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Abstract 46 

 47 

We present a correlated light and electron microscopy (CLEM) dataset from a 7-day-old larval 48 

zebrafish, integrating confocal imaging of genetically labeled excitatory (vglut2a) and inhibitory 49 

(gad1b) neurons with nanometer-resolution serial section EM. The dataset spans the brain and 50 

anterior spinal cord, capturing >180,000 segmented soma, >40,000 molecularly annotated 51 

neurons, and 30 million synapses, most of which were classified as excitatory, inhibitory, or 52 

modulatory. To characterize the directional flow of activity across the brain, we leverage the 53 

synaptic and cell body annotations to compute region-wise input and output drive indices at single 54 

cell resolution. We illustrate the dataset’s utility by dissecting and validating circuits in three 55 

distinct systems: water flow direction encoding in the lateral line, recurrent excitation and 56 

contralateral inhibition in a hindbrain motion integrator, and functionally relevant targeted long-57 

range projections from a tegmental excitatory nucleus, demonstrating that this resource enables 58 

rigorous hypothesis testing as well as exploratory-driven circuit analysis. The dataset is integrated 59 

into an open-access platform optimized to facilitate community reconstruction and discovery 60 

efforts throughout the larval zebrafish brain. 61 

 62 

Introduction 63 

 64 

Brain function emerges from dense networks of synaptically connected neurons. Synaptic 65 

connectivity likely serves as the fundamental substrate for information processing and behavioral 66 

control. While this principle has long been appreciated, only recently has it become feasible to 67 

map synaptic connections at scale across brain regions 1–4 and, in some cases, entire brains 5–9. 68 

Among available techniques, volumetric electron microscopy (vEM) is the benchmark method 69 

capable of resolving all synaptic contacts, tracing fine-caliber neurites through the dense neuropil, 70 

and revealing the intracellular specializations and organelles that differentiate cell types. However, 71 

brain-wide vEM connectomes are currently only available in the nematode and the fruit fly, where 72 

EM based circuit analysis is starting to be leveraged at scale for biological discovery 10–15. Still, 73 

these volumes often lack in situ molecular annotations and omit the peripheral organs that receive 74 

sensory input or carry out motor output, limiting their interpretability. 75 

 76 

We address these limitations in the larval zebrafish (Danio rerio), currently the only vertebrate 77 

model of sufficiently small size to allow for the application of brain-wide vEM and to permit 78 

tracing of synaptic pathways from peripheral sensory and autonomic organs into and throughout 79 

the brain. The study of these connectivity patterns enables structural analysis of how inputs are 80 

transformed into motor and visceral outputs. All brains are characterized by recurrent networks in 81 

which feedback loops are ubiquitous and critical for efficient control 12,16–20, and where inhibitory 82 

signals often play a decisive role in regulating activity 21,22. Determining not just the presence of 83 

connections but also their polarity - excitatory or inhibitory - is therefore essential for 84 

understanding how activity propagates through the brain. Here we have leveraged the larval 85 

zebrafish’s small size and optical transparency, which have made it a workhorse for circuit 86 

neuroscience and brain-wide functional imaging 23,24, to provide a synaptic resolution anatomical 87 

mapping of excitatory and inhibitory circuits across the entire brain. 88 

 89 

To facilitate and democratize these efforts we present and share a multimodal, brain-wide dataset 90 

from an intact 7-day-old larval zebrafish that combines vEM with confocal imaging of genetically 91 
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labeled glutamatergic and GABAergic neurons. The dataset includes automated segmentation, 92 

molecular annotation of over 40,000 neurons, and 30 million synapses between axons and 93 

dendrites with inferred polarity for 21 million of these. It covers the brain and anterior spinal cord, 94 

capturing circuitry from peripheral input through central processing to motor and autonomic 95 

output. 96 

 97 

We demonstrate the utility of this resource through three circuit vignettes focused on sensory 98 

processing, decision making, and internal state regulation. In the posterior lateral line system, we 99 

trace how directionally tuned hair cells convey water flow information to hindbrain neurons, 100 

revealing an analogue representation with a chiral bias to counterclockwise flow.  In the anterior 101 

hindbrain, we reconstruct motifs supporting motion integration, including recurrent excitation and 102 

contralateral inhibition consistent with models of evidence accumulation.  In the tegmentum, we 103 

map long-range projections from an excitatory cluster which is analogous to the mammalian 104 

periaqueductal grey, to refute and refine existing models of its role in regulating arousal, motor 105 

state, and visceral responses to threat. Beyond these examples, the dataset is integrated into an 106 

online platform (website) that is optimized for community-driven circuit reconstruction and 107 

discovery, enabling new insight into the structural logic of vertebrate brain function. 108 

 109 

Results 110 

 111 

Correlated light and electron microscopy reveals neurotransmitter identity across the 112 

zebrafish brain 113 

 114 

To relate neuronal neurotransmitter subtypes to ultrastructural anatomy across an entire brain, we 115 

combined confocal light microscopy (LM) and serial section electron microscopy (ssEM) in the 116 

same 7-day post-fertilization (7dpf) zebrafish (Fig.1A-B).  Excitatory and inhibitory neurons were 117 

labeled by transgenic differential fluorescent expression of vglut2a and gad1b reporters, 118 

respectively, and imaged, in live animals, using high-resolution confocal microscopy. This fish 119 

was then processed for ssEM, producing a nearly complete brain volume at 4x4x30 nm resolution 120 

(Fig.1C, top left). This 370 TB EM dataset captured fine-scale ultrastructural features such as 121 

synaptic connections and subcellular structures.  122 

 123 

Registering the LM and EM datasets involved three key challenges. First, alignment was 124 

complicated by the relative sparsity of labeled cells in LM compared to the complete dense cell 125 

representation in EM. Second, the cytoplasmic nature of fluorescence in LM made it difficult to 126 

resolve individual neurons in densely packed regions. Third, spatial distortions introduced during 127 

fixation, resin embedding, heavy metal staining, tissue sectioning, image stitching and volume 128 

alignment led to non-rigid deformations, even though both datasets originated from the same brain. 129 

To overcome these obstacles, we developed a multi-step co-registration pipeline that integrated 130 

manual annotation, automated alignment, and expert validation. 131 

 132 

To align cell identities across the light and electron microscopy volumes, we first performed a 133 

coarse registration using anatomical fiduciaries visible in both modalities, such as prominent 134 

vasculature and uniquely shaped neurons. We then addressed the multimodal challenge by 135 

segmenting both datasets into point clouds of cell locations that could be directly compared to each 136 

other (see Methods). Confocal data proved difficult to segment due to dense packing and diffuse 137 
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cytoplasmic fluorescence, so we adopted a conservative approach that minimized false positives, 138 

yielding a point cloud of 35,748 LM-labeled neurons. In contrast, EM segmentation was aided by 139 

high contrast and uniformly labeled membranes, allowing us to identify 187,053 cell bodies 140 

distributed across the brain, spinal cord, and peripheral ganglia. Of these, we estimated 116,000 to 141 

be neurons - a lower bound (see next section) - with the remainder likely to be glia or immature 142 

neurons. 143 

144 

145 

146 
Fig.1| Whole-brain correlated light and electron microscopy (CLEM) enables mapping of 147 
molecularly defined neuronal classes and their anatomical distributions in zebrafish. A, Maximum 148 
intensity projection of a confocal light microscopy (LM) volume from a 7 dpf zebrafish brain, showing 149 
vglut2a-expressing (excitatory, green) and gad1b-expressing (inhibitory, magenta) neurons. The same 150 
specimen was subsequently imaged with serial section electron microscopy (EM), digitally sectioned to 151 
reveal internal structures. Side panels show corresponding LM and EM regions. B, Registered and overlaid 152 
LM and EM volumes. Bottom left panel shows the raw overlay of fluorescent LM signal on EM 153 
ultrastructure; the bottom right panel shows the resulting cell-type annotations: vglut2a (green), gad1b 154 
(magenta), and unlabeled (tan). C, Rendering of the entire fish EM volume annotated with the major 155 
anatomical boundaries (left) and segmented into finer subdivisions (right). Cell-level output drive per 156 
region is summarized by two indices: excitatory-inhibitory index (EI, pink) reflecting relative polarity 157 
among labeled neurons, and other index (O, black) reflecting the overall balance of labeled versus other 158 
cells. Shaded regions in the Manhattan plots indicate bootstrapped standard error of the mean (SEM). 159 

160 
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We refined the alignment through iterative point-cloud matching between the EM and LM 161 

centroids, establishing 9,421 unambiguous correspondence points (“landmarks”) across the brain 162 

(SFig.1-2). Within a 10µm radius of each landmark, EM and LM segmentations could be matched 163 

and directly compared. To further assess match quality and assign neurotransmitter identity, we 164 

manually reviewed a total of 70,000 (20µm x 20µm) LM/EM overlay images centered on EM cells 165 

near landmarks, identifying those with detectable vglut2a or gad1b expression (SFig.3-4). This 166 

process yielded 41,175 EM-resolved and fluorescently labeled neurons: 26,915 vglut2a-positive 167 

and 14,510 gad1b-positive cells. Finally, we estimated that the brain contains ~58,000 vglut2a- 168 

and gad1b-expressing neurons, where ~70% of these are matched to the EM volume (see 169 

Methods).  The remaining ~30% lie outside of the 10 µm matching radius, in regions too distant 170 

from any landmark for reliable alignment. 171 

172 

To quantify cell-type composition across brain regions, we introduced two indices, each 173 

characterizing the frequency of relative neurotransmitter cell types in each region. First, we defined 174 

an overall labeling index (O), which reflects the fraction of neurons that are labeled by canonical 175 

excitatory (vglut2a) and inhibitory (gad1b) markers versus the populations of “other” cell types 176 

such as glycinergic, cholinergic, or neuromodulatory neurons and glia, which remained invisible 177 

in our transgenic approach. Second, the excitatory-inhibitory index (EI) reflects the normalized 178 

difference between the 41,000 validated vglut2a and gad1b neurons, and it serves to quantify the 179 

E/I balance across brain regions, which were identified by registering the vEM volume into the Z-180 

brain atlas 25. 181 

182 

Consistent with previous gene expression and anatomical datasets 25–28, we observed excitatory 183 

dominance in most regions including the pallium, optic tectum and habenula (Fig. 1C, bottom). In 184 

contrast the tegmentum exhibited a marked inhibitory bias, aligning with known clusters of 185 

GABAergic neurons in this ventral midbrain region. Together, the O and EI indices provide a 186 

comprehensive, spatially resolved view of neuronal identity that both validates prior anatomical 187 

expectations and reveals region-specific gaps in molecular coverage. 188 

189 

Automated neurite segmentation and brain-wide synapse annotation 190 

191 

To enable detailed EM segmentation and reconstructions of neurons, glia and other cell types we 192 

employed a combination of automated and manual methods, tailored to the varying tissue types 193 

and tissue preservation quality across different regions (Fig. 2A).  To that end, the brain and spinal 194 

cord were first automatically segmented using a flood-filling network (FFN) pipeline 29, generating 195 

supervoxels with a negligible rate of falsely merged objects in the brain. In the spinal cord, the 196 

quality of tissue preservation progressively declined along the direction of the tail, leading to a 197 

decrease in the segmentation quality caudally. Supervoxels throughout the volume were 198 

automatically agglomerated into neurite fragments. A total of 180,249 of these fragments 199 

contained a soma (Fig. 2B), and added up to 51m of neurite length, which was primarily composed 200 

of dendrites and represented approximately one-fifth of the total neurite path length in the brain 201 

(SFig. 5). Compared to previously released zebrafish datasets 9,30, our automated segmentation 202 

demonstrated improved performance (SFig. 5). Common image artifacts and segmentation errors 203 

impacting the automated results are documented in SFig. 5 and further described in the Methods 204 

section. This automatically segmented dataset is still fragmented and does not include any fully 205 

reconstructed neurons.  206 
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207 

Fig.2| Morphological and synaptic 209 
properties of automatically segmented 210 
neurons across the brain volume. A, 211 
Rendering of a randomly selected 2% of all 212 
automatically segmented cells in the volume. 213 
B, Histogram of neurite path lengths for all 214 
segmented cells with representative 215 
morphologies shown for key path length 216 
regimes. C, Top: Example neuron showing 217 
predicted incoming (pink) and outgoing (blue) 218 
synapses. Bottom: Log-scale histogram of 219 
synapse counts across somata-associated 220 
segments; n = 108,805 and n = 41,930 soma 221 
are associated with incoming and outgoing 222 
synapses, respectively. D, Fraction of synapses 223 
captured by somas across the major brain 224 
regions, showing a strong bias toward 225 
incoming synapses on dendrites.  226 
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To facilitate computer-assisted manual segmentation and circuit analysis of the automatically 

segmented data, we provide a collaborative proofreading platform CAVE 31 which allows for the 

manual breaking of rare incorrect links, or adding new ones, while the underlying supervoxels 

remain fixed (see Methods). We find that this approach enables the reconstruction of cells at an 

average rate of 10 min to 1 hr per cell, estimated by proofreading ~1500 cells for specific circuit 

investigations as showcased in Figures 4, 5 and 6 below. 

