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Abstract10

Computational models guide the design of selective peripheral nerve stimulation,11

but to stay tractable they almost universally reduce each fascicle to one or a few rep-12

resentative fibers — an approximation whose effect on predicted selectivity has gone13

untested, because testing it means simulating whole fiber populations under opti-14

mized extracellular fields. We built jaxon, a fully differentiable, GPU-native reim-15

plementation of canonical peripheral-nerve fiber models in JAX, validated against16

NEURON (99.6% of 943 configurations within 1% threshold error) and roughly17

820× faster at 100,000 fibers. Optimizing stimulation over a 12-contact cuff on 2918

histology-segmented vagus nerves (18 swine, 11 human), we show that the standard19

single-fiber reduction overestimates deliverable selectivity for myelinated fibers —20

negligibly in swine (median 0.01) but substantially in human (median 0.14, up to21

0.45), because human fascicles are large. Re-scoring candidate designs on the full22
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population, cheap in jaxon, recovers most of the loss, identifying population-scale23

validation as the missing step.24

1 Introduction25

Electrical stimulation of peripheral nerves is now a clinical therapy for drug-resistant26

epilepsy, treatment-resistant depression, rheumatoid arthritis, heart failure and chronic27

pain1–4. Because peripheral nerves bundle motor, sensory and autonomic fibers into28

anatomically distinct fascicles whose number, caliber and somatotopic ordering vary sub-29

stantially across species and individuals5,6, the central therapeutic problem is not whether30

to stimulate but which fibers to engage — a problem of selectivity 7–9. Two design levers31

set selectivity: the spatial distribution of cathodic and anodic charge across the contacts32

of a multi-contact cuff, and the temporal shape of the stimulus waveform, both cou-33

pling nonlinearly to fiber threshold through the extracellular field and each fiber’s active34

membrane dynamics10–12.35

Because those levers are expensive to explore experimentally, device development36

increasingly relies on computational evaluation of candidate stimulation patterns. The37

dominant workflow couples a finite-element solve for the extracellular potential Ve(x) in38

a realistic nerve geometry to compartmental NEURON13 simulations of canonical axon39

models — typically the McIntyre–Richardson–Grill (MRG) double-cable model (or the40

simpler Sweeney model) for myelinated fibers14,15 and the Sundt model for unmyelinated41

C-fibers16 — and scans parameters to map activation thresholds across fascicles. Open-42

source pipelines such as ASCENT17, NRV18, PyPNS19 and PyFibers20 have made this43

workflow widely accessible, but they share a structural cost: every candidate design44

requires thousands of independent NEURON forward simulations, run serially over CPU45

cores, with no way to compute the gradient of a selectivity objective with respect to46

the design variables. Optimization is therefore confined to gradient-free methods — grid47

sweeps, finite-difference approximations20 or evolutionary search7 — that scale poorly to48

the high-dimensional spaces opened by waveform shaping or many-contact cuffs.49

A second economy compounds the first and is far less examined. To keep the fiber50
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count manageable, selectivity-optimization pipelines commonly sample only a few repre-51

sentative fibers per fascicle — in the limiting case a single centroid fiber, the reduction52

used, for example, in GPU-accelerated selectivity optimization21. Whether this reduction53

preserves the selectivity of a candidate design, or quietly biases it, has never been tested,54

for a simple reason: the test requires simulating the entire fiber population under the55

very fields the reduced model selects — exactly the computation the reduction exists to56

avoid. This is the question we set out to answer.57

Recent progress in differentiable simulation offers a way in. Frameworks such as58

jaxley22 express Hodgkin–Huxley membrane dynamics and multi-compartment cable59

equations in JAX23, in the same differentiable-physics spirit as tools like JAX MD24, so60

that gradients of arbitrary functions of the membrane trajectory follow from reverse-mode61

automatic differentiation within a single GPU-vectorized forward pass, enabling gradient-62

based inference at large scale in the central nervous system. No comparable differentiable63

implementation has existed for peripheral-nerve fiber models: the MRG double cable64

requires a coupled (Vi, Vpx) backward-Euler integration that is not available out of the box,65

the Sweeney, Sundt and Rattay models carry calibration-sensitive constants that must66

reproduce NEURON to benchmarking accuracy9, and selectivity optimization demands67

a batched forward solver that vectorizes across large fiber populations on a single device.68

Here we build that solver — jaxon, a fully differentiable, GPU-native reimplemen-69

tation in JAX of four canonical axon models (the myelinated MRG double-cable and70

Sweeney models and the unmyelinated Sundt and Rattay C-fibers) — and use it to inter-71

rogate the reduced-order sampling assumption that population-scale simulation finally72

makes testable. Figure 1 lays out the whole approach end to end: from a histology-73

derived nerve cross-section and its per-contact extracellular fields, through the GPU-74

batched differentiable fiber solver validated against NEURON, to the selectivity objective75

whose gradient drives the per-contact stimulus optimization. jaxon reproduces NEURON76

across strength–duration, conduction-velocity and intracellular-trace benchmarks (99.6%77

of 943 configurations within 1%) while running roughly 820× faster than PyFibers at78

N = 100,000 fibers on a single A100, fast enough to optimize and re-score whole-nerve79
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populations. On a cross-species cohort of 29 histology-segmented vagus nerves, we find80

that stimulation configurations optimized on sparsely sampled fibers — the per-fascicle81

reduction used in GPU-accelerated selectivity work21 — lose substantial selectivity when82

deployed on the full fiber population. This deployment penalty scales with the number83

of fibers per target fascicle and therefore differs systematically between species: small84

in swine, large in human. It is a translational bias that reduced-order models cannot85

detect, because they never simulate the fibers on which the bias acts. The finding is es-86

tablished for the myelinated population at a single fiber diameter; the distinct and larger87

selectivity limit on the small unmyelinated autonomic C-fibers is a separate effect, shown88

on these same nerves by the companion golgi work25 and left to future study. Enabling89

the analysis is a selectivity-optimization pipeline whose GPU-fast forward pass makes90

optimization tractable directly on the full fiber population rather than on per-fascicle91

centroids — to our knowledge the first full-population selectivity optimization on real92

cross-species histology geometry. The results reported here use finite-difference gradients93

over the contacts, as in PyFibers20; the enabling capability is the fast full-population94

forward pass, not the gradient type. jaxon additionally exposes exact end-to-end gra-95

dients — verified against finite differences (Supplementary Fig. S1) and unavailable to96

NEURON-wrapped pipelines — for the waveform-shape optimization left to future work.97

