTM signal was highpass filtered (30 Hz, 2 nd order butterworth filter, filtfilt implementation) to remove 531 
slow changes in the PTM signal. DFF was defined as the PTM signal minus the mean of 100 samples prior 532 
to stimulation. To calculate FWHM of the DFF signals we also applied a lowpass filter (500 Hz, 2nd order 533 
butterworth filter, filtfilt implementation) and detected the DFF peaks after stimulation pulses.  534 

 535 

2.3. Isometric force measurement on the Bengalese finch VS muscle. Force responses to both short (one to 536 
three spikes) and long duration stimulation patterns (100 to 500Hz) were measured on dissected muscle 537 
fiber bundles of ventral syringeal muscle (VS) in male Bengalse finches. In the short duration stimulation 538 
pattern, the spike intervals were in the range of 2 to 10 ms.   539 

 540 

2.4 Isovelocity test. A detailed description of the isovelocity test has been provided in ref. (48). In brief, the 541 
DTB muscle bundle was dissected out of an extracted zebra finch syrinx. The muscle bundle was mounted 542 
on a force transducer (400A, Aurora Scientific, Aurora, ON, Canada) at one end and a high-speed length 543 
controller (322C, Aurora Scientific) at the other to enable the measurement of force and dynamic control 544 
of muscle length. The muscle was initially stretched to 1.1L0 and tetanized to elicit maximal isometric force 545 
using a stimulation frequency of 600Hz. During stimulation, the muscle was shortened back to L0 at 546 
velocities ranging from 0.25 to 20 L0/s using the high-speed length controller. Stimulation ceased once the 547 
tissue returned to L0. A parallel run at each velocity was conducted without stimulation to isolate passive 548 
force. Active muscle force at each velocity was obtained by subtracting passive force from total force.  549 

 550 

2.5. 3D rendering of a syringeal muscle preparation. To obtain the accurate geometry of the syringeal 551 
muscle fiber bundle, one DTB preparation was 3D scanned following the experimental procedure. The 552 
preparation was set to approximately L0 in a petri-dish. This preparation was then scanned using an 553 
ultrasound imaging system (Vevo F2, Fujifilm, Tokyo, Japan). Scans were made along both the width and 554 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 18, 2025. ; https://doi.org/10.1101/2025.06.16.659528doi: bioRxiv preprint 

https://doi.org/10.1101/2025.06.16.659528
http://creativecommons.org/licenses/by/4.0/


20 
 

length of the muscle bundle at the highest in-built resolution setting (20 µm). The images were then 555 
imported into Mimics (Materialise, Belgium) to reconstruct a 3D representation of the muscle bundle.   556 

 557 

3. Simulation – Experimetal comparison metrics 558 

The coefficient of determination (R2) was calculated as 𝑅𝑅2 = 1 − 𝑆𝑆𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟
𝑆𝑆𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡

, where the residual sum of squares 559 

was calculated as 𝑆𝑆𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟 = ∑ (𝑦𝑦𝑖𝑖 − 𝑓𝑓𝑖𝑖)2𝑖𝑖 = ∑ 𝑒𝑒𝑖𝑖2𝑖𝑖  , where 𝑦𝑦𝑖𝑖  is the observed data. 𝑓𝑓𝑖𝑖 is the corresponding 560 
fitted data. The total sum of squares was calculated as 𝑆𝑆𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦)2𝑖𝑖 , where 𝑦𝑦 is the mean of the 561 
observed data.   562 

Fusion index and fusion frequency. Fusion index (FI) was calculated for each stimulation frequency using 563 
the method in (56). The index represents the ratio of the minimum to the maximum force produced between 564 
two consecutive stimuli. A FI value of 1 indicates complete tetanus, where all individual twitches have 565 
merged into a single sustained contraction. Lower fusion index values indicate less fusion, suggesting that 566 
individual twitches remain distinct. Fusion frequency (ffused) corresponds to a FI of 0.9. 567 

Steady force and t90.  Steady force is defined as the time-averaged muscle force during the late phase of 568 
long duration stimulation, when the cycle-averaged force no longer changes significantly over time. For the 569 
force response of the DTB muscle of the zebra finch, the steady force was calculated using the data from 570 
15ms to 25ms in Fig. 1c. Regarding the force response of the VS muscle of the Bengalese finch, for the 571 
Wilson model, the steady force was computed as the mean force between 150 ms and 180 ms, while for all 572 
other cases, it was calculated over the 60 ms to 90 ms window. t90 is defined as the time point at which the 573 
muscle force reaches 90% of the steady force. Since muscle force can oscillate at lower stimulation 574 
frequencies, a cycle-averaged force was computed for each cycle. A smooth force-time curve was then 575 
generated by fitting the cycle-averaged data using a B-spline in MATLAB. The value of t₉₀ was determined 576 
based on this smoothed curve. 577 

 578 
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