The non-neuronal body of the zebrafish was not segmented and rare falsely merged supervoxels 

in the brain and spinal cord might require manual corrections. Both tasks can be performed using 

VAST 32, which supports precise voxel-level annotation for reconstruction at the tissue, cellular or 

ultrastructural level. While edits made in CAVE are globally visible to the entire community, 

manual edits in VAST remain private to the user who performs them. This capability ensures that 

even challenging regions can be accurately segmented, complementing the automated methods 

used for other parts of the dataset. 

We next incorporated automated synapse annotations across the entire dataset. We identified a 

total of 29.5M axon-to-dendrite and 9,5M axon-to-axon synaptic connections based on pre- and 

postsynaptic compartment identity derived from semantic masks (see Methods). We estimate a 

false positive rate of approximately 15%, based on manual review. We next attempted to match, 

where possible, the presynaptic/postsynaptic terminals to the cell bodies where the axon/dendrite 

originated. Since a much larger fraction of dendrites than axons are traced to their corresponding 

cell bodies by automated segmentation, we find a substantially higher ‘incoming’ synaptic count 

than outgoing counts in our data (Fig. 2C). Figure 2D summarizes the fraction of synapses 

assigned to somatic dendrites and axons across the major brain regions. On average, over 30% of 

all synapses in a region are attributed to dendritic compartments of soma-associated cells, whereas 

fewer than 2% are attributed to soma-associated axons.  253 

254 
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Finally, we can use the presence or absence of synapses on all soma-associated objects to classify 255 

all of the 187,000 cells into neurons and glia. We find that 110,000 soma-associated objects receive 256 

at least one synaptic input onto compartments classified as dendritic by our semantic masks, while 257 

an additional 6,000 soma associated objects produce at least one synaptic output from 258 

compartments classified as an axonal (but otherwise have no incoming synapses). We classify 259 

these 116,000 soma-associated objects as neurons, which is a lower bound for the neuron number, 260 

because the automatic segmentation does not attach axonal and/or dendritic compartments to every 261 

soma.  The remaining 71,000 cell count is therefore an upper bound for the number of glia, as it is 262 

expected to contain such poorly segmented cell bodies and other non-glial cell types.  263 

 264 

Neurotransmitter inference reveals regional synaptic input patterns in brain-wide EM 265 

 266 

We next classified synapses as excitatory, inhibitory or modulatory, enabling quantification of 267 

their respective contributions across brain subregions. In mammalian brains, synaptic 268 

ultrastructure correlates with neurotransmitter type: glutamatergic synapses typically exhibit 269 

asymmetric postsynaptic densities, whereas GABAergic synapses show symmetric densities  270 
2,33,34. In contrast, zebrafish synapses do not follow such clear morphological rules. A similar 271 

challenge  arose in the Drosophila connectome, where convolutional neural networks successfully 272 

classified synapses into six neurotransmitter types, demonstrating the feasibility of structure-based 273 

prediction from EM images 35.  274 

 275 

To overcome the lack of established morphological correlates of synaptic function in zebrafish, 276 

we took advantage of the 41,000 validated vglut2a- and gad1b-expressing neurons distributed 277 

across all brain regions. Of these, 491 vglut2a- and 547 gad1b-positive neurons were inspected for 278 

the presence of an axon with no merge errors, yielding a ground truth set of over 69,000 synapses 279 

(31,013 from vglut2a and 38,312 from gad1b) (Fig. 3A). We used this labeled dataset to train a 280 

synapse-level convolutional network classifier based on ultrastructural features, which achieved 281 

83% accuracy on held-out data. 282 

 283 

To apply this classifier to the full set of ~30 million synapses between axons and dendrites, it is 284 

essential to account for a third class of synapses that are neither excitatory nor inhibitory. A naïve, 285 

wholesale assignment of excitatory or inhibitory labels to all remaining synapses would 286 

misrepresent this “other”, likely modulatory neurotransmitter synaptic category. Instead, we 287 

leveraged Dale’s principle, which posits that all synapses from a given axon segment should share 288 

the same primary neurotransmitter identity. In the LM dataset, we observed co-expression of 289 

vglut2a and gad1b exceedingly rarely, suggesting that a dual-transmitter identity 36 is not a 290 

prominent feature in this system. Under this assumption, an axon composed predominantly of 291 

synapses classified as excitatory (or inhibitory) should itself be excitatory (or inhibitory).  292 

Although we cannot definitively confirm neurotransmitter identity for axons with a balanced mix 293 

of predicted excitatory and inhibitory synapses, the classifier’s 83% synapse-level accuracy 294 

suggests that a true excitatory or inhibitory axon should exhibit a clear skew in polarity. Axons 295 

with a near-even mix are therefore unlikely to result from misclassification alone and are better 296 

interpreted as belonging to an “other” category - encompassing primarily modulatory axons or 297 

those with too few synapses to support a confident assignment.  We formalized this logic using a 298 

Bayesian inference framework (Methods), which estimates the posterior probability of each axon 299 
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belonging to one of the three classes based on the composition of its predicted synapses. An 300 

example inference for an axon segment is shown in Fig. 3B. 301 

302 

303 
Fig.3| Synapse polarity and distribution across the brain volume. A, Rendering of all neurons used as 304 
ground truth to train a synaptic classifier for vglut2a (green) and gad1b (magenta) synapses with two 305 
example neurons selected on the right. Insets show synapses from each of the neurons (scale bar 500nm) 306 
as well as the LM overlay at their soma locations (dashed outlines). B, Left: Example axon fragment with 307 
raw synapse predictions as excitatory and inhibitory (colored triangles). Right: The grid plot shows a 308 
certainty-modulated polarity index, 𝑖𝑑𝑥𝑝𝑜𝑙 = 𝑃𝑒𝑥𝑐 − 𝑃𝑖𝑛ℎ, for synapse-type classification based on the309 

number of outgoing excitatory (x-axis) and inhibitory (y-axis) synapses. Hue encodes the direction and 310 
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magnitude of the bias, while saturation reflects the certainty of the assignment (maximum of 𝑃𝑒𝑥𝑐, 311 
𝑃𝑖𝑛ℎ,𝑃𝑜𝑡ℎ𝑒𝑟). The black circle marks the synaptic configuration of the example axon, which is classified as 312 
inhibitory. This visualization supports axon relabeling based on Dale’s rule. C, Left: counts of the labeled 313 
portions of the dataset. Right: Relabeled distribution of previously unlabeled somas and orphan axons after 314 
applying Dale’s rule on segments with at least 4 synapses.  D, Three examples of manually reconstructed 315 
axons for soma that belong to serotonergic, glutamatergic and GABAergic neurons, respectively. The LM 316 
overlays, total synapse counts and their polarity index are shown. The colored triangles at synapse locations 317 
are sparsified to accommodate the zoom factor. E, Left: Incoming raw synapse assignments onto the spiny 318 
dendrites of a cell in the cerebellum (green and magenta circles). Right: incoming drive index to 41,000 319 
validated GABAergic and glutamatergic neurons segregated by coarser (left side) and fine-grained (right 320 
side) regions in the brain. The top row shows the balance between excitatory and inhibitory input; the 321 
bottom row shows the balance between fast-acting (exc/inh) input and modulatory (other) input. Error bars 322 
are SEM.  323 

 324 

Using this approach, we extended the classification to all unlabeled parts of the dataset by 325 

aggregating synapse-level predictions at the level of axon fragments and somata. In total, the 326 

dataset includes approximately 140,000 unlabeled somas and over 7 million orphan axon 327 

fragments with at least one synapse. We performed the three-class inference for all axons and 328 

somas with ≥4 associated synapses, a threshold at which classification accuracy is meaningful: for 329 

example, P(exc|nexc=4)=0.87, P(inh|nᵢₙₕ=4) = 0.87, P(other|nexc=2, nᵢₙₕ=2) = 0.55. This yielded new 330 

excitatory, inhibitory, or “other” assignments for 15,000 somas and 2.6 million axon fragments. 331 

Although only ~2% of synapses are automatically linked to somata, limiting the relabeling to about 332 

10% of the unlabeled cells, a substantially larger fraction of orphan axons—roughly 40%—were 333 

reassigned under this scheme (Fig. 3C). 334 

 335 

To extend this analysis to additional unlabeled somata, we manually reconstructed axons for select 336 

cells in which no axonal reconstruction had previously been completed. Fig. 3D shows three such 337 

examples, each assigned to one of the three synapse polarity classes based on axon composition. 338 

When compared to their LM molecular labels, these polarity assignments corresponded to vglut2a-339 

positive (green), gad1b-positive (magenta), and “other” (tan) cells, respectively. The tan neuron, 340 

identified as a serotonergic cell in the raphe nucleus, is consistent with a non-341 

glutamatergic/GABAergic identity. Its axon exhibited a more even mix of excitatory- and 342 

inhibitory-appearing synapses. While this does not confirm that axons with mixed synapse 343 

predictions are modulatory, it justifies the inclusion of an “other” category by demonstrating that 344 

such synaptic patterns can correspond to known modulatory cell types. 345 

 346 

The extensive set of re-labeled orphan axons and the broad coverage of input synapses on dendrites 347 

associated with somata allows us to assess the spatial distribution of synaptic input polarity across 348 

the brain, which we refer to as the “input drive index” (Fig. 3E). For this analysis we focused on 349 

the 41,000 neurons expressing vglut2a or gad1b, and distinguished between two input axes: 350 

excitatory versus inhibitory (E-I index, top row of mountain plots), and ‘fast-acting’ versus ‘other’ 351 

index (O index, bottom row). The results are robust to synapse threshold selection (SFig. 6), and 352 

reveal biological structure when compared to shuffled controls (Fig. 3E, SFig. 7).  353 

 354 

Notably, although excitatory neurons numerically dominate the brain, the net balance of excitatory 355 

versus inhibitory axonal input is remarkably even. Theoretical and experimental studies have 356 

shown that maintaining a balance between excitation and inhibition is critical for stable, flexible 357 

neural computation, with disruptions linked to pathological activity or circuit instability 37,38. 358 
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While this balance is approximately maintained across the brain, there are striking exceptions. The 359 

optic tectum, for instance, exhibited a strong skew toward inhibitory input, while the habenula and 360 

cerebellum are skewed toward excitatory input drives. The excitatory bias in the habenula and 361 

cerebellum aligns well with prior anatomical and functional data. The habenula receives dense 362 

glutamatergic input from pallial sources, and the cerebellum is heavily innervated by glutamatergic 363 

mossy fibers and climbing fibers from the spinal cord, brainstem, and inferior olive. 364 

 365 

In contrast, the inhibitory bias of the tectum was unexpected, as this region is typically thought to 366 

be driven by excitatory retinal ganglion cells (RGCs). We evaluated the relative contribution of 367 

RGC synapses to the 5 million synapses in the tectal neuropil and found that the total number of 368 

synapses in the retinal arborization fields, as estimated from the overlay to the zebrafish brain atlas, 369 

accounts for only 0.5 million. This indicates that RGC input constitutes only a small fraction of 370 

total tectal synapses, and suggests that the local tectal circuitry has an overall inhibitory bias, which 371 

is surprising. 372 

 373 

We also asked whether excitatory and inhibitory neurons systematically differ in the net polarity 374 

of their synaptic input. At the coarsest level of anatomical resolution, we observed no significant 375 

difference between these two populations. However, when examining finer subdivisions (Fig. 3E), 376 

particularly within the hindbrain rhombomeres, clear differences emerged: inhibitory neurons 377 

tended to receive more excitatory input than their excitatory counterparts, and vice versa. This 378 

reciprocal arrangement is consistent with theoretical expectations for hindbrain central pattern 379 

generator circuits where cross-inhibitory and cross-excitatory motifs are used to generate rhythmic 380 

dynamics 39  381 

 382 

Finally, across brain regions, we found that the relative contribution of the modulatory input, as 383 

defined by our O index, is consistent between excitatory and inhibitory neurons, suggesting that 384 

neuromodulatory inputs tend to co-regulate excitation and inhibition together, rather than 385 

selectively biasing one over the other. This further supports the idea that the E/I ratio is a conserved 386 

setpoint, maintained across brain states to ensure circuit stability.  387 

 388 

Inferring function from connectivity in the lateral line system  389 

 390 

Larval zebrafish, like most teleosts, use the lateral line system to detect and interpret water flow 391 

across their body surface. This system is composed of mechanosensory organs called neuromasts, 392 

which extract directional flow information in four cardinal directions: headward (hwd), tailward 393 

(twd), upward (up), and downward (down) 40,41. Directional sensitivity is built into the system’s 394 

anatomy: the location of each neuromast on the animal’s body determines whether it responds to 395 

horizontal (hwd/twd) or vertical (up/down) flow (Fig. 4A, top: teal vs. vermillion), and within each 396 

neuromast, mirror-symmetric pairs of hair cells with opposing polarity allow discrimination 397 

between the two directions along a given axis—headward versus tailward or upward versus 398 

downward (Fig. 4A, bottom; golden brown vs. purple). Notably, headward and upward tuning, as 399 

well as tailward and downward tuning, have been shown to share common transcriptional control 400 

and can be grouped as polarity pairs 42. Together, a hair cell’s orientation and polarity define its 401 

directional tuning, making each cell a unique sensor for a specific cardinal flow direction. 402 