98

2 Results99

Our central result is that the reduced-order fiber sampling used to keep selectivity mod-100

els tractable systematically overestimates how much selectivity is actually delivered to101

the nerve, by an amount set by fascicular architecture. We first validate the simulator102

against NEURON and benchmark its throughput (Sections 2.1–2.2), then optimize se-103

lectivity on real cross-species anatomy (Section 2.3), where this central result emerges104

(Section 2.4). All raw data and analysis code are available as described in the Data105

Availability statement.106
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Figure 1: Overview of the jaxon differentiable pipeline. (a) Forward-and-optimize
loop. A per-contact stimulus Ik(t) drives the superposed extracellular field Ve =
∑

k Ik V
(k)
e ; the coupled-cable GPU solver integrates the membrane dynamics of every

fiber in parallel and aggregates them into a fascicle-selectivity objective L. Because the
whole pipeline is built on jaxley/JAX, the gradient ∂L/∂θ with respect to the stimulus
is available end-to-end by reverse-mode autodiff (dashed loop). The solver is validated
against PyFibers/NEURON on thresholds and conduction velocity. (b) Anatomy to
model. A histological vagus-nerve cross-section is segmented, area-preservingly circular-
ized and embedded in the 12-contact cuff finite-element model, from which the per-contact
extracellular lead fields V

(k)
e (and the derived activating function) are computed. (c)

Fiber models and validation. The four implemented fiber models (myelinated MRG
and Sweeney; unmyelinated Sundt and Rattay) with their equivalent-circuit double-cable
/ single-cable schematics. (d) Throughput and selectivity optimization. Left, the
jaxon-vs-PyFibers forward-pass speedup versus fiber count (Section 2.2); right, one ex-
ample nerve with the optimized cuff pattern (cathode teal, anode orange, inactive white,
over the cuff’s four angular columns × three axial rows) and fibers colored by recruit-
ment (target fired / target silent / off-target fired / off-target silent), the peripheral
target-fascicle cluster outlined.
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2.1 Validation against NEURON107

We first establish that jaxon reproduces NEURON across models and scales to whole-108

nerve populations — the accuracy and throughput the optimization analysis below relies109

on. For each axon model we drove jaxon and PyFibers-wrapped NEURON with identical110

stimuli and compared activation thresholds across diameters, eight waveforms (monopha-111

sic and biphasic cathodic- and anodic-first, sinusoidal, sawtooth, exponential, Gaussian)112

and pulse widths 0.02–1ms — 943 configurations in total. 99.6% agree to within 1%113

relative threshold error (Table 1; jaxon–NEURON threshold correlation r = 0.999998,114

i.e. R2 > 0.99999 as plotted in Figure 2c; mean signed bias +0.11%). Only the Rattay115

model exceeds the criterion, in a single edge regime — biphasic cathodic-first pulses at116

the four smallest diameters (peak 2.24% at D = 0.3µm) — which we attribute to reduced117

bisection resolution near the strength–duration inflection; the intracellular traces agree118

to NEURON-level precision (Figure 2a).119

Table 1: Strength–duration threshold agreement of jaxon vs. PyFibers-wrapped NEU-
RON, aggregated across all tested diameters, waveforms and pulse widths per model.
Diameters tested (µm): MRG = {5.7, 7.3, 8.7, 10.0, 11.5, 12.8, 14.0, 15.0, 16.0}; Sundt
= {0.3, 0.5, 0.8, 1.0, 1.2}; Sweeney = {10}; Rattay = {0.3, 0.5, 0.8, 1.0, 1.5}. Sweeney is
evaluated at D = 10µm only because Sweeney’s original parameterization15 was derived
and validated at D = 10µm and the PyFibers reference implementation20 follows the
same convention; the 17 cells dropped from Sweeney’s 48-cell sweep at D = 10 are NEU-
RON extracellular-mechanism singular-solve failures under anodic-leading pulses, not
jaxon errors. Pulse widths tested: {0.02, 0.05, 0.1, 0.2, 0.5, 1.0}ms.

Model configs median err. [IQR] 95th%ile peak err.

MRG 432 0.04% [0.02–0.09] 0.20% 0.39%
Sundt 240 0.34% [0.28–0.39] 0.42% 0.46%
Sweeney 31 0.02% [0.02–0.05] 0.06% 0.06%
Rattay 240 0.07% [0.04–0.10] 0.15% 2.24%

total 943 0.08% [0.03–0.20] 0.40% 2.24%

Seven of the eight waveforms agree within 1% on every configuration; the lone excep-120

tions are the four biphasic cathodic-first Rattay cases above (and even there 96.5% pass).121

Conduction velocity, which probes the internodal and nodal time constants, agrees to a122

median < 0.1% across all models and diameters (peak 0.24% for Sundt at D = 0.3µm).123

Per-waveform and per-diameter breakdowns are in Supplementary Tables S7–S8; the per-124
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waveform error distribution is Figure 2c. Beyond thresholds, jaxon reproduces canonical125

propagation phenomena — action-potential propagation, DC (depolarizing-hold) con-126

duction block and AP collision across all four fiber models (Supplementary Fig. S2), and127

20 kHz kilohertz-frequency block (Supplementary Fig. S3) — each matching NEURON128

within the scan resolution or the floating-point floor.129

Figure 2 compactly summarizes the validation and the computational-efficacy result130

for all four models in a single panel set: representative extracellular AP and gating-131

variable traces with the stimulus overlaid (panel a, jaxon solid over NEURON dashed),132

the strength–duration curves at every tested diameter (panel b), the activation-threshold133

agreement broken down as a jaxon-vs-NEURON scatter and by model, waveform and134

diameter (panel c), CV-vs-diameter agreement (panel d), and the forward-pass through-135

put benchmark (panel e, detailed in Section 2.2). Across panel c the jaxon-vs-NEURON136

scatter lies on the unity line at R2 > 0.99999, and every per-waveform and per-diameter137

error distribution sits below the 1% acceptance criterion.138

2.2 Forward-pass throughput139

The principal performance motivation for the JAX implementation is the expectation140

that GPU vmap-batching will outperform CPU-parallel NEURON as the fiber count141

grows. We benchmarked all five model/parameterization variants (MRG with both the142

original and the interpolated parameter tables, Sweeney, Sundt and Rattay) at N ∈143

{1, 10, 100, 1 000, 10 000, 100 000} fibers on a single NVIDIA A100 GPU, against PyFibers144

running 8-thread CPU-parallel on a matched Xeon host. Figure 2e reports the per-model145

wall time and the resulting jaxon-vs-PyFibers speedup; Table 2 summarizes the headline146

numbers.147

At small N , GPU launch overhead dominates and PyFibers on CPU is faster, but148

the vmap-batched forward pass amortizes the per-step launch cost across the batch, so149

jaxon overtakes PyFibers at N ≈ 10 for every model and the advantage grows over150

the small-N regime, reaching order 500–1400× at the largest N (Table 2; the MRG151

double-cable speedup peaks near N = 104 and rolls off slightly by N = 105, while the152
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Figure 2: Validation of jaxon against PyFibers-wrapped NEURON and computational-
efficacy benchmark, all four fiber models. (PyFibers wraps NEURON; the reference is
labelled “PyFibers” in panel annotations and “NEURON” in the text interchangeably.)
(a) Membrane-potential and gating-variable response to a single extracellular cathodic
stimulus (overlaid as the solid black step at resting potential), one column per model;
jaxon (colored solid) over NEURON (dashed gray). (b) Strength–duration threshold (ab-
solute value) vs. pulse width at every tested diameter (viridis = small→large diameter);
jaxon solid line + circle markers, PyFibers dashed line + cross markers in a lighter tint
of the same color. (c) Activation-threshold agreement: jaxon-vs-PyFibers scatter with
R2 and median relative error (top left), and relative-error distributions broken down per
model, per stimulus waveform and per diameter bin. Median is the black bar; the 1%
acceptance criterion is the dotted red line. (d) Conduction velocity vs. fiber diameter
for the A-fiber (MRG, Sweeney) and C-fiber (Sundt, Rattay) models; same jaxon-solid /
PyFibers-lighter-dashed convention. MRG and Sweeney differ in conduction velocity at
matched diameter — an expected between-model biophysical difference, not a jaxon-vs-
NEURON validation discrepancy (each model’s jaxon and NEURON curves coincide).
(e) Forward-pass throughput on a single NVIDIA A100 GPU: absolute wall time (left)
and jaxon-vs-PyFibers speedup (right) vs. fiber count N , log–log (Section 2.2).
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lighter models stay monotonic). At N = 100 000 the speedup reaches 544× for MRG,153

1 377× for Sweeney (smaller per-fiber state) and ∼1 000× for the C-fibers, a geometric154

mean of ∼ 820× — taking what would be multiple CPU-hours per forward pass down155

to under twenty seconds. At the ∼1 000-fiber scale of the cohort selectivity study the156

speedup is more modest but still decisive — 209× (MRG) to 304× (Sundt), the operating157

point that actually makes the thousands-of-evaluations optimization loop below tractable.158

This is a GPU-versus-eight-thread-CPU comparison against the field-standard PyFibers159

workflow; against many-core CPU or GPU-accelerated NEURON variants the multiplier160

would be smaller, but the order-of-magnitude advantage from vmap-batching the forward161

pass persists, and CPU NEURON is the established baseline a new solver must beat.162

This is what brings the population-scale optimize-and-re-score analysis below (∼ 1 000163

fibers per nerve, simulated thousands of times per optimization, across 29 anatomies and164

five sampling levels) within reach on a single GPU-day.165

Table 2: Wall time per forward simulation (in seconds) and speedup of jaxon over
PyFibers at representative fiber counts. jaxon runs on a single NVIDIA A100 GPU;
PyFibers runs 8-thread CPU-parallel on a matched Xeon host. All timings exclude JAX
compile time (5–30 s one-time per model, amortized over each batched run). Geometric
mean of the N = 100 000 speedups across the five benchmarked models is ∼ 820×.

N = 1000 N = 10 000 N = 100 000

Model pyf. (s) speedup pyf. (s) speedup pyf. (s) speedup

MRG 49.3 209× 525 671× 5 172 544×
MRG-interp. 58.0 246× 537 695× 5 021 527×
Sweeney 62.6 268× 603 1 322× 5 972 1 377×
Sundt 183 304× 1 742 985× 16 593 1 006×
Rattay 151 259× 1 425 868× 14 068 929×

2.3 Selectivity optimization on histology-derived vagus nerves166

Using jaxon — validated against NEURON and fast enough to optimize whole-nerve167

populations (Sections 2.1–2.2) — we ran the differentiable optimizer on a cohort of168

ncohort = 29 (18 swine, 11 human; 116 target-cluster seeds) subject-specific FE-modeled169

vagus-nerve cross-sections drawn from the SPARC quantified morphology releases of170

swine26 and human27, with per-contact extracellular lead-fields computed in-house with171
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the golgi pipeline25 (Section 4.3). The 12-contact cuff (three axial rows × four angular172

columns) gives the rectangular optimizer K = 12 amplitudes per nerve; the target is the173

peripheral fascicle cluster within one contiguous angular sector (Section 4.3). Figure 3a174

shows dense- and sparse-optimized activation maps and cuff patterns for a representative175

swine and human nerve (the sparse condition is defined in Section 2.4), fibers colored by176

activation status (target/off-target × fired/silent).177

Dense optimization recovers focal, selective drive. The rectangular optimizer178

uses a probe-based smart initialization (Section 4.2): a small set of bipolar and single-179

column tripolar spatial patterns is scored at eight magnitudes in both polarities (80180

forward passes per seed), and the best initializes a single gradient (Adam-FD) trajec-181

tory with the probe’s zero contacts frozen to preserve sparsity. Across the cohort (111182

selectable-target seeds over 29 nerves; five degenerate-target seeds excluded, see below)183

this achieves mean SI = 0.90 (median 0.95), with 70% of seeds reaching SI ≥ 0.90.184

Swine and human reach a near-identical median (0.946 vs. 0.964), but the human mean185

is lower (0.845 vs. 0.926) because a heavy tail of geometric-ceiling anatomies (below)186

pulls it down rather than a uniform downward shift. The optimizer converges to a focal,187

sparse drive: 103 of 111 seeds (93%) use exactly three active contacts — a single-column188

tripolar configuration (cathode at the column’s z-middle contact, charge-balancing an-189

odes at z-top and z-bottom); per-species figures are summarized in Table 3. Per-sample190

dense and sparse-transfer activation maps with their cuff patterns, for every nerve and191

seed, are provided as Supplementary Figures S34–S60. All results here use the fixed192

charge-balanced biphasic pulse with optimized per-contact amplitudes; waveform-shape193

optimization is left to future work (Section 3).194

Emergent stimulation strategy. The optimized configurations are physically inter-195

pretable rather than arbitrary (Figure 3c). Circumferentially, the optimizer steers ca-196

thodic drive toward the target sector: the fraction of contacts that are cathodic is highest197

in the target-facing direction (0.34 swine, 0.40 human) and near zero to the side. Lon-198

gitudinally it forms a center–surround current profile — a mid-cathode tripole flanked199
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Table 3: Per-species summary of the histology cohort. All metrics are over the 111
selectable-target seeds (target fraction ≤ 0.6; five degenerate-target seeds, all human,
excluded — see text). The deployment penalty (SIdense − SItransfer, for the single-
representative-fiber (centroid) reduction) and fibers per target fascicle are per nerve.