 403 
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404 
Fig.4| Feedforward transformation of labeled-line directional tuning into a combinatorial flow code 405 
in the hindbrain. A, Schematic of directional tuning in the posterior lateral line (PLL) system of larval 406 
zebrafish. Neuromasts are selectively tuned to either vertical (vermillion) or horizontal (teal) flow 407 
depending on their body position (top), and each neuromast contains mirror-symmetric hair cells that 408 
discriminate positive (pol⁺: headward/upward, brown) versus negative (pol⁻: tailward/downward, purple) 409 
flow within an axis (bottom). Together, orientation and polarity determine directional tuning. B, Hair cells 410 
(colored by directional tuning) in two exemplar neuromasts on each side of the fish. Each directional tuning 411 
vector corresponds to a specific orientation–polarity pair. C, Lateral line afferents (PLLn neurons) receive 412 
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input from hair cells of a single tuning type and project to the medial octavolateralis nucleus (MON) in the 413 
hindbrain. Example neurons are tuned to all cardinal directions (hwd/twd/up/down in green, blue, orange, 414 
red). D, Automatic reconstruction of MON neurons shows axons of PLLn neurons (colored by tuning) and 415 
dendritic arbors of MONs (or colored by connectivity, gray are not connected to the known PLLn). E. 416 
Bootstrap-based label propagation framework for assigning orientation and polarity tuning to partially 417 
labeled PLLn and MON neurons. Top: Initial orientation indices, polarity indices and connectivity matrix 418 
for MONs computed from a small, labeled subset of PLLns. Bottom: Final inferred labels for the full 419 
population after propagation. Unshaded sets of panels show data from the right side of the fish; gray shaded 420 
panels show data from the left side of the fish. The error bar for each neuron represents classification 421 
uncertainty, defined as 1−P, where P is the fraction of bootstrap runs assigning that neuron to a given group.  422 
F. Joint distribution of orientation and polarity tuning in MON neurons. Left: Each MON is plotted by its 423 
computed indices, colored by inferred direction preference. Right: Corresponding heat maps show the 424 
density of MONs in tuning space, revealing a triangular distribution with hemisphere-specific asymmetries. 425 
Right-side MONs show enrichment in tailward directions, while left-side MONs emphasize headward 426 
tuning - consistent with net sensitivity to counterclockwise flow around the body.  427 

 428 

We focused on the posterior lateral line (PLL), a major branch of the lateral line system that spans 429 

the trunk of the zebrafish. We used connectomics-based circuit analysis to inquire how the 430 

directionally tuned input of the lateral line is transformed by the hair cells’ first targets - the 431 

posterior lateral line ganglion (pLLg) and the downstream neurons in the medial octavolateralis 432 

nucleus (MON) (Fig 4.C-D). Specifically, we asked to what extent the four cardinal directions are 433 

maintained in “labeled lines”, and where and how they converge. Routing directional signals along 434 

labeled line pathways can bypass more elaborate computational processes,  and enable rapid 435 

sensorimotor decisions essential for behaviors like escape or course correction 43,44. Convergence, 436 

on the other hand, could potentially enable the computation of higher-order flow features, such as 437 

net flow direction, flow divergence, or body tilt, which are relevant for behaviors such as rheotaxis, 438 

posture control, and escape 45–48. 439 

 440 

We defined orientation tuning as sensitivity to either the horizontal (hwd/twd) or vertical 441 

(up/down) axis, and polarity tuning as the direction of flow within that axis - either positive (pol+, 442 

hwd or up) or negative (pol-, twd or down). Each hair cell’s individual preferred response direction 443 

is structurally encoded by the staircase-like arrangement of its stereocilia and the position of its 444 

kinocilium, such that flow in the direction of increasing cilia length drives depolarization 49. The 445 

preferred response direction of each hair cell can thus be inferred from its morphology and the four 446 

directional tuning vectors (hwd/twd/up/down) are defined by aligning these preferred vectors with 447 

the body’s major axes (black ellipses superimposed on hair cells in Figure 4B). It is helpful to 448 

compare this directional encoding to the tuning properties of direction selective ganglion cells in 449 

the vertebrate retina, which - in similar fashion - extract information about visual flow by 450 

responding best to motion in one of the same four cardinal directions (up = dorsal, down = ventral, 451 

hwd = nasal, twd = temporal)50.  452 

 453 

As in the retina, the posterior lateral line system is organized symmetrically, with mirrored 454 

neuromast arrays and matching posterior lateral line ganglia (PLLg) on the left and right sides of 455 

the fish, providing an internal consistency control for connectivity analysis. Directional signals 456 

from hair cells are transmitted to afferent neurons in the PLLg, located near the ear on each side 457 

of the fish (Fig. 4A–C). These afferent neurons, referred to as PLLn, contact only hair cells of 458 

matching orientation and polarity—both within and across multiple neuromasts—resulting in the 459 

precise directional tuning of each individual neuron to one - and only one - of four flow directions 460 
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(headward, tailward, upward, or downward; Fig. 4C) 51,52. In our dataset, each PLLg contains ~75 461 

mature, connected PLL neurons (79 on the left, 76 on the right), along with ~50 immature afferents 462 

that have not yet formed significant postsynaptic connections and were excluded from downstream 463 

analyses (SFig.8). 464 

 465 

Downstream of the PLLg, directional flow signals are processed by neurons in the medial 466 

octavolateralis nucleus (MON), a hindbrain region that integrates and relays this information for 467 

further computations and behavioral responses (Fig. 4D). To map how the unidirectional encoding 468 

of the PLLg is transformed into a combinatorial, analog representation of flow in the MON, we 469 

traced all ~43,000 synapses from mature PLLg neurons to their postsynaptic targets. 470 

Approximately 40% of these synapses connected to somata of MON neurons, each of which 471 

received input from at least two different afferents—yielding ~800 MONs on the left and ~700 on 472 

the right. To characterize the directional tuning of each MON, we summed the contributions from 473 

its presynaptic PLL neurons and computed two indices: (1) an orientation index as the normalized 474 

difference between horizontal and vertical inputs, (2)  polarity index as the normalized difference 475 

between a sensitivity toward positive (hwd/up) and negative (twd/down) flow. 476 

 477 

Because each PLLn contacts only hair cells of a single type, both hair cells and PLLn neurons have 478 

a fixed directional tuning defined by a binary pair: orientation and polarity, with each value taking 479 

–1 or 1.  In contrast, MONs are allowed to mix directional signals from the PLLns and as a result, 480 

their tuning can be described by two continuous values that together define an analog 481 

representation of flow direction. 482 

 483 

While all MONs and their afferent input from the PLL are contained in the EM volume, the sensory 484 

axons of the PLLns and their associated hair cells were only partially captured. Specifically, only 485 

two neuromasts per side (D1 and OC1, Fig. 4A-B) fell within the reconstructed volume, allowing 486 

just 24 out of 155 PLL neurons (14 right, 10 left) to be directly traced to their presynaptic hair 487 

cells. These neuromasts included one with horizontal tuning (D1) and one with vertical tuning 488 

(OC1), enabling full assignment of orientation and polarity for this small subset. An additional 489 

~10 PLLn per side was partially labeled with orientation based on their projections to vertically 490 

tuned neuromasts (D2/D3; Fig. 4A), though their polarity remained unknown. The remaining ~50 491 

PLLn per side could not be labeled, as their presynaptic partners laid outside the volume (Fig. 1C 492 

- grey neurons). 493 

 494 

We leveraged the partially labeled set of PLLn to infer orientation and polarity labels for the 495 

broader population of unlabeled PLLn and MON neurons using a bootstrap-based label 496 

propagation approach (see Methods). In each bootstrap iteration, balanced groups of labeled 497 

PLLns served as seeds, and labels were propagated through the synaptic network in repeated 498 

forward and backward steps. First, MON neurons received input from the seed groups, and a 499 

polarity or orientation index was computed based on the relative strength of those inputs. These 500 

MON indices were then backpropagated and used to update labels for connected PLLns.  These 501 

steps were repeated in cycles, enabling label influence to flow bidirectionally through the network 502 

until assignments stabilized. To ensure robustness, 15% of synapses were randomly removed in 503 

each iteration. Final results were aggregated across 100 bootstrap runs to generate probabilistic 504 

maps of orientation and polarity tuning for the full MON and PLLn populations (Fig. 4E–F; also 505 

see neuroglancer link here). 506 
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 507 

To evaluate our label propagation method, we compared the inferred PLLn labels against well-508 

established anatomical and functional expectations. First, given the distribution of neuromast 509 

orientations along the trunk (Fig. 4A - top), we expected more horizontally than vertically tuned 510 

PLLn neurons.  Second, because each neuromast contains roughly equal numbers of hair cells with 511 

opposing polarity, we anticipated a near-even split between pol+ and pol– afferents (Fig. 4A - 512 

bottom). Finally, due to the system’s bilateral symmetry, we expected similar results on both sides 513 

of the animal.  514 

 515 

Our findings were consistent with these expectations (Fig. 4E, post-propagation rows). Initially, 516 

due to sampling bias, the orientation labels were skewed, with vertical flow directions 517 

overrepresented by ~3:1 compared to horizontal (Fig.4E, pre-propagation rows, vermillion vs teal 518 

PLLn panel). After label propagation, this pattern reversed: we observed 39 horizontally tuned 519 

(teal) and 16 vertically tuned (vermillion) PLLn on the right, and 40 horizontal versus 6 vertical 520 

on the left. Polarity labels showed a near-even distribution throughout: 30 pol+ (golden brown) 521 

and 23 pol– (purple) on the right, and 36 pol+ and 31 pol– on the left. The small bias towards pol+ 522 

labels could either reflect an error in our propagation methods, or alternatively, it could be 523 

explained by a slight preference of pLLns for pol+ hair cells in the trunk neuromasts. All counts 524 

reflect afferent assignments which have been assigned to a category in more than 95% of the 525 

bootstrap iterations. These results, together with the overall conservation of mirror symmetry 526 

across both hemispheres, enhance our confidence that our label propagation method is both 527 

accurate and robust, capturing biologically plausible tuning distributions without overfitting to the 528 

sparse initial labels. 529 

 530 

Finally, we asked how directionally tuned input from all afferent neurons is transformed by the 531 

MONs. Prior to label propagation, MON orientation and polarity indices appeared largely binary, 532 

reflecting non-overlapping input from a limited subset of labeled PLLn (Fig. 4F, pre-propagation 533 

histograms). Following propagation, these indices became more broadly distributed, consistent 534 

with convergence across PLLn inputs with diverse directional preferences (Fig. 4F, post-535 

propagation histograms). This transformation preserved the original labeled-line axes at the 536 

corners of the tuning space while populating intermediate states, enabling both labeled line and 537 

integrated representations.   538 

 539 

Notably, the post-propagation heatmaps exhibit a triangular density structure, indicating that not 540 

all combinations of preferred flow direction are equally represented. MON neurons receiving 541 

inputs exclusively from horizontally tuned neuromasts (right heatmap edge, orientation index=1) 542 

show a continuous representation of flow along the headward-tailward direction. On the other 543 

hand, MONs receiving inputs exclusively from vertically tuned neuromasts (left heatmap edge, 544 

orientation index = -1) preserve the labeled line structure of upward vs downward direction tuning. 545 

MONs near the center received mixed directional input, suggesting capacity for encoding net flow 546 
46 or responses to chemical cues like serotonin 53.  547 

 548 

MONs receiving exclusively input from a given polarity tuning show a striking asymmetry: on the 549 

left side positively tuned inputs (upward and headward) are continuously represented, while on the 550 

right side the negatively tuned inputs (downward and tailward) are continuous. This results in an 551 

enrichment of headward-tuned MONs on the right and tailward-tuned MONs on the left side of 552 

.CC-BY-NC 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 15, 2025. ; https://doi.org/10.1101/2025.06.10.658982doi: bioRxiv preprint 

https://paperpile.com/c/uRGIlu/Scqw
https://paperpile.com/c/uRGIlu/wg9v
https://doi.org/10.1101/2025.06.10.658982
http://creativecommons.org/licenses/by-nc/4.0/


 

 

15/46 
 

the animal.  Such cross-hemispheric lateralization may enhance sensitivity to counterclockwise 553 

flow around the body, a bias whose consistency across animals has yet to be investigated and 554 

whose functional significance remains unclear. 555 

 556 

The connectome of the hindbrain motion integrator  557 

 558 

The zebrafish’s anterior hindbrain is home to a dedicated circuit structure that has been shown to 559 

integrate noisy visual motion and trigger targeted tail flicks once enough evidence is accumulated 560 

to pass a decision threshold 54,55. This circuit has two properties whose precise circuit 561 

implementations are not yet understood (Fig. 5A). First, it is assumed that the long integration 562 

time constants of several seconds are the result of a highly recurrent circuitry amongst dedicated 563 

excitatory and ipsilaterally projecting neurons. Second, swim direction is ultimately determined 564 

by an inter-hemispheric “winner-take-all” interaction, which is hypothesized to be implemented 565 

by long-range inhibition between the hemispheres. This inhibition could either be implemented 566 

through direct inhibitory contralateral projections, it could be communicated via excitatory 567 

interhemispheric crosstalk with specific inhibitory targets, or it could be mediated by an indirect 568 

pathway that is relayed through secondary nuclei. We set out to utilize our connectomic resource 569 

to test these hypotheses and thereby constrain and validate our existing circuit models 54. 570 