count dense SI penalty fibers/fasc.

nerves seeds med. (mean) ≥ 0.90 med. (mean) median

Swine 18 72 0.946 (0.926) 72% 0.011 (0.013) 30
Human 11 39 0.964 (0.845) 67% 0.136 (0.128) 151

All 29 111 0.948 (0.897) 70% — —

Species penalty difference (centroid reduction): two-sided Mann–Whitney p = 0.01 (n = 29 nerves;

robust at the subject level, p = 0.011 over 11 swine / 7 human subjects — see Section 4.5).

Strategy-averaged penalty vs. fibers per target fascicle: Spearman r = +0.47, p = 0.01 (n = 29 nerves;

within-species not significant, see text). The fibers-per-fascicle counts (median 30 swine, 151 human)

are sampled-fiber counts under area-weighted seeding of 1 000 fibers per nerve — i.e. proportional to

fascicle area, not anatomical fiber counts.

by charge-balancing anodes — whose polarity is a species-dependent tendency (more of-200

ten the classic mid-cathode form in swine, the inverse in human). The optimizer thus201

rediscovers, without being told to, the steered tripolar configurations that the selectivity202

literature arrives at by design.203

Geometric-ceiling cases. A minority of human anatomies cannot be steered well.204

These are not primarily cases where off-target fascicles happen to sit as close to the con-205

tacts as the target — across the cohort the minimum fascicle-to-contact distance is only a206

weak predictor of achieved selectivity (Spearman r ≈ −0.13, n.s.) — but cases where the207

target fascicle is large relative to the steerable field, so that sparing every off-target fiber208

while recruiting the whole target is geometrically impossible. These geometric-ceiling209

cases form the heavy lower tail of the human distribution and are retained in all statistics210

— they are genuine selectivity outcomes on selectable targets, not solver artifacts. Sepa-211

rately, we exclude five seeds (all human) whose target cluster spans more than 60% of the212

nerve cross-section (target fraction > 0.6): such targets are degenerate by construction213

— no selective solution exists — so they are uninformative about achievable selectivity.214
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Figure 3: Selectivity optimization on the SPARC histology-derived vagus-nerve cohort
(29 nerves: 18 swine, 11 human; 111 selectable-target seeds, degenerate targets excluded).
“Sparse” in panels a–b denotes a configuration optimized on the single centroid fiber per
fascicle — a standard reduced-order workflow — and evaluated on the full ∼1000-fiber
population (transfer); panel d sweeps the sampling density. (a) Dense- versus sparse-
optimized activation for a representative swine and human nerve, matched on target size
(∼28% of fibers) and dense SI (∼0.97); the swine deployment penalty is near zero (and
can be slightly negative from sampling noise), consistent with the swine cohort median
of 0.011; fibers colored by activation status (target/off-target × fired/silent), with the
optimized 12-contact cuff pattern below (contacts colored by polarity — teal cathodic
(Ik < 0), orange anodic (Ik > 0), white inactive — and sized by |Ik|). (b) Dense ver-
sus sparse performance per nerve (bars = mean ± SEM with per-nerve dots overlaid,
shown for readability; all inference is on the per-nerve medians reported in the text and
Table 3): selectivity index, on-target and off-target recruitment, and total stimulation
current. Brackets give the two-sided per-nerve Wilcoxon p, Holm-corrected over the
eight metric × species cells (the same values quoted in the text). (c) Emergent stimu-
lation strategy: (left) fraction of contacts that are cathodic by target-relative direction
— cathodes steer toward the target; (right) longitudinal mean current by axial row — a
center–surround (tripolar) profile. (d) Sparse fiber-sampling: dense-optimized SI ceiling
(dashed line ± bootstrap CI, 10 000 resamples) versus sparse-optimized transfer SI per
strategy (centroid, 1/3/10 fibers per fascicle) for swine and human; right, the deployment
penalty SIdense − SItransfer versus the number of fibers per target fascicle (Spearman r).

12



2.4 Reduced-order fiber sampling overestimates deliverable se-215

lectivity unless the design is re-scored on the population216

Prior GPU-accelerated selectivity work reduces each fascicle to a single centroid fiber to217

keep the population tractable21. Because jaxon simulates the full ∼1000-fiber population218

directly, we can ask what this approximation costs at deployment. For each nerve ×219

seed we re-ran the identical optimization on four sparse fiber-sampling levels — one220

centroid fiber per fascicle, and 1, 3 or 10 randomly-sampled fibers per fascicle — by pure221

row-subsampling of the precomputed Ve lead-field with no FEM recomputation. Each222

density level uses a single random draw with a fixed RNG seed (set in the released code),223

so the sampling is reproducible; the 116 target seeds within the 29 nerves provide the224

spread, and the per-nerve density curves aggregate over a nerve’s seeds. The selectivity225

such a model reports is optimistic, because its amplitudes are tuned to the few fibers226

it can see; we therefore take each sparse-optimized amplitude vector and re-score it on227

the full population without re-optimizing, giving the transfer selectivity SItransfer — the228

selectivity actually delivered. The deployment penalty is the drop from the dense ceiling,229

SIdense − SItransfer (Figure 3d).230

The penalty is negligible in swine but substantial and heavy-tailed in human. For231

the single-representative-fiber reduction that reduced-order pipelines actually use — one232

fiber at each fascicle centroid — the per-nerve penalty is a median 0.011 in swine (mean233

0.013, maximum 0.05) versus 0.136 in human (mean 0.128; Mann–Whitney U = 157,234

p = 0.01, rank-biserial r = 0.59, 95% bootstrap CI (10 000 resamples, seed fixed in the235

released code) [0.15, 0.93]), against a dense ceiling of ∼0.95. The human distribution is236

not a simple right-skew but a low-penalty cluster plus a heavy upper tail : five of eleven237

human nerves lose less than 0.07 while the remainder form an upper tail reaching 0.45 (so238

the mean, 0.128, sits just below the median, 0.136), whereas no swine nerve loses more239

than 0.05. Sampling more fibers reduces the penalty: across the three random-density240

levels it falls significantly as density rises (one to ten random fibers per target fascicle,241

median 0.19 → 0.03; Friedman χ2 = 11.4, p = 0.003, n = 11 human nerves over the242

three levels, with the centroid reduction as a separate reference point; averaged over the243
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sparse strategies the human penalty is 0.083) — but it does not close on the largest244

fascicles, where three of eleven human nerves still lose more than 0.10 even at ten fibers245