 571 

To first obtain a small, unbiased sample of neurons in the integrator region of the right anterior 572 

hindbrain, we reconstructed a random set of 20 neurons in rhombomeres 1-3 (Fig. 5A, bottom), 573 

and found that 18 out of these cells could be divided, based on axonal projection patterns, into two 574 

separate classes: Class I neurons (7 out of 18) formed axons and dendrites locally in the ipsilateral 575 

hindbrain (Fig. 5B, top), which could constitute the anatomical substrate of a recurrent integrator 576 

circuit. By contrast, Class II neurons (11 out of 18) projected axons exclusively to the contralateral 577 

hemisphere and could thereby implement the hypothesized interhemispheric inhibition (Fig. 5B, 578 

bottom). In a companion paper 56,  we developed a classifier trained on anatomical reconstructions 579 

of functionally identified cells and found that Class I and some Class II cells indeed corresponded 580 

with integrator neurons that were identified using functional imaging. In addition to these two 581 

main classes, we found two hindbrain neurons with stubby dendrites extending into the ipsilateral 582 

cerebellar neuropil whose axons projected to the ipsilateral cerebellar cortex (not shown). Because 583 

these cells had no synaptic connections to the rest of the circuit, and because we never identified 584 

this third cell class in the context of the coherent dot optomotor response stimulus in our 585 

companion paper, we excluded these two cells from further analysis. 586 

 587 

We next set out to build a detailed and exhaustive reconstruction of the excitatory and inhibitory 588 

synaptic network that - within one hemisphere - gives rise to the integrator and “winner-take-all” 589 

circuit. To that end, we focused on the Class I cells, because - through their ipsilaterally projecting 590 

axons - only they are in a position to support the maintenance of long time constants through local 591 

recurrence. Class II cells cannot participate in this computation because they exclusively project 592 

contralaterally. 593 

 594 

An initial analysis of the Class I axonal projection patterns revealed that 3 out of the 7 neurons 595 

projected and synapsed exclusively onto the dorsal raphe and did not obviously participate in local  596 

 597 

 598 
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599 
Fig.5| Connectomic analysis of hindbrain integrator circuit. A, Top, hypothetical circuit model for 600 
evidence integration, consisting of a putatively recurrent circuit that low-pass filters noisy direction-601 
selective visual evidence from the tectum and pretectum (green arrows). Swim-direction is determined via 602 
an inhibitory inter-hemispheric push-pull mechanism (red arrows; “SPN”, spinal projection neurons; 603 
“CPG”, central pattern generators). Bottom, top-down projection of 20 randomly reconstructed “seed cells” 604 
in the right hindbrain, rhombomeres (r) are indicated. B, Seed cells could be divided anatomically into an 605 
ipsilateral-projecting (“Class I”; top) and contralateral projecting class (“Class II”, bottom); left panels, top-606 
down projections; right panels, coronal projections from the back. C, Schematic depiction of our strategy 607 
for exhaustive circuit reconstruction of inputs and outputs of four Class I seed cells (blue, Class I cells; red, 608 
Class II cells; grey, other cell classes; solid arrows, reconstructed synaptic connections (same color code); 609 
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dashed arrows, recurrent ‘within-network’ connections revealed by circuit reconstructions. D, Top-down 610 
projection showing 1st degree inputs and outputs of the four Class I seed cells; cells are colored by their 611 
neurotransmitter identity. E,  Distribution of neurotransmitter identity for Class I and Class II cells across 612 
1st degree inputs and and 1st degree outputs. F, Network graph showing the local synaptic circuit that Class 613 
I cells are embedded in. Note that seed cells are connected with each other via a highly recurrent central 614 
integrator cluster. Connections are color-coded by neurotransmitter type. G, Quantitative input map for four 615 
Class I seed cells. H, Quantitative output map for Class I cells (seed cells and 1st degree outputs). G-H,  616 
“I”, Class I cell; “II”, Class II cell; “F”, frontal projection neurons, “R”, raphe neuron; “P”, posterior-617 
projecting cell classes, “?” other cell classes; fractions of all synaptic inputs indicated; connections are 618 
colored by neurotransmitter type, line thicknesses indicate fraction of synapses. I, Circuit model in A 619 
updated with tested and confirmed anatomy of the anterior hindbrain (colored in, top).  620 

 621 

computations. We therefore limited our circuit tracing to the remaining 4 Class I seed cells and 622 

reconstructed their synaptic connectivity in depth across four network layers (Fig. 5C). Briefly, 623 

we reconstructed all presynaptic partners of these 4 seed cells (1st degree inputs, N = 68), all of 624 

their postsynaptic partners (1st degree outputs, N = 113) and all of the postsynaptic partners of all 625 

1st degree outputs that were themselves Class I cells (2nd degree outputs, N = 825). The 2nd 626 

degree outputs were traced to determine if these cells had already been reconstructed in any of the 627 

other network layers - as a method to probe the level of recurrence in the anterior hindbrain. Indeed, 628 

we found that 89 of the 2nd degree outputs were already nodes in another network layer, whereas 629 

724 cells were newly discovered. Interestingly, this means that 50% of neurons in the 1st degree 630 

input layer, seed cell layer, and 1st degree output layer were ‘rediscovered’ when tracing the 2nd 631 

degree output layer (i.e., 89 out of 179 individual neurons). 632 

 633 

The resulting hindbrain network, reconstructed through both forward and backward tracing from 634 

four seed neurons, comprised 915 individual neurons and 1,652 manually annotated (ground-truth) 635 

synapses, corresponding to 1,332 unique connections, of which some were multisynaptic contacts. 636 

In summary, synaptic outputs were exhaustively reconstructed during the forward-tracing phase, 637 

in which all postsynaptic partners were identified for the four seed cells and first-degree output 638 

neurons classified as Class I. Backward tracing was similarly complete: all neurons presynaptic to 639 

the Class I seed cells were identified.  640 

 641 

When we plotted all 1st degree inputs and 1st degree outputs (n = 181 cells) and color-coded these 642 

reconstructions by their neurotransmitter type (Fig. 5D), we found that glutamatergic neurons were 643 

clustered along the midline, but that their axons did not cross to the other hemisphere. By contrast, 644 

GABAergic neurons were located more laterally, and a large fraction of these projected 645 

contralaterally. Long-range inputs to the four Class I seed cells were ipsilaterally projecting, 646 

primarily glutamatergic and located in visual regions of the thalamus (n=8) and pretectum (n=5). 647 

Notably, we found that 60% of Class I cells were glutamatergic, and that Class II neurons were 648 

almost exclusively GABAergic (Fig. 5E). 649 

 650 

This exhaustive multi-layer circuit reconstruction strategy (Fig. 5C) allowed for a detailed analysis 651 

of the recurrent hindbrain circuitry. To that end, we plotted all Class I and Class II cells within the 652 

185 neurons that are composed of the seed cells, their inputs and their 1st degree outputs as a 653 

network graph (Fig. 5F). We found that all Class I cells were highly connected with each other via 654 

a ‘central integrator cluster’ that consisted of a strongly recurrent network of glutamatergic neurons 655 

with a smaller fraction of GABAergic neurons. Class II neurons, which are predominantly 656 
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GABAergic, received strong excitatory input from the ‘central integrator cluster’ and projected 657 

exclusively to the other hemisphere. 658 

 659 

For a quantitative analysis of these hindbrain connectivity motifs, we plotted the exhaustively 660 

reconstructed input connectivity diagram of the four Class I seed cells (Fig. 5G) and the output 661 

connectivity diagram (Fig. 5H) of all Class I cells for which we had exhaustively reconstructed 662 

outputs (seed cells and 1st degree outputs). While Class I cells received a strong excitatory drive 663 

from long-range inputs originating in the pretectum and tectum, their strongest excitatory inputs 664 

in fact originated from other Class I neurons in the hindbrain (Fig. 5G). In accordance with this, 665 

we found that Class I neurons formed a large fraction of their output synapses with other Class I 666 

cells, and - to an even stronger degree - with Class II neurons in the same hemisphere (Fig. 5H). 667 

Interestingly, we also found excitatory outputs onto a population of neurons whose axons project 668 

posterior, where they could innervate spinal projection neurons, which could trigger a motor 669 

command that leads to targeted tail flicks once enough evidence is accumulated. 670 

 671 

In summary, our analyses confirmed our hypothesis that the hindbrain contains a highly recurrent 672 

excitatory network of Class I neurons that receive long-range excitatory inputs from ipsilateral 673 

visual regions. This finding makes the alternative option, where recurrency is implemented 674 

through relays via alternate brain areas, less likely. The integrated information is sent - via long-675 

range inhibition mediated by a population of GABAergic Class II neurons - to the contralateral 676 

hindbrain, where it provides graded inhibition that can implement an inter-hemispheric “winner-677 

take-all” mechanism by which the certainty level of a binary decision can be encoded (Fig. 5I). 678 

 679 

Characterization of the synaptic outputs of a tegmental excitatory nucleus (TEN) reveals a 680 

potential source for brain-wide neuromodulation 681 

 682 

We next wanted to leverage connectomics to contextualize the function of a group of glutamatergic 683 

cells in the tegmentum that we refer to here as the Tegmental Excitatory Nucleus (TEN). The TEN, 684 

which contains sparse expression of the neuropeptide cocaine- and amphetamine-regulated 685 

transcript 2 (cart2) 28,57, is likely homologous to the mammalian Edinger Westphal nucleus, a 686 

subregion of the mammalian periaqueductal gray (PAG), which is involved in regulating the 687 

behavioral and autonomic responses to arousing and threatening stimuli 58,59. In fish, functional 688 

studies of neurons in this area have identified correlations with arousal motor behavioral states and 689 

cardiac activity during threat-related challenges 57,60. These correlations single out this region as a 690 

potential node that integrates external information, singles out appropriate efferent targets - 691 

skeletal or visceral - and modulates internal states accordingly. To anatomically constrain the role 692 

of the TEN in regulating either motor actions, visceral actions, or both, we harnessed our 693 

connectomics resource to identify its specific target neurons.  694 

 695 
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696 
Fig.6| Reconstruction of descending outputs of a tegmental excitatory nucleus (TEN) A, Identification 697 
of excitatory nucleus within the midbrain based on excitatory fiduciary. Inset includes overlay of 698 
reconstructed cell-bodies (white). B, Reconstruction of 111 neurons from the TEN colored by 699 
morphological class, C, Example neuron from each trace (black), with cell body and axon highlighted, and 700 
criteria-meeting postsynaptic neurons from that neuron, D, All post-synaptic neurons from each class from 701 
synapses filtered by volume and part of a soma-containing segment. E, Location of type IV axons (red) 702 
relative to the outgoing vagus motor nerve (blue). F, Connectivity matrix showing connections among class 703 
IV TEN neurons (red), target neurons of class IV TEN neurons (magenta), inputs to motor vagal cells 704 
(cyan), and motor vagal neurons (blue). Connectivity is seen in the colored squares indicating TEN to 705 
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targets (red square), TEN targets to other TEN targets (magenta), vagal inputs to other vagal inputs (cyan), 706 
and from vagal inputs to vagal motor neurons (blue). G, Summary of findings from TEN reconstructions. 707 
Cartoons depicting discovered innervation of behavioral modulating regions (top) and lack of connections 708 
between TEN and the motor vagus (bottom).  709 

 710 

Accordingly, we first identified this region in the EM volume based on glutamatergic fiduciaries, 711 

which form an isolated island around the ventricle that is just ventral to the optic tectum, and 712 

reconstructed a subset (n = 111 out of 191 cells) of the neurons whose somata reside in this volume 713 

(Fig. 6A). We found that the dendrites of these cells were confined to nearby locations in the 714 

thalamus, while the axons distributed widely - collectively spanning nearly the entire hindbrain 715 

(Fig. 6B). Based on these axonal projection patterns, we defined four morphological classes (Fig. 716 

6B,C): 1) axons that remain within the midbrain, 2) axons that project ipsilaterally along the 717 

midline into the inferior olive, 3) other ipsilateral projections that distribute more widely across 718 

the hindbrain, and 4) axons that cross the midline in the thalamus and then turn posteriorly into the 719 

hindbrain where they ultimately reach the dorsal-posterior brainstem in the vagal neuropil region. 720 

 721 

To identify post-synaptic partner cells, we used the automatic synapse detection and applied  a 722 

synapse volume threshold (0.03 𝜇m3) to reduce the false-positive rate, yielding 5297 synapses. 723 

From these synapses, 40.1% of the postsynaptic dendrites were associated with a soma, yielding 724 

778 unique neurons (Fig. 6D). Consistent with the diversity of projection morphologies, we found 725 

that these four classes innervate distinct populations of neurons, where only 7 out of 778 targets 726 

were innervated by multiple classes. Class 1 TEN neurons exclusively connected with other 727 

neurons in the midbrain, particularly cells lateral to the TEN near the nMLF and oculomotor nuclei. 728 

On the other hand, we saw that both Class 2 and 3 neurons target cell types implicated in regulating 729 

different aspects of behavioral control, such as motor adaptation via climbing fibers of the inferior 730 

olive (innervated by Class 2) 61, Mauthner cell excitability via spiral fiber neurons (innervated by 731 

Class 3) 43  and coordinating spinal cord central pattern generators via reticulospinal projection 732 

neurons (also innervated by Class 3). The outputs of Class 4 neurons also contained premotor 733 

neurons, including reticulospinal projection neurons and spiral fiber neurons. There were also 734 

many postsynaptic neurons in the dorsal brainstem with functional roles that are less clear. 735 

However, we observed that the axons of Class 4 neurons pass through the neuropil associated with 736 

the vagal system and weave remarkably close to the fascicules of outgoing vagal motor neurons 737 

(Figure 6E). 738 

 739 

The observed proximity of TEN axons and vagal motor nerves suggests that Class 4 TEN neurons 740 

modulate vagal motor nerve activity - a hypothesis that could explain the previously described 741 

temporal correlations of TEN activity with heart rate. However, we found that all of the identified 742 

targets of the TEN neurons were interneurons with axons contained within the brain, and thus were 743 

not part of the organ-innervating motor vagus system. To test whether there is an indirect 744 

connection between the TEN neurons and the vagus, we first reconstructed a large number of 745 

motor vagal neurons (n = 393, over 60% of 631 identified motor axons) - which we identified by 746 

tagging axons that travel out of the body through the right vagus nerve and tracing back dorsally 747 

to their cell body in the brain 62. We then reconstructed a sparse set of presynaptic inputs to these 748 

cells (n = 139) to look for any connectivity with the outputs of type IV TEN cells. While the 749 

somata of cells downstream of the TEN and those related to the vagus motor control were 750 

intermingled and occasionally direct neighbors, we identified no true synapses (5 detected 751 

“synapses” were false positives) between these populations (Fig. 6F). This connectomic separation 752 
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emerges from the anatomy of the neuropil, where we observed 3 distinct zones, with two vagal 753 

related layers surrounding one occupied by TEN related axons (see neuroglancer link here). 754 

Collectively, these data support a role for the TEN in modulating motor output, while allowing us 755 

to reject the hypothesis that they - directly or indirectly - govern vagal motor activity through 756 

synaptic transmission (Fig. 6G).  757 

 758 

Discussion 759 

 760 

The dataset presented here provides a structurally rich, multimodal view of the larval zebrafish 761 

brain. Although the EM volume is not a complete connectome, with only approximately 20% of 762 

total neurite path length assigned to somata, it nonetheless enables foundational analyses. By 763 

integrating ultrastructural data with light microscopy-based labeling of glutamatergic and 764 

GABAergic neurons in the same animal, we constructed a comprehensive map of excitatory and 765 

inhibitory output balance across all brain regions. This analysis revealed that these molecularly 766 

defined classes represent only a fraction of the total cellular population in each area, a distinction 767 

that could not be resolved by light microscopy alone, where unlabeled cells remain invisible. 768 

 769 

The structural regularity of the zebrafish brain enabled generalizations from limited ground truth, 770 

allowing us to scale molecular annotations across millions of synapses. Specifically, we trained a 771 

synapse classifier on a subset of axons with known cell bodies, which we then applied across all 772 

~30 million axonal-dendritic synapses. Using a Bayesian inference framework that applies Dale’s 773 

law to axonal fragments with multiple outputs, we assigned polarity to approximately 40 percent 774 

of all axon fragments. We found that more than 80 percent of the ~110,000 soma-associated 775 

dendrites received input from these classified axons, enabling us to compute regional input indices 776 

that quantify how excitatory, inhibitory, and modulatory signals shape local circuit dynamics.  777 

 778 

Similarly, we used the regularity of synaptic connectivity to infer the functional tuning of lateral 779 

line sensory neurons, even with incomplete peripheral tracing. Our analysis shows that detailed 780 

anatomical data can reveal new principles of vertebrate circuit organization. In the lateral line, we 781 

find that directional signals, initially segregated along labeled lines, are transformed into 782 

distributed representations in the hindbrain. The surprising hemisphere-specific asymmetries in 783 

tuning can either be due to stochastic variation during development or could be a stable zebrafish 784 

phenotype like the strong asymmetry observed in the habenula. The hypothesis of stochastic 785 

developmental variability can be explicitly tested by repeating the analysis in other animals, where 786 

the asymmetry might be inverted, absent or remain the same. Future comparative and functional 787 

studies will be essential to uncover the origins and adaptive significance of these asymmetries. 788 

 789 

Rigorous experimental design demands that hypotheses be framed in ways that allow for explicit 790 

falsification 63. While supportive evidence can increase confidence, it is the ability to disprove a 791 

model that carries the greatest weight 64. Connectomics-driven tests of circuit models preserve this 792 

principle: by predicting specific anatomical motifs they provide clear criteria for falsification - if 793 

the motifs are absent, the model is invalidated.  794 

 795 

Notably, we highlight the negating power of connectomics by rejecting a  hypothesis that TEN 796 

neurons modulate heart rate via direct input to the motor vagus  57,60. Despite their anatomical 797 

proximity, we found no synaptic connections—direct or indirect—between TEN neurons and 798 
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vagal motor populations. Instead, TEN outputs target premotor circuits involved in locomotion, 799 

including reticulospinal and inferior olive-projecting neurons. These findings highlight how high-800 

resolution connectivity can falsify plausible models, refining our understanding of brain-wide 801 

control of internal state. 802 

 803 

On the other hand, the hindbrain motion integrator provides a complementary example in which 804 

reconstruction supports a mechanistic model - but crucially, one that could have been falsified. 805 

Based on prior behavioral and physiological evidence, it was hypothesized that sustained activity 806 

in this circuit arises from local excitatory recurrence and is shaped by inter-hemispheric 807 

inhibition54. We identified a densely interconnected group of glutamatergic neurons that form a 808 

recurrent excitatory network and receive excitatory input from visual regions in the thalamus and 809 

pretectum, suggesting a role in accumulating sensory evidence. In turn, they drive GABAergic 810 

neurons that project to the opposite hemisphere, forming a “winner-take-all” circuit that converts 811 

graded input into binary motor decisions. This connectivity supports a decision-making 812 

mechanism in which local excitation integrates sensory input over time, and long-range inhibition 813 

encodes the chosen outcome.  814 

 815 

Beyond the examples discussed here, our multimodal dataset expands the space of exploratory and 816 

hypothesis-driven studies of vertebrate brain circuitry. The segmented fragments are large, 817 

proofreading is tractable, and all synapses are annotated, which offers a realistic pathway to 818 

targeted reconstruction. Indeed, our semi-automated workflows dramatically reduce the labor 819 

required to reconstruct single neurons, with typical efforts requiring just 10 minutes to 1 hour per 820 

neuron, compared to days in unsegmented datasets. This shift lowers the barrier to circuit 821 

dissection, enabling broader community access to hypothesis-driven connectomics. Still, 822 

limitations remain. Many modulatory cell types are not yet fully reconstructed, and significant 823 

axonal tracing is required to extract full connectivity matrices. Addressing these challenges 824 

through community curation, collaborative proofreading, and continued annotation will further 825 

enhance the coverage and reach of this resource. 826 
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specific research vignettes explored in this paper, allowing direct visual inspection of the 865 

underlying data. 866 
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Supplementary material 870 

 871 

Animal care  872 

To label the major neurotransmitter types and the vasculature  we crossed Tg(gad1b:GFP) with 873 

Tg(flk1:mCherryCAAX;vglut2a:loxP-DsRed-loxP-GFP) \ in Nacre (transparent) background  65. 874 

Individual Tg(vglut2a:loxP-DsRed-loxP-GFP) and Tg(gad1b:GFP) lines were previously 875 

generated by BAC transgenesis 66. These lines label the majority of excitatory and inhibitory 876 

neuronal subtypes in the optic tectum and hindbrain circuitry. The Tg(flk1:mCherryCAAX) was 877 

previously generated using classical transgenesis by cloning of the endothelial-specific flk1 878 

promoter 67. 879 

  880 

Brain tissue from rats which had been sacrificed for other experiments served as support tissue for 881 

zebrafish embedding.   882 

 883 

Confocal image acquisition 884 

At 7-day post fertilization a larval zebrafish was immobilized in 1.8% low-melting-temperature 885 

agarose in a glass bottom dish and imaged with a ZEISS LSM 880 confocal microscope with W 886 

Plan-Apochromat 20x/1.0 Korr DIC M27 75mm objective. The dataset encompasses the entire 887 

brain (2 overlapping tiles, 607x607x317 μm,  0.506x0.506x0.652 μm³ voxel size) and consists of 888 

three 16-bit channels: (1) vasculature and excitatory neurons 889 
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Tg(flk1:mCherryCAAX;vglut2a:loxP-DsRed-loxP-GFP) excited with a DPSS 561-nm laser, (2) 890 

inhibitory neurons Tg(gad1b:GFP) excited with an 488-nm argon line, (3) transmitted light. 891 

 892 

Sample preparation for electron microscopy 893 

Following confocal imaging, the agarose-embedded zebrafish was anesthetized with 0.02% (w/v) 894 

tricaine mesylate (MS-222, Sigma-Aldrich) and dissected as described previously 68. The brain 895 

was exposed and the tail was removed just anterior to the caudal fin for notochord access.  The 896 

fish was fixed using microwave irradiation series 69  in 2% glutaraldehyde, 6% mannitol solution, 897 

followed by overnight incubation in fresh fixative at 4⁰C. A modified rOTO protocol 70 was used 898 

for parallel staining of the fish and rat support tissue for electron microscopy. After sodium 899 

hydrosulfite reduction 71 and osmium incubation, the samples were reduced with potassium 900 

ferrocyanide and stained with thiocarbohydrazide, osmium and uranyl acetate. Dehydration with 901 

ethanol and infiltration with low-viscosity LX-112 resin preceded embedding with the fish 902 

oriented within a rat tissue support block (2mm x 2mm x 3mm with 0.75mm punch hole to house 903 

the fish). The block was cured at  60⁰C for 75hrs. The detailed protocol with reagent information, 904 

solutions and incubation times is provided as Supplementary File #1.  905 

 906 

Sample sectioning and wafer fabrication for electron microscopy 907 

The resin block was trimmed to a coffin shape measuring 4.2mm length x 1.6mm width using a 908 

Diatome Trim 90 diamond knife (Diatome, USA) and ultramicrotome (UC6, Leica, Germany). 909 

The leading and trailing edges were trimmed at 100⁰ and 60⁰ angles, respectively. The fish was cut 910 

from ventral to dorsal direction in 30 nm thick sections using a series of five Diatome Ultra 911 

45/Ultra 35 diamond knives. This process was performed over 4.5 days using an automated tape 912 

collection ultramicrotome (ATUM) system 72 set at a cutting speed of 0.3mm/s, resulting in a 913 

collection of 17,500 sections on 110 meters of carbon-coated Kapton tape. The tape was cut into 914 

strips and mounted on 126 square silicon wafers (University Wafers, USA) using double-sided 915 

carbon tape (Ted Pella, USA). The wafers were post-stained with uranyl acetate and lead citrate, 916 

and stored for imaging with a multibeam scanning electron microscope (mSEM, Zeiss) following 917 

the procedure in 2.  918 

 919 

Electron microscopy image acquisition 920 

In preparation for imaging with the multibeam scanning electron microscope (mSEM), a Zeiss 921 

reflected light microscope (Axio Imager) was utilized to generate a high-resolution optical image 922 

(2.5 μm/px) of the entire wafer. This image served as a map to guide the automated acquisition 923 

process with a Zeiss mSEM equipped with 61 electron beams. The fish volume was imaged in two 924 

phases (1) 6,332 sections containing approximately 80% of the brain, and the total amount of data 925 

acquired was 350 TB, (2) 1931 sections, comprising the remaining dorsal portion of the brain, 926 

approximately 10% of the brain, amounting to 20 TB of image data. A total of 213 sections in 927 

phase1, and 174 sections in phase2 were skipped during cutting, leading to double-thickness 928 

sections (60 nm). It is important to emphasize that the cutting process never resulted in consecutive 929 

stretches of three or more damaged or missing sections. Additionally, a total of 39 sections across 930 

both phases were excluded from imaging due to severe cutting damage. The image acquisition 931 

parameters were set at 4 nm/pixel with a landing energy of 1.5 kV. Dwell times of 200 ns and 932 