(Supplementary Figure S4). Re-expressed as the fraction of each target fascicle sampled246

— the species-fair axis, since ten fibers is ∼33% of a typical swine fascicle but only ∼7%247

of a human one — the penalty concentrates below ∼5% sampling and the species gap248

persists at matched low fraction (human ∼0.10 vs swine ∼0.00): a large fascicle needs249

a proportionally larger sample to be represented, and on the human vagus the standard250

single-fiber reduction rarely provides it.251

What sets the species difference is fascicle size. The penalty is essentially a between-252

species step — negligible in swine, sizeable in human — tracking the number of fibers per253

target fascicle, which has median 30 in swine versus 151 in human. The strategy-averaged254

penalty correlates with fibers-per-fascicle across the cohort (Spearman r = +0.47, p =255

0.01, n = 29 nerves), though within each species the trend is only directional at these256

sample sizes; we therefore read fibers-per-fascicle as a between-species driver rather than257

a graded within-species predictor. This explains the species gap: swine vagus nerves258

carry many small fascicles, so a handful of sampled fibers represents the target well and259

the optimized field transfers; human nerves carry a few large fascicles, so a field tuned260

to one sampled fiber does not cover the rest of that fascicle. This is the within-fascicle261

counterpart of an established geometric effect — cuff-electrode activation thresholds vary262

systematically with a fascicle’s perineurium thickness and cross-sectional area28 — so263

within one large fascicle the spread of fiber positions produces a spread of thresholds that264

a single centroid fiber cannot represent. Counterintuitively, the more fascicular nerve265

(swine) is the more forgiving one.266

The recruitment signature confirms the mechanism (Figure 3b). Relative to the dense267

optimum, the centroid-transfer configuration in human (n = 11 nerves) loses on-target268

recruitment (median 100% → 83%; p = 0.023) and selectivity (p = 0.014), whereas269

off-target recruitment and total delivered current are statistically unchanged (p = 0.70270

for both) — all p-values here and in Figure 3b are two-sided per-nerve Wilcoxon signed-271

rank, Holm-corrected across the eight metric × species cells. In swine (n = 18) the272
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same dense-vs-transfer SI difference is Holm-significant (p = 0.005) but negligible in273

magnitude (∼0.01 SI; on-target p = 0.11) — statistical significance without practical274

consequence, in contrast to the human loss. The penalty is thus a failure to recruit275

the large target fascicle, not off-target spill or reduced drive. It is, however, largely a276

cost of the standard workflow — optimizing on the reduced set and reading selectivity277

off it, without re-scoring on the population. Because jaxon re-scores a candidate on278

the full population cheaply, selecting per nerve the sparse-optimized design that scores279

best on the full population (optimize-then-validate) collapses the penalty to a median280

0.000 in swine and 0.016 in human. The honest conclusion is therefore narrow: centroid-281

only sampling as standardly used 21 over-states deliverable selectivity on the large-fascicle282

human anatomies most relevant to clinical translation, but a modeler who brings the full283

population into the selectivity pipeline — at optimization or at least at validation, now284

computationally feasible — recovers most of it, leaving only a small residual (∼0.02 in285

human; the optimize-then-validate residual above, 0.016, rounds into this range) that no286

sparse design fully closes. This is a statement about the modeling workflow, not a bedside287

prescription: it says a selectivity design tuned on centroid fibers should be re-scored on288

the full population before being trusted, not that a fixed stimulus amplitude be used289

clinically (see Discussion).290

3 Discussion291

Using population-scale differentiable simulation, we have shown that the reduced-order292

fiber sampling standard in GPU-accelerated selectivity modeling — reducing each fas-293

cicle to one or a few representative fibers and reading selectivity off that reduced set294

— overestimates how much selectivity is actually delivered to the nerve when used that295

way. The error is not a fixed offset: this deployment penalty is governed by fascicular296

architecture, the number of fibers per target fascicle, and is therefore negligible in swine297

(median ∼0.01) but sizeable and heavy-tailed in human (median 0.14 for the standard298

single-representative-fiber reduction, reaching 0.45 on the largest-fascicle nerves) — a299
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between-species translational bias that reduced-order models cannot detect because they300

never simulate the fibers the bias acts on. Mechanistically the penalty is a failure to301

recruit the large human target fascicle from a field tuned to a few sampled fibers, not302

off-target spill or reduced drive; it extends to the within-fascicle scale the established de-303

pendence of cuff-electrode thresholds on fascicle perineurium and cross-sectional area28,304

a spread a single centroid fiber cannot capture. Crucially, it is also largely recover-305

able: because the full-population forward pass is cheap in jaxon, re-scoring or selecting306

a sparse-optimized design on the population removes most of it (residual human ∼0.02),307

so the actionable message is that population-scale validation — not a different optimizer308

— is what reduced-order pipelines lack. All of this was measurable only because jaxon309

simulates the full ∼1000-fiber population at NEURON-level fidelity (99.6% of 943 con-310

figurations under the 1% criterion) and a geometric-mean ∼820× throughput gain (peak311

1 377×) on a single A100; throughput is the enabling capability, since prior NEURON312

pipelines are slow enough that full-population optimization is impractical, forcing the313

per-fascicle reduction in the first place (Sections 2.3–2.4).314

jaxon occupies a distinct position in the peripheral-nerve modeling ecosystem. The315

closest NEURON-based comparator is PyFibers20, which wraps NEURON axon mod-316

els in Python with random-search or finite-difference-gradient optimization; jaxon re-317

moves the Python–NEURON overhead that blocks vmap-batched GPU forward passes318

and adds end-to-end gradients PyFibers lacks, without loss of fidelity (Section 2.1). The319

wider open-source ecosystem — ASCENT, NRV18 and PyPNS19 — shares the same320

gradient-free, CPU-NEURON basis. The one GPU-accelerated exception, AxonML21, is321

a fast learned surrogate of the fiber response; jaxon instead integrates the exact biophys-322

ical equations on the GPU, retaining NEURON-level fidelity and exposing exact gradi-323

ents without a learned approximation, and it is AxonML’s centroid-per-fascicle sampling324

whose deployment penalty we quantify (Section 2.4). Other GPU neuron simulators —325