400 ns were employed for phases 1 and 2, respectively. The increased dwell time in phase 2 aimed 933 

to enhance the signal-to-noise ratio (SNR) due to the lower contrast arising from reagent washout 934 

at the sample interface. 935 
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 936 

msem manager  937 

We developed a custom workflow management software for Zeiss MultiSEM to run in the 938 

background during image acquisition. The software constantly monitored the data outflow from 939 

the microscope, and immediately sent email alerts to microscope operators upon detecting 940 

unexpected workflow interruptions. Once the microscope finished acquiring data for each section, 941 

the software also immediately started a series of data validation steps, including assays of data 942 

completeness, a stitchability test to ensure sufficient overlap between neighboring image tiles, 943 

detection for stage-settling vibration, identification of significant image distortion, and evaluation 944 

of region-of-interest targeting. In addition to these background data validation routines, this 945 

software also provided a visualization tool enabling the operator to intuitively identify out-of-focus 946 

images. Data validation results, along with the user input from the focus examination, were 947 

automatically compiled into an interactive HTML report, assisting the operator to promptly make 948 

retake decisions. The software is available on GitHub 949 

(https://github.com/YuelongWu/mSEM_workflow_manager). 950 

 951 

Stitching and full resolution tile rendering  952 

Rigid stitching was performed on the raw data coming from the mbeam microscope for phase 1 953 

and most of the sections of phase 2. Firstly, all the overlapped raw tile pairs were found based on 954 

the coordinates of each tile output by the microscope. Then SIFT features were extracted from the 955 

boundary area of each pair of overlapped raw tiles and all the tiles in each section were thus 956 

matched. For the tiles with too few SIFT features that failed to be matched (such as the resin 957 

regions), we estimated the rigid transforms for those tiles based on the transform of neighborhood 958 

tiles. Finally, a global optimization step made the matching results smooth through the whole 959 

section. Stitching of phase 1 was done on two Intel servers, each of which has 224 CPU cores. 960 

Stitching of phase 2 and full resolution tile rendering of both phase 1 and phase 2 was done on a 961 

few Google virtual machines, each of which has 96 CPUs. The stitched sections were rendered at 962 

full resolution and each section was cut into 4096*4096 .png tiles without overlap between tiles. 963 

The rendered, stitched sections were the basis of the following alignment step. No contrast 964 

enhancement techniques such as contrast-limited adaptive histogram equalization (CLAHE) was 965 

used in this rendering step. 966 

 967 

Thumbnail alignment  968 

We introduced low-resolution thumbnails to register the sections roughly in place in preparation 969 

for a fine alignment step. To generate the thumbnails, the full-resolution sections were first 970 

downsampled to a 64 nm pixel size. This was followed by bandpass filtering to equalize brightness 971 

variations and enhance membrane features in the raw data. Subsequently, the images were 972 

downsampled to their final 512 nm thumbnail pixel size. The thumbnails generation happened in 973 

real-time with image acquisition on an 8-core Windows desktop connected to the microscope 974 

buffer storage. The thumbnail of each section was matched with its ±2 neighbors. Initially, a 975 

feature-based method was used to estimate an affine transformation. This was followed by 976 

template matching on small, evenly distributed image patches on the sections to obtain 977 

corresponding points for more refined nonlinear deformations. Other than immediate neighbors, 978 

we also selected some "key frame" sections, on average 17 sections apart from each other, and 979 

matched them among themselves. These long-distance matches helped to minimize the z-direction 980 

drift caused by the accumulation of small alignment inaccuracies. We then modeled each section 981 

.CC-BY-NC 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 15, 2025. ; https://doi.org/10.1101/2025.06.10.658982doi: bioRxiv preprint 

https://github.com/YuelongWu/mSEM_workflow_manager
https://doi.org/10.1101/2025.06.10.658982
http://creativecommons.org/licenses/by-nc/4.0/


 

 

26/46 
 

as a spring mesh (equilateral triangle mesh with a 25 μm grid size) and used the corresponding 982 

points found in the matching step to drive the meshes in a mesh-relaxation process and thereby 983 

obtain the alignment transformations. The matching and the mesh-relaxation of the thumbnail 984 

alignment step took about a day on an 8-core Windows desktop. These transformations were 985 

upsampled and applied to the rendered, stitched images at full resolution, which served as the input 986 

for the SOFIMA alignment step. 987 

 988 

High resolution EM alignment 989 

We used SOFIMA 73 to obtain a precise alignment of the complete stack, following the procedures 990 

outlined previously 2, with some dataset-specific adjustments. 991 

 992 

We used z = 2150 as the "anchor" section, and optimized the stack independently towards lower 993 

and higher z coordinates. Similarly to prior work, we used patches of size 160x160 pixels and a 994 

stride of 40x40 pixels for flow estimation. Flow fields were computed using 8x8, 16x16, and 32x32 995 

nm^2 pixel images only given the high quality of the initial low-resolution alignment. We used a 996 

manually painted low-resolution "brain mask" to avoid computing flows and optimizing meshes 997 

in areas containing no tissue of interest. 998 

 999 

Visual inspection of the aligned volume revealed remaining distortions around folds in the form 1000 

of tissue "pinching", which we seeked to minimize by running SOFIMA again using a higher 1001 

resolution mesh and flow field (with a stride of 10x10 pixels, necessary to resolve the higher flow 1002 

gradients around wrinkles) and restricting calculations to regions that our heuristics detected as 1003 

likely to benefit from further corrections (where the residual flow magnitude exceeded 20 nm).  1004 

 1005 

Correlative light and electron microscopy  1006 

To register confocal microscopy (LM) and electron microscopy (EM) volumes of the zebrafish 1007 

brain both volumes were resampled to isotropic resolution (EM: 0.512 µm x 0.512 µm x ~0.480 1008 

µm; LM: 0.65 x 0.65 x 0.65 µm³), and segmented to produce a list of cell body locations (EM: 1009 

187,053 cells; LM: 10,937 gad1b cells and 24,812 vglut2a cells, SFig.1A).  Excitatory and 1010 

inhibitory neurons were segmented from confocal image stacks using a machine learning-based 1011 

workflow (Ilastik) to classify 3D voxels for each channel, generating binary masks that were 1012 

manually refined in VAST. Individual cells were then segmented using distance and watershed 1013 

transforms in MATLAB, followed by manual verification of centroids to confirm correspondence 1014 

with cell bodies, discarding ambiguous cases due to dense packing. For electron microscopy 1015 

images, a custom MATLAB script was used to enhance cell-like structures through directional 1016 

erosion, intensity adjustment, and morphological filtering. The resulting binary mask was 1017 

manually corrected in VAST and segmented using distance and watershed transforms in 1018 

MATLAB. This volumetric instance segmentation was inspected and further refined in VAST. 1019 

 1020 

We used BigWarp 74 for initial landmark-based alignment with ~1000 manually identified points, 1021 

followed by iterative point cloud-based refinement of the alignment (SFig.1B). A custom 1022 

MATLAB algorithm using Iterative Closest Point (ICP) identified corresponding cell groups 1023 

between LM and EM data, generating a list of putative matches filtered based on distance, rotation, 1024 

translation, and occurrence frequency. Specifically, groups of 3-8 closest LM cells were 1025 

considered, and ICP found matching configurations among the 20 neighboring EM cells. The 1026 

resulting putative matches were filtered: only matches with an average root mean square error of 1027 
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0.5-1 µm, rotation < 0.1 radians, translation < 5-10 µm, and matches which occur at least twice 1028 

were considered good. These thresholds were empirically determined to avoid ambiguities. 1029 

Matches became landmarks for generating a new transform via a custom MATLAB driver for 1030 

BigWarp, and the process iterated until no new matches were found.  Manual intervention with 1031 

additional landmarks was possible in poorly matched regions. This iterative procedure yielded 1032 

9,421 landmark points achieving single-cell matching across most of the brain (SFig.1C-D). All 1033 

manual landmark points are dropped in the process, and the final landmark point list consists of 1034 

landmarks that have passed the threshold selection criteria. The LM volume was registered to the 1035 

Z-brain reference atlas using ANTs 75, and we combined the transforms to map the Z-Brain 1036 

reference atlas to the EM volume for additional context.  1037 

 1038 

To further evaluate the registration, the LM volume was mapped to the EM volume with a thin-1039 

plate spline transform calculated from the 9,421 landmarks and the registration at each of the 1040 

35,749 LM cell centers was evaluated by a human expert. For the evaluation, the human was 1041 

presented with 20 µm x 20 µm image overlays between the EM and each of the two channels 1042 

(gad1b and vglut2a) centered at the LM cell location: the registration was considered a match if 1043 

every cell in the field of view from both channels was unambiguously assigned to an EM 1044 

counterpart. We found that registration quality progressively decreases with distance from 1045 

landmarks (SFig. 2A) and determined that cells located as third neighbors or further (10 μm or 1046 

more from the landmark center) are predominantly non-matches. Most of the LM cells fall within 1047 

the 10 µm radius from a landmark and are well-matched; there are 24,462 cells within 10 µm 1048 

radius, 21,303 cells labeled as matches by secondary inspection. The remaining 10,045 cells 1049 

further than 10 µm from a landmark are predominantly located in the edges of the volume and 1050 

1,479 cells are labeled as matches by secondary inspection (SFig. 2B). 1051 

 1052 

The instance segmentation of cells in the LM confocal images was conservative, leading to 1053 

undercounting of the labeled cells and assigning fewer labels to the EM cells after the registration 1054 

of the two volumes. To rectify this issue, we implemented an intensity-based label assignment to 1055 

the EM cells in the registered regions. There are 90,143 EM cells within 10 µm of a landmark, 1056 

which we sorted based on the average intensity from the individual LM channels within the cell 1057 

volume. We evaluated cells based on 20 µm x 20 µm image overlays and assigned them as vglut2a 1058 

or gad1b based on signal from the LM images, or called them unassigned if there was no signal 1059 

within the EM cell (SFig3.A).  We evaluated 65,296 EM cells, assigning 26,117 vglut2a, 13,966 1060 

gad1b and 25,213 unlabeled cells. We observed labeled cells in the remaining 24,847 EM cells 1061 

from the list at a very low rate, so we defaulted these to unlabeled without explicit screening. 1062 

Additionally, we evaluated 5, 903  EM cells further than 10 µm of a landmark, assigning 798 1063 

vglut2a, 544 gad1b and 4,561 unlabeled cells.  The distribution of labeled cell density in the 1064 

volume is shown in SFig.3B, and the counts of vglut2a and gad1b cells relative to all cells is shown 1065 

in SFig.4A-B for the major brain regions. Most of the assigned cells are immediate neighbors to 1066 

the landmarks (SFig.4C). Finally, we defined a label index (I-E)/(I+E), where I and E are the 1067 

fraction of cells which are gad1b and vglut2a within a column of 5 µm x 5 µm extension in xy, 1068 

and 45 µm in z. This index quantifies the relative ratio of gad1b and vglut2a and mapped the spatial 1069 

distribution of relative abundance for the two labels (SFig.4D).  1070 

 1071 

Finally, we can use this data to estimate the total number of vglut2a- and gad1b-expressing cells 1072 

in the brain. A total of 24,749 neurons from the LM point-cloud segmentation fell within 10 µm 1073 
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of an EM–LM landmark, the spatial range over which we retained high confidence in cross-modal 1074 

matches. Within this same region, our exhaustive fluorescence-overlay evaluation identified 1075 

26,117 vglut2a-positive and 13,966 gad1b-positive neurons, for a total of 40,083 labeled cells. 1076 

This indicates that our conservative LM segmentation approach recovered approximately 62% of 1077 

the neurotransmitter-labeled population in the well-aligned volume.  1078 

 1079 

The remaining  11,000 LM points lie outside the high-confidence matching radius. Assuming that 1080 

LM undersegmentation is spatially uniform and continues to recover approximately 62% of 1081 

labeled cells in these outer regions, we estimate that an additional ~17,740 labeled neurons were 1082 

missed. This brings the total number of vglut2a- and gad1b-expressing cells in the brain to 1083 

approximately 58,000. 1084 

 1085 

Instance segmentation models 1086 

We collected instance segmentation ground truth within densely annotated subvolumes, either 1087 

through de-novo manual voxel painting in VAST 32 or voxel-level corrections to automated 1088 

segmentations generated with a machine learning model. In total, 10,990 μm3 were annotated in 1089 

soma-dense regions (across seven 16.4x16.4x6.0 μm3 subvolumes, 40-80h manual effort per 1090 

subvolume), and 1,378 μm3 in neuropil-dense regions (across seven subvolumes; six 4x4x8 μm3 1091 

subvolumes with 100-150 hours of manual voxel painting per subvolume, and one 6.1x10x10 μm3 1092 

subvolume with manual corrections of automatically generated segmentation). 1093 

 1094 

We used this data to train three separate Flood-Filling Network (FFN) models, operating on 1095 

32x32x30 nm3, 16x16x30 nm3 and 8x8x30 nm3 images (henceforth called "32 nm", "16 nm", and 1096 

"8 nm" models, respectively). All models used the annotations in the soma-dense regions, but only 1097 

the 16 nm and 8 nm models used the annotations in the neuropil-dense regions. The FFN models 1098 

used an architecture and settings identical to prior work 29, but the 32 nm model had an enhanced 1099 

field of view of 33x33x33 voxels (vx), uniform 8 pixel step size in the in-plane and axial directions, 1100 

and 16 residual modules. Unlike prior work, the centers of the training examples for the FFN were 1101 

formed by taking the nodes of skeletons automatically 76 created from the volumetric annotations, 1102 

post processed to maintain an average node separation of 300 nm and distance from the endpoints 1103 

of at least 100 nm. 1104 

 1105 

Ouroboros  1106 

We applied the FFN segmentation models as described above to four 16x16x15.9 µm^3 1107 

subvolumes and four 16x16x10.2 µm^3 subvolumes of another larval zebrafish dataset acquired 1108 

with a setup similar to the dataset acquired here. The subvolumes were targeted towards dense 1109 

neuropil regions and their locations were selected to maximize diversity of the covered tissues. We 1110 

then exhaustively proofread all neurites within these subvolumes and trained updated FFN models 1111 

with this data. We kept the overall architecture and training procedures unchanged, but extended 1112 

the network depth to 20 residual modules and used the AdamW optimizer, and trained a single 1113 

variant of the network, operating on 16x16x30 nm^3-sized voxels. 1114 

 1115 

We found these updated models to generate higher quality segmentations within the dataset from 1116 

which the training data was extracted. We hypothesized that the gains in segmentation accuracy 1117 

might transfer back to this dataset ("ouroboros"). We confirmed this hypothesis by segmenting the 1118 
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whole volume de-novo, starting with the existing, low-resolution (32x32x30 nm^3) soma-only 1119 

reconstruction at the initial state of the new segmentation.  1120 

 1121 

While the 2.5x increased network capacity and an order of magnitude increase in the amount of 1122 

training data resulted in significant gains in reconstruction accuracy, we observed  an increased 1123 

rate of false merge errors in proximity of tissue folds, which were largely absent in the ground 1124 

truth subvolumes the network was trained on. To mitigate this problem, we computed the 1125 

oversegmentation consensus between the original and ouroboros segmentations. We then built a 1126 

new agglomeration graph combining the agglomeration edges generated with the original and 1127 

ouroboros models, and added edges reassembling the consensus supervoxels back to their shapes 1128 

from the ouroboros segmentation. This moved any new merge errors from the supervoxel level to 1129 

the agglomeration level, where they remain fixable through manual edits in CAVE. 1130 

 1131 

Semantic segmentation models 1132 

We trained convolutional neural networks to perform seven separate semantic segmentation 1133 

(voxel-wise classification) tasks: two multiclass (tissue type classification, subcompartment 1134 

classification) and five binary (myelin, glia, extracellular space (ECS), non-neural tissue and 1135 

artifact detection). Training examples were always sampled at equal frequencies for all classes. 1136 

They were extracted from the skeleton nodes of automated skeletons generated from test instance 1137 

segmentations of the volume or from densely annotated instance ground truth subvolumes, except 1138 

for the tissue type classification model and artifact detection models, which used manually painted 1139 

voxel annotations. 1140 

 1141 

The default architecture of these neural networks was a residual 3d convolution stack (same as the 1142 

FFN), with a depth of 8 residual modules, a field of view of 33x33x33 vx, 3x3x3 convolutions 1143 

using 'valid' mode and 32 feature maps, and residual summation discarding context at the edges of 1144 

the larger-sized argument. Two exceptions from this default setup were made: the subcompartment 1145 

classification model had a depth of 16 residual modules and a field of view of 65x65x65 vx, and 1146 

the artifact detection model used a convolution-pooling network as in prior work 29. 1147 

 1148 

We used three variants of the non-tissue detection model, with 32x32x30 nm3, 64x64x60 nm3, 1149 

128x128x120 nm3 input images and points extracted from 18,796 segments (3.4M tissue, 75.5M 1150 

non-tissue). The artifact detection model used 16x16x30 nm input data and (artifact: 65.4 Mvx, 1151 

regular data: 236.6 Mvx). The tissue classification model used 32x32x30 nm input data and 1152 

annotations from the following classes: neuropil (61.5 Mvx), do not segment (167.2 Mvx), cell 1153 

bodies (121.1 Mvx), folds (572 kvx), hair cells (1.3 Mvx), non-neuron cells (9.5 Mvx), support 1154 

tissue (51.1 Mvx). 1155 

 1156 

The remaining models used 16x16x30 nm input data. The subcompartment classification model 1157 

used points from 165,015 segments across 3 classes: axon (2.4M), dendrite (94k), glia (985k). The 1158 

binary classification models used the following annotations: extracellular space detection (8,287 1159 

segments; ecs: 56k, not-ecs: 301k), myelin (8,199 segments; myelin: 111k, not-myelin: 301k), glia 1160 

(1,451 segments; glia: 5.7M, not-glia: 172k). 1161 

Instance segmentation assembly 1162 
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We used the FFN models to first build a "base segmentation" optimized to reduce the frequency 1163 

of merge errors. This was followed by an agglomeration procedure which reduced split errors 1164 

while keeping merge errors manageable. 1165 

 1166 

The section range 5333 <= z <= 5348 was a "coming-in" region bridging two parts of the volume 1167 

cut with different diamond knives and with the original blocks oriented at a slight angle, such that 1168 

the sections became progressively larger as they were sequentially cut. At all stages of 1169 

segmentation, if a section had no tissue content (as determined by the section mask) locally within 1170 

the current 500x500x500 vx subvolume, it was completely omitted from processing, and the 1171 

corresponding segmentation was generated by duplicating content from the preceding section. 1172 

 1173 

Neuron fragment agglomeration 1174 

We excluded from agglomeration any segment that did not have a dominant classification (by 1175 

fraction of labeled voxels) as "soma" by the tissue type model, and was classified as at least one 1176 

of: 1) "not tissue" by the 32 nm or 64 nm non-tissue detection model, 2) "do not segment" or "hair 1177 

cells" by the tissue type model, 3) "glia" by the glia detection model, 4) "extracellular space" by 1178 

the ECS detection model, 5) "myelin" by the myelin detection model. Within phase2, we did not 1179 

use the myelin classification as we found that the underlying model did not generalize sufficiently 1180 

well to that part of that volume. Similarly, a minimum segment size of 100k voxels was 1181 

additionally used for the conditions 3 and 4 above in phase2. 1182 

 1183 

During agglomeration graph assembly, edges were processed in order of an agglomeration score 1184 

as explained above, and soma separation was maintained by discarding any edge that would cause 1185 

two known soma segments to be part of the same connected component. Similarly, we kept track 1186 

of the fraction of voxels of every agglomerated segment classified by the subcompartment model 1187 

as 1) axon or dendrite, 2) glia. When the classified voxel count exceeded 10,000 and the fraction 1188 

associated with one of two options exceeded 0.75, the whole connected component was labeled 1189 

"neuronal" or "glial", respectively. Edges connecting "neuronal" components with "glial" 1190 

components were discarded. 1191 

 1192 

Tissue appearance normalization in phase2 1193 

The EM images in the phase2 region of the dataset were acquired with different microscope 1194 

settings following an extended period of wafer storage, resulting in different SNR characteristics 1195 

and visibly different tissue appearance, even after applying contrast normalization (CLAHE) 1196 

Initial attempts to segment this part of the volume resulted in severe merge errors. We therefore 1197 

decided to preprocess the images using SECGAN 77, a machine learning technique designed to 1198 

match the appearance (but not the semantic content) of 3d images from one source to another, so 1199 

that impact on instance segmentation is minimized. 1200 

 1201 

We trained three SECGAN models to make the phase2 part of the volume resemble phase1. The 1202 

models processed data at 32x32x30 nm^3, 16x16x30 nm^3 and 8x8x30 nm^3 voxel size. Each 1203 

SECGAN model used two independent 3d ResNet18 discriminators (one processing image data, 1204 

and one processing segment probability maps produced by the FFN) and a residual convstack 1205 

generator, with a depth of 8 modules and using only VALID convolutions. The models operating 1206 

at 8x8x30 nm^3 and 16x16x30 nm^3 resolution were trained to map between a 32x32x60 µm^3 1207 

subvolume of phase1 and a 32x32x21 µm^3 subvolume of phase2. The model operating at 1208 
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32x32x30 nm^3 resolution used a different pair of subvolumes (64x64x60 µm^3 for phase1 and 1209 

64x64x30 µm^3 for phase2), selected from a soma-dense region since the low-resolution FFN 1210 

model was used for soma segmentation only. 1211 

1212 

After training, we used the FFN models to compute test segmentations of a small 500x500x448 1213 

vx^3 subvolume preprocessed with different checkpoints of the SECGAN, compared them to 1214 

manual annotations, and selected the checkpoint minimizing the number of mergers for full 1215 

volume inference. The phase2 images transformed with the SECGANs and the selected 1216 

checkpoints were then used instead of the original EM as the input to the FFN when performing 1217 

instance segmentation as outlined before. 1218 

1219 

CAVE 1220 

We deployed a web-based proofreading tool, based on CAVE 31 (connectome annotation 1221 

versioning engine), that allows collaborative proofreading of the Fish 1.0 volume directly in the 1222 

browser. CAVE allows the assembly of neurons, which are split into many pieces in the automated 1223 

segmentation, and the correction of neuron objects that are falsely merged with other segments. 1224 

Researchers worldwide can sign up to contribute to proofreading the latest segmentation version 1225 

(see website for more details). New proofreaders can familiarize themselves with CAVE in a 1226 

sandbox segmentation and, after a successful assessment, contribute to the production 1227 

segmentation. We also provide a programmatic interface to CAVE that lets users create and view 1228 

custom annotation tables in CAVE, download the latest mesh versions, and view the proofreading 1229 

history through a changelog website.  1230 

1231 

Synapse annotation and predictions 1232 

Directly annotating synapses in the target zebrafish EM volume is time consuming. Therefore we 1233 

leveraged a semi-automatic approach to first predict synapses using a pretrained model and then 1234 

proofread the automatic labels. Specifically, we trained a 3D U-Net 78 using the synapse labels in 1235 

an EM volume of adult rat 79 as the base model. We further fine-tuned the model through a semi-1236 

supervised learning approach by combining the original labeled training volume with pseudo-1237 

labeled chunks (via the base model) from the zebrafish EM volume to improve the adaptation to 1238 

the target volume. All the modeling scripts are implemented with the open-source PyTorch 1239 

Connectomics 80 framework. When running inference on the zebrafish images, we lower the 1240 

probability threshold to encourage more synapse predictions since the manual effort to remove a 1241 

false positive prediction is significantly less than manually navigating in the dense 3D image 1242 

volume and drawing a synapse mask from scratch. Our model generated 21,346 synapse 1243 

predictions in seven regions of interest (ROI, 16.3x16.3x3.3 µm^3) of the target EM volume. After 1244 

proofreading in VAST using a custom-written Matlab navigation script and subsequent mask 1245 

correction, we curated 14,378 ground-truth labels, which is later used as training data to scale 1246 

model-based synapse labeling to the whole volume. 1247 

1248 

The 14, 378 ground-truth labels were used to train an initial synapse model on the 8nm resolution 1249 

EM data. The model was based on a 3D U-Net architecture, with 3 down stages, 3 up stages, an 1250 

initial feature size of 32, and a scale factor of 2 per UNet stage. Each convolution kernel was 3x3x3 1251 

(XYZ), and maxpool stride was 3x3x1. A final fully-connected layer ended in a three-class 1252 

classifier, where 0 was background, 1 was presynaptic, and 2 was postsynaptic after applying 1253 

softmax. The model was trained at a batch size of 1, and augmentations of reflection and 1254 
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permutations were applied to XYZ and XY, respectively. Each training example was calculated as 1255 

the geometric centroid of the label mask. In order to help generalization during inference where 1256 

FoVs may not be centered directly on a synapse, an additional augmentation of a random offset of 1257 

between zero and +/- 216x216x90nm was added to each training example. Due to the 1258 

overwhelming ratio of background voxels to positive labels (approximately 14:1), we introduced 1259 

a loss scaling of 2x for positive voxels in order to bias the network towards better recall. Training 1260 

was performed for 80M steps. 1261 

 1262 

Predictions were manually inspected for any systematic errors, and three more bounding boxes 1263 

were added to improve recall (32.8x32.8x3.3µm^3 ROI size), which resulted in additional 5112 1264 

synapse annotations for GT. These additional annotations were added to the 14k GT examples for 1265 

a total of 20k human-generated/-proofread examples. Using the same parameters as the U-Net 1266 

above, the final model was trained for 4.09M steps, with the difference in training steps due to 1267 

potential overtraining of the first model. 1268 

 1269 

Inference was performed on the full volume. We ran connected components to assign unique ids 1270 

to all predicted supervoxels. Synaptic pairs were performed by a multi-step connectome assembly 1271 

pipeline. First a filtering step applied the tissue type classification masking model to ensure 1272 

synapses were only present on somas or neuropil. A subsequent filtering step removed any 1273 

predicted sites that were 30 voxels or smaller. Any remaining sites that spanned two or more 1274 

neuropil segments at a threshold of a minimum of 20% of the original synaptic site's supervoxels 1275 

overlapping a given neural segment were split into unique sites with the same pre- or post- class 1276 

and assigned unique IDs. A final filtering stage that removed any sites with a volume below 100 1277 

voxels, ensuring that any splits that introduced small or spurious new supervoxels were dropped. 1278 