NeuroGPU29, Brian2GeNN30, CoreNEURON31 and Arbor32 — accelerate the forward pass326

but none models extracellular field stimulation, the regime relevant to cuff electrodes,327

and none exposes end-to-end gradients, leaving CPU NEURON as the established base-328
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line a new solver must beat. Within the JAX ecosystem, jaxley22 supplies the multi-329

compartment Hodgkin–Huxley machinery but ships only canonical CNS channels; jaxon330

adds the peripheral specialization — the coupled (Vi, Vpx) MRG solver, the calibrated331

Sweeney, Sundt and Rattay models, the NEURON-validation harness and the selectivity332

pipeline. It is thus complementary to, rather than a replacement for, this ecosystem: the333

subject-specific finite-element fields used here are produced by our companion open plat-334

form, golgi25, which builds the anatomy, meshes and solves the extracellular field, while335

jaxon contributes the differentiable, GPU-native fiber solver and the population-scale336

sampling-penalty analysis and drops in as an additional backend.337

Several limitations bound the scope of the finding. It is established in silico, with338

one cuff and one finite-element pipeline, on 29 nerves (11 human). We therefore frame339

fascicular architecture as the driver the between-species penalty difference scales with340

(cohort Spearman r = +0.47; the within-species trend is directionally consistent but341

under-powered), not as a manipulated cause. A diameter spot-check confirms the species342

ordering persists at 5.7, 7.3 and 10µm (strategy-averaged human penalty 0.083, 0.066343

and 0.054 versus swine ∼0.01 throughout), so the direction is not an artifact of the sin-344

gle diameter, though we expect the magnitude — not the direction — to depend on345

fiber-type mix, cuff geometry and the conductivity model. Within-fascicle heterogeneity346

in fiber diameter we tested directly: adding realistic per-fiber variability (CV = 0.15)347

leaves the species-dependent penalty intact (swine small, human large; p = 0.01) and, if348

anything, deepens the heavy human tail (worst nerve 0.45 → 0.66) while lowering the349

achievable selectivity ceiling (0.95 → 0.88 in human), so the single-diameter model is a350

conservative rather than optimistic idealization. That single fiber type at a single diame-351

ter, with identical channel densities and resting state across fibers, isolates the sampling352

effect we set out to quantify but is itself an optimistic setting for selectivity — with iden-353

tical fibers a per-fascicle centroid is maximally representative, so the reported penalty354

is a conservative lower bound, and inter-fiber variability is known to broaden activation355

distributions and lower achievable selectivity7. A distinct and, on the vagus, larger limit356

on deliverable selectivity comes from the realistic mix of fiber types: the companion357
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platform25 shows on these same nerves that moving from a single-diameter idealization358

to a morphometry-based A/B/C population collapses the selectivity of the small, high-359

threshold cardiac fibers, whose recruitment forces currents that also engage off-target360

fibers. That fiber-type axis is orthogonal to the sampling axis studied here and com-361

pounds it, and jaxon’s throughput makes the multi-type sweeps needed to characterize362

their interaction tractable.363

The remaining caveats concern geometry, operating regime and scoring. The histol-364

ogy results use a single 12-contact cuff (three axial rows × four angular columns) at a365

fixed radius; larger contact counts, conformable cuffs and multi-cuff arrays are increas-366

ingly common clinically but were out of scope, and jaxon’s per-contact amplitude pa-367

rameterization extends to arbitrary layouts with no solver change. The per-contact lead368

fields are computed with a simplified cylindrical-cuff finite-element model rather than a369

device-faithful encapsulation/electrode-impedance solve; because jaxon accepts Ve as a370

precomputed [K,nfiber, ncomp] tensor, a higher-fidelity model can be substituted without371

touching the optimizer. The deployment penalty is defined as under-recruitment of the372

target fascicle at the optimized fixed amplitude, whereas clinical neuromodulation titrates373

amplitude to a physiological endpoint; since the reduced-order design fixes a subopti-374

mal spatial pattern, it sits on a strictly lower selectivity-versus-off-target trade-off curve,375

and a clinician raising overall amplitude could recover some lost target recruitment only376

by engaging more off-target fibers, never reaching the dense pattern’s trade-off — the377

deficit is in the pattern, not the operating amplitude. The penalty should therefore be378

read as a bias in model-predicted deliverable selectivity that propagates into device and379

waveform design, actionable today for modelers building selectivity pipelines rather than380

at the bedside. Finally, recruitment is scored by a sigmoid-smoothed activation proxy381

(Section 4.2) rather than full spike detection; we verified it directly at population scale382

by re-scoring the optimized configuration in PyFibers-wrapped NEURON over the en-383

tire ∼1 000-fiber population on eight cohort nerves (four human, four swine), where the384

proxy agrees with NEURON spike detection on 99.9% of fibers (minimum 99.6%) and385

the population selectivity index matches NEURON to within 0.005 SI on every nerve386
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— an order of magnitude below the human deployment penalty, so the penalty is not387

a proxy artifact. The proxy is nonetheless approximate in pathological regimes (failed388

propagation, partial recruitment, branching or blocked nodes) that were absent from the389

straight-axon MRG simulations here but would warrant revisiting for branched-fiber or390

blocked-conduction applications such as DC or kHz conduction block33.391

Beyond these bounds, jaxon’s GPU throughput and end-to-end gradients position it392

for several next steps that are intractable for gradient-free pipelines: fiber-type (diameter-393

based) selectivity via waveform-shape gradients; population-averaged designs that marginal-394

ize over nerve-to-nerve variability in a single batched pass; inverse modeling of cuff-395

recorded compound action potentials to infer recruitment34,35; and closed-loop stimu-396

lation policies trained by backpropagation through the forward model. Released open-397

source, jaxon slots into existing pipelines as a gradient-enabled, GPU-native replacement398

for the NEURON forward solver.399
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able from the SPARC Portal: swine26 (dataset doi:10.26275/MAQ2-EII4) and human6,27
508

(dataset doi:10.26275/OFJA-GHOZ). The finite-element field solver and the pre-computed509

per-contact lead fields used for the cohort are provided by the golgi pipeline25,36. The510

input and intermediate data required to reproduce every figure and statistic in this paper511

are deposited in a companion Zenodo data archive (DOI:10.5281/zenodo.21708097).512
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4 Methods534

4.1 Axon models535

jaxon implements four canonical peripheral nerve fiber models: the myelinated McIntyre–536

Richardson–Grill (MRG) double-cable and Sweeney single-cable axons, and the unmyeli-537

nated Sundt and Rattay C-fibers10,14–16; the unmyelinated models follow the biophys-538

ical tradition of detailed vagal/nodose C-fiber membrane models37. Each carries its539

published channel set and diameter-dependent geometry (resting potentials −80mV for540

MRG/Sweeney, −60mV Sundt, −70mV Rattay); the MRG model is a coupled (Vi, Vpx)541

double cable, the others single cables. The governing equations and all constants are542

given in the Supplementary Material; all four share a common compartment-level inter-543

face (FiberStatics, batch integrate m max), so the library extends to further models544

without solver changes. Figure 1 summarizes the forward-and-optimize pipeline, FE con-545

struction, validation and cohort optimization.546

Coupled solver and batched forward pass. The MRG double cable is integrated547

by backward Euler; each step is a 2× 2 block-tridiagonal system in the interleaved intra-548

cellular/periaxonal unknowns, solved directly by a JAX-compatible block-Thomas sweep549

(Supplementary Material). The forward pass for one fiber is wrapped in jax.lax.scan550

over time steps and returns, for optimization, only the per-compartment maximum of551

the Na+ activation gate mNa — a differentiable recruitment proxy — at ≥ 2 orders of552

magnitude lower memory than the full trace. This is one of two independent memory553

savings: the shortened output (proxy scalar instead of the full voltage trace), and, with554

finite-difference gradients, the absence of a reverse-mode tape over the time integration555

(below); the two combine to let the whole population fit on one GPU. For N fibers under556

the same electrode, the per-fiber static parameters are stacked and a single jax.vmap call557

compiles to one N -way XLA kernel, eliminating the per-fiber Python overhead that dom-558

inates NEURON pipelines and driving the throughput gain (Section 2.2). We integrate559

at ∆t = 5µs.560
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4.2 Selectivity optimization561

Loss function. For each fiber f we form a differentiable activation proxy af ∈ [0, 1]562

from the per-compartment maximum over time of the Na+ activation gate, µc = maxt mNa(t)|c.563

At each of the two terminal nodes µ is passed through a sigmoid, σ
(

(µ− 1
2
)/τ

)

with temper-564

ature τ = 0.1, and af is the smaller of the two ends — so af → 1 when an action potential565

propagates to both ends and af → 0 otherwise. The sigmoid smoothing keeps the gra-566

dient informative away from threshold; its binary limit (τ → 0) is af = min(µfirst, µlast),567

whose gradient vanishes except in a narrow window at threshold. A fiber is counted568

recruited when af > 0.5 (equivalently, in the binary limit, when the max Na+ activation569

gate exceeds 1
2
at both terminal nodes). We minimize the weighted-quality (WQ) loss570

LWQ =
∑

f

wf [yf (1− af ) + (1− yf )af ] + λ ·
1

K

∑

k

I2k , (1)

where yf ∈ {0, 1} is the target/off-target indicator (constructed per nerve by the peripheral-571

cluster selector of Section 4.3) and the wf are class-balancing weights (each of the target572

and off-target populations carries total weight 1
2
, so neither dominates the imbalanced573

split). The second term is a small amplitude-energy regularizer that discourages the triv-574

ial “fire-everything” optimum; we set λ = 10−3 for all results reported here, small enough575

to leave the single-diameter selectivity outcomes unchanged.576

Selectivity index. The primary outcome, the (hard) selectivity index (SI), is the dif-577

ference between the recruited fraction of the target population and the recruited fraction578

of the off-target population,579

SI =
1

|T |

∑

f∈T

1[af > 0.5] −
1

|O|

∑

f∈O

1[af > 0.5], (2)

where T and O are the target and off-target fiber sets (yf = 1 and yf = 0). SI is580

bounded on [−1, 1]: SI = 1 is perfect selectivity (every target fiber recruited, every off-581

target fiber spared), SI = 0 is no discrimination (equal recruited fractions), and negative582

SI is reversed selectivity (more off-target than target recruitment); the “hard SI” used583
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for the 0.95 early-stop and reported throughout applies the binary af > 0.5 recruitment584

rule of Eq. (2), whereas the soft WQ loss of Eq. (1) uses the smooth proxy af directly585

so the optimizer sees an informative gradient. A change of ∆SI corresponds, at fixed586

off-target recruitment, to a ∆SI change in the fraction of the target fascicle recruited587

(e.g. the human deployment penalty of ∼0.14 is predominantly a ∼14-percentage-point588

loss of on-target recruitment; Section 2.4).589

Amplitude optimization. The design variable is the per-contact amplitude vector590

I ∈ R
K (K = 12); each contact scales a fixed, charge-balanced asymmetric-biphasic rect-591

angular pulse (0.5ms cathodic phase followed by a 2.0ms anodic recharge at one-quarter592

amplitude, so net charge is zero — the clinical convention for chronic implants). All593

selectivity results use Adam38 with one-sided finite-difference gradients: each step needs594

only K+1 forward passes (one per contact plus the baseline) and avoids back-propagating595

through the long integration, so it runs on the full ∼1000-fiber population — the regime596

prior NEURON pipelines could not afford. The one-sided step (ϵ = 0.010mA, 0.5%597

of the ±2.0mA amplitude clip) was chosen small enough to resolve the local gradient598

yet large enough to avoid cancellation noise in the sigmoid recruitment proxy. That the599

loss landscape is smooth enough for a finite-difference gradient to steer the optimizer600

is established independently in Supplementary Fig. S1, where a central finite-difference601

estimate agrees with the exact reverse-mode autodiff gradient to a relative L2 error of602

3.7 × 10−3; the coarser one-sided step used in the cohort loop is a deliberately cheaper603

approximation of the same gradient, sufficient for FD-Adam. The amplitude clip, learn-604

ing rate and finite-difference step are listed in Supplementary Table S6; the loop runs for605

up to 90 iterations and early-stops when the hard SI reaches 0.95 (a convergence floor:606

an SI within 0.05 of the perfect-selectivity ceiling, the resolution below which additional607

iterations no longer change which fibers fire) or when the loss and hard SI both plateau.608

On the histology cohort the trajectory is warm-started by a discrete probe of physically609

meaningful spatial patterns — one bipolar and four single-column tripolar (cathode at610

each column’s z-middle contact with charge-balancing anodes) — each scored at eight611

magnitudes in both polarities (80 forward passes per seed); the best initializes the tra-612
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jectory, with the probe’s zero contacts frozen to preserve sparsity. (jaxon also exposes613

exact autodiff gradients, used for waveform-shape optimization; left to future work.)614

4.3 Subject-specific SPARC histology FEM cohort615

For the cohort-scale selectivity study (Section 2.3) we use subject-specific finite-element616

(FE) nerve models built from quantified vagus-nerve morphology of swine26 and human27,617

both released through the SPARC Portal. The raw datasets provide, per nerve, cali-618

brated histological cross-sections with manually segmented epineurium and per-fascicle619

endoneurium boundaries; the human dataset additionally includes anti-claudin-1 staining620

that resolves the perineurium thickness directly6. This study is a secondary computa-621

tional analysis of these previously published, de-identified, openly available histology622

datasets; it involved no new experiments on humans or animals and no new tissue col-623

lection. Ethical oversight of the original tissue procurement is described by the source624

datasets6,26,27; no additional ethics approval was required for the present reuse.625

An automated pipeline (golgi25) converts each segmented cross-section into a wa-626

tertight 3-D multi-domain nerve-and-cuff FE model — nerve embedded in a concentric627

12-contact cuff (3 axial rows × 4 angular columns), saline film and muscle bath — and628

solves the linear electro-quasistatic problem ∇ · (σ∇V ) = 0 in FEniCSx with literature629

conductivities and a zero-thickness perineurium contact impedance, giving a per-contact630

extracellular lead field V
(k)
e (full construction, conductivities and the optimizer defaults in631

the Supplementary Material). The segmented anatomy, 3-D model and computed fields632

for every cohort nerve are shown in Supplementary Figs S5–S33.633

Fiber sampling, target selection and cohort gating. 1 000 straight axial fibers634

per nerve are seeded by area-weighted rejection sampling inside the fascicles and the lead635

fields V
(k)
e sampled at every MRG compartment, giving a per-fiber tensor V

(k)
e f,n that the636

optimizer superposes linearly with the amplitudes. Unless otherwise stated, all selectivity637

results use MRG fibers of a single diameter, 5.7µm — the smallest of the three diameters638

in the spot-check of Section 3 — so the strategy-averaged human penalty reported in639
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the Results (Section 2.4) and the 5.7µm spot-check value coincide by construction. The640

target/off-target labels yf in Eq. (1) are set per nerve by a peripheral-cluster selector that641

matches what the cuff can steer: a 90◦ sector (the cuff’s angular resolution) is slid around642

the perimeter, and four maximally-separated sectors carrying ≥50 peripheral fibers each643

become the four target “seeds” optimized per nerve, with the enclosed fascicles labeled644

target. Of 36 SPARC bundles processed, 29 nerves (18 swine, 11 human; 116 seeds)645

entered the study; the rest were rejected for having <3 fascicles or insufficient FE-mesh646

z-resolution between contact rows (full criteria in the Supplementary Material). These 29647

nerves are axial cross-sections from 11 swine and 7 human subjects (four human subjects648

each contribute two sections); we treat the nerve cross-section as the unit of replication649

throughout and, to guard against pseudoreplication, confirm the species effect at the650

subject level in Section 4.5.651

4.4 Validation protocol652

For each model we drove jaxon and PyFibers-wrapped NEURON with identical stimuli,653

at a matched fixed time step (∆t = 5µs — the field-standard MRG step, e.g. the Ax-654

onML default — so that the comparison isolates implementation agreement rather than655

discretization; NEURON integrated with its default backward-Euler method), and com-656

pared three quantities against NEURON: the strength–duration threshold (terminal node,657

PW ∈ [0.02, 1.0]ms), the conduction velocity over the published diameter range, and the658

full center-node intracellular trace; agreement to <1% on all three was required for ac-659

ceptance, following the established practice of validating open-source nerve-stimulation660

models against NEURON39. All results were produced on one NVIDIA A100 (40GB)661

with jax 0.6.2 / jaxley 0.13.0 (CUDA 12.4) and PyFibers 0.8.5 (NEURON 8.2); the full662

environment and reproduction code are available as described in the Data Availability663

statement.664
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4.5 Statistical analysis665

Selectivity comparisons on the histology cohort compare two matched conditions evalu-666

ated on the same nerve × target-cluster seed (e.g. dense-optimized vs. centroid-transfer),667

so we use the paired, two-sided Wilcoxon signed-rank test, which makes no Gaussian668

assumption on the heavy-tailed, ceiling-bounded SI distributions. The “pairing” refers669

only to this matching of conditions; the independent unit of replication is always the670

nerve: per-seed values are averaged within each nerve before any cohort-level test, so that671

nerves rather than nested seeds enter the statistics, and every reported p-value is com-672

puted on n = 29 nerves (18 swine, 11 human) unless stated otherwise. The deployment673

penalty (dense-optimized SI minus sparse-optimized transfer SI) is tested per species and674

sampling strategy with two-sided Wilcoxon signed-rank tests, Holm-corrected across the675

eight species × strategy cells; the species difference in penalty is tested with the Mann–676

Whitney U test, and its anatomical driver — the number of fibers per target fascicle —677

with Spearman rank correlation. Seeds whose target cluster is degenerate (target fraction678

> 0.6 — spanning most of the nerve, so no selective solution exists by construction; 5679

of 116, all human) are excluded from all analyses; low-SI outcomes on selectable targets680

are retained as genuine geometric-ceiling cases rather than solver failures. The species681

penalty difference is insensitive to this cutoff: it is essentially unchanged for exclusion682

thresholds of 0.5, 0.6 and 0.7 (Mann–Whitney p = 0.010, 0.010 and 0.011 respectively).683

We report medians with inter-quartile ranges alongside means throughout, because the SI684

distributions are bounded at 1.0 and skewed toward low values (mean below median) by685

the geometric-ceiling subset, so the median is the more representative central estimate.686

The derived human deployment-penalty distribution is not a simple right-skew: it is a687

low-penalty cluster plus a heavy high-penalty tail (so the mean, 0.128, sits just below688

the median, 0.136), which the median again summarizes more faithfully than the mean.689

Because the 11 human nerves derive from 7 subjects (and the 18 swine from 11), we690

additionally confirm the species penalty difference at the subject level, aggregating each691

subject’s sections to a single value: the difference is essentially unchanged (swine median692

0.008, n = 11 subjects; human median 0.099, n = 7 subjects; Mann–Whitney p = 0.011,693
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vs. p = 0.010 at the nerve level), so it is not an artifact of counting two sections from the694

same subject as independent. Analyses use scipy.stats (SciPy 1.15.3, Python 3.11).695
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