Finally we performed pairwise assignment of synaptic pre- and postsynaptic sites into synapses, 1279 

defining a pair where the minimum euclidean distance between sites was 100nm or lower. This 1280 

step intentionally did not enforce a 1:1 pre-/post-synaptic site pairing to allow for identification of 1281 

potential polyadic synapses. 1282 

   1283 

On rare occasions the model correctly predicted the presence of a synapse but reversed the pre- 1284 

and post-classes. To correct these instances, we applied a synapse reorientation process as 1285 

described in 2, identifying 4,973,737 synapses that required flipping, for an inverted prediction 1286 

occurrence rate of 10.7% 1287 

 1288 

E/I classification model 1289 

491 vglut2a- and 547 gad1b-positive neurons were inspected for the presence of an axon with no 1290 

merge errors, yielding a ground truth set of over 69,000 synapses (31,013 from vglut2a and 38,312 1291 

from gad1b-positive neurons) In total the ground truth consisted of 38,312 inhibitory and 31,013 1292 

excitatory synapses split into 80/20 train/test examples, with training examples upsampled and 1293 

balanced to 306,490 examples of each class. We trained a ResNet model based on resnet50 2 with 1294 

a final fully-connected layer resulting in two classes: excitatory or inhibitory. Model inputs were 1295 

two channels, with the first being the 16nm-scale uint8 EM data converted to float via z-score with 1296 

a mean of 128 and standard deviation of 33, and the second being a trinary mask of the segments 1297 

associated with each synapse during synapse assembly (see previous section) where the 1298 

background was 0, pre-synaptic segment mask weighted 0.95 and post-synaptic mask weighted -1299 

0.95. Input size was a patch shape of 1600x1600x720nm^3. Augmentations were the same as the 1300 
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U-Net model used during synapse identification, with the exception of the random movement 1301 

parameter modified to be between zero and +/- 272x272x120nm. Training used a batch size of 16 1302 

for 22M steps. Evaluating on the 20% held out synapses the model correctly identified 11,571 of 1303 

13,866 examples, for an accuracy of 83.45%. 1304 

 1305 

Synaptic polarity index computation 1306 

To estimate the polarity bias of each presynaptic neuron, we computed a polarity index using a 1307 

Bayesian model comparing three possibilities for the synapse type composition: excitatory (E), 1308 

inhibitory (I), and non-polarized/other (O). Let 𝑛𝑒𝑥𝑐 and 𝑛𝑖𝑛ℎ represent the number of excitatory 1309 

and inhibitory synapses made by a neuron, respectively. The likelihoods under each possibility 1310 

were computed as follows: 1311 

    𝐿𝑒𝑥𝑐  =  𝑝𝑛𝑒𝑥𝑐  + (1 −  𝑝)𝑛𝑖𝑛ℎ 1312 

    𝐿𝑖𝑛ℎ  =  𝑝𝑛𝑖𝑛ℎ  + (1 −  𝑝)𝑛𝑒𝑥𝑐 1313 

    𝐿𝑜𝑡ℎ𝑒𝑟 =  0. 5(𝑛𝑒𝑥𝑐+𝑛𝑖𝑛ℎ) 1314 

We used p=0.8 as the accuracy of the model given that the neuron is excitatory or inhibitory. The 1315 

likelihoods are normalized to form posterior probabilities, assuming a uniform 1/3 prior for all 1316 

three classes: 1317 

𝑍 =  𝐿𝑒𝑥𝑐 + 𝐿𝑖𝑛ℎ + 𝐿𝑜𝑡ℎ𝑒𝑟 1318 

𝑃𝑒𝑥𝑐 =  𝐿𝑒𝑥𝑐/𝑍, 𝑃𝑖𝑛ℎ = 𝐿𝑖𝑛ℎ/𝑍, 𝑃𝑜𝑡ℎ𝑒𝑟 = 𝐿𝑜𝑡ℎ𝑒𝑟/𝑍 1319 

The final polarity index is computed as: 1320 

𝑖𝑑𝑥𝑝𝑜𝑙  =  𝑃𝑒𝑥𝑐 − 𝑃𝑖𝑛ℎ 1321 

This index ranges from −1 (strongly inhibitory) to +1 (strongly excitatory), with values near 0 1322 

indicating mixed or ambiguous synaptic polarity. 1323 

Synaptic input distributions across zebrafish brain regions 1324 

To quantify the polarity of the synaptic input received by individual neurons, we identified all 1325 

presynaptic inputs of each target cell and classified them as excitatory, inhibitory or other based 1326 

on the computed polarity index (𝑖𝑑𝑥𝑝𝑜𝑙). Presynaptic cells and axon fragments with at least 4 1327 

synapses were included and were categorized as excitatory if  𝑖𝑑𝑥𝑝𝑜𝑙 ≥  1/3, inhibitory if 1328 

𝑖𝑑𝑥𝑝𝑜𝑙 ≤ −1/3 , and as “other” in the remaining cases. For each postsynaptic cell, we computed 1329 

an input EI drive index defined as the normalized difference between excitatory and inhibitory 1330 

incoming synapse counts. We also computed an input O drive index defined as the normalized 1331 

difference between “other” and the summed excitatory and inhibitory incoming synapse counts. 1332 

The index was aggregated by brain region based on MECE masks, and region-level statistics such 1333 

as mean and standard error were computed. We computed these statistics with different sets of 1334 

synapse number thresholds (SFig. 6), and compared to shuffled controls where the categories are 1335 

randomly assigned to presynaptic cells and axon fragments (SFig. 7).  1336 

 1337 

Bootstrap-based propagation of polarity and orientation labels 1338 

To infer the orientation and polarity labels of unlabeled posterior lateral line neurons (PLLn) and 1339 

medial octavolateralis nucleus (MON) neurons, we implemented a bootstrap-based label 1340 

propagation algorithm that leverages partial ground truth and synaptic connectivity data. All 1341 

analyses were performed separately for each brain hemisphere. 1342 

 1343 

For both orientation and polarity inference, ground truth-labeled PLLn were separated into two 1344 

groups based on molecular identity: vertical vs horizontal, and positive and negative. At the start 1345 

of each bootstrap iteration, an equal number of seeds from each group were randomly sampled (by 1346 
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subsampling the larger group to the size of the smaller), ensuring balanced initial conditions and 1347 

unbiased label propagation. This balancing procedure was reapplied after each label propagation 1348 

cycle. 1349 

 1350 

A synaptic connectivity matrix was constructed, with rows and columns corresponding to all 1351 

included neurons and entries indicating synapse counts. To assess the robustness of the results 1352 

given the estimated false-positive rate in synapse prediction, 15% of synapses were randomly 1353 

removed at the start of each bootstrap iteration. This controlled perturbation introduced noise while 1354 

testing the stability of the algorithm under realistic error conditions. 1355 

 1356 

Each bootstrap iteration repeats the following label propagation cycles until convergence:  1357 

Forward propagation: for every MON, a normalized index was calculated to quantify the relative 1358 

strength of synaptic input from the two seed groups. Below, 𝑁𝑔𝑟𝑜𝑢𝑝 denotes the total number of 1359 

synapses received from each seed group 1360 

𝑀𝑂𝑁𝑜𝑟𝑖𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑖𝑛𝑑𝑒𝑥 =  
𝑁ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 − 𝑁𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙

𝑁ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 + 𝑁𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙
 1361 

𝑀𝑂𝑁𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦 𝑖𝑛𝑑𝑒𝑥 =  
𝑁𝑝𝑜𝑙+ − 𝑁𝑝𝑜𝑙−

𝑁𝑝𝑜𝑙+ + 𝑁𝑝𝑜𝑙−
 1362 

Backward propagation: for each PLLn, an afferent score was computed by summing its synaptic 1363 

outputs to all MONs, weighted by each MON’s current index (orientation or polarity). This score 1364 

estimates each PLLn’s affinity for orientation or polarity. 1365 

 1366 

After each propagation cycle, PLLns with afferent scores above a positive threshold were 1367 

provisionally assigned to one group, and those below a negative threshold to the other. The 1368 

numbers in each group were again balanced by random subsampling. These forward and backward 1369 

steps were repeated, updating group assignments each time, until convergence was achieved—1370 

defined as a change of less than 10−6 in the binary assignment vector between consecutive 1371 

iterations. This strict criterion ensured that further iterations would not meaningfully alter 1372 

assignments. Upon convergence, the final assignments were used to recompute MON indices and 1373 

PLLn afferent scores using the fully labeled set. 1374 

 1375 

The entire propagation and label assignment procedure was repeated for 100 bootstrap samples. 1376 

For each neuron, the fraction of bootstrap runs in which it was assigned to a given group was used 1377 

as a probabilistic estimate of its orientation or polarity label. This provided uncertainty 1378 

quantification for every assignment, reflecting both annotation noise and the structure of the 1379 

underlying connectivity.  Notably, the algorithm allows label updates when connectivity patterns 1380 

conflict with seed assignments, but such reversals were rare: none of the 24 polarity-labeled seeds 1381 

changed, and only 2 out of 52 orientation-labeled seeds were reassigned.  1382 
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SFig.1 | Correlated Light and Electron Microscopy (CLEM) approach. A, Maximum intensity 

projections of the gad1b and vglut2a confocal volumes (left) alongside a single electron microscopy (EM) 

section (scale bar = 100 µm). The image volumes are segmented into point clouds consisting of 10,937 

gad1b, 24,812 vglut2a, and 187,053 EM cells. B, Semi-automated iterative process for identifying 

corresponding landmarks between the light microscopy (LM) and EM images. Initial manual landmarks 

are used to align the point cloud datasets. Groups of three or four LM cells are matched to EM cells in their 

local neighborhood, allowing for small rotations and translations of the group. Matches are added to the 

landmark point list, and the process is repeated with the updated landmark list. Manual landmarks can be 

added at any iteration. C, Distribution of the final set of 9,421 LM landmark cells used to transform the 

volumes. This final set is downsampled to a spacing of 10 pixels (5 µm) between landmarks for 

computational efficiency. D, Distribution of the distances between the two closest pairs of landmarks. The 

typical cell diameter is approximately 5 µm.   
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SFig.2 | Correlated Light and Electron Microscopy (CLEM) quality.  A, The registration quality for all 

35,749 LM cells is evaluated after mapping the LM volume onto the EM volume using the 9,421 landmarks. 

Left: The cells are split into groups based on the distance from their centroid to landmark cell centroids. 

The landmarks group is at a distance equal to zero. Right: Cells are assigned as matched (vglut2a or gad1b) 

based on a visual inspection of a 20 µm x 20 µm region surrounding the cell center, and unassigned if the 

visual inspection determines that the region cannot be unambiguously matched. Roman numerals mark the 

corresponding cell groups between the cell spatial visualizations on the left and the match quality 

assignment on the right. B, Spatial distribution of all 35,749 LM cells across six depths of the LM volume, 

with cells color coded based on their distance to a landmark.  
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SFig.3 | Intensity-based label assignment. A, Three example assignments based on 20 µm x 20 µm image 

overlays between the  registered EM volume (grayscale) and the vglut2a (green) and gad1b (magenta) LM 

channels (scale bar = 5 µm).   B, Spatial distribution of labeled cells across six depths of the EM volume, 

taken over 5 µm x 5 µm columns. White bar in the color scale indicates that background pixels are labeled 

in white.  
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SFig.4 | Excitatory and inhibitory neuron distribution after intensity-based manual label assignment. 

A, Major brain regions in the zebrafish, which are mutually exclusive and collectively exhaustive (MECE) 

as defined by the z-brain atlas (Vohra et al, Companion paper). B, Distribution of all labeled and registered 

vglut2a neurons (green), and gad1b neurons (magenta) across the major brain regions. C, Distribution of 

labeled cells vglut2a (green) and gad1b (magenta) according to distance from a landmark. D, Spatial 

distribution of label index across six depths of the EM volume, taken over 5 µm x 5 µm columns.  
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1383 
SFig. 5| Quantification of automated 1384 
segmentation and synapse quality. A, 1385 
Distribution of neurite path lengths across the 1386 
entire dataset; total reconstructed length sums to 1387 
~250 meters. B, Distribution of axonal (pink) 1388 
and dendritic (blue) neurite lengths assigned to 1389 
somas. C, Comparison of neurite path length 1390 
distributions from automated segmentations in 1391 
this 7 dpf zebrafish brain (fish1, green), a 1392 
previously published 5 dpf zebrafish brain 1393 
(fish0, blue; 9), and a set of manually proofread 1394 
neurons in the hindbrain of a zebrafish (red; 30). 1395 
D, Example merge error where a passing neurite 1396 
is erroneously joined to a soma (arrowheads). E, 1397 
Example of tissue wrinkle; scale bar, 1 µm. F, 1398 
Example of a staining artifact—axon bundle 1399 
overstained with osmium; scale matched to E.  1400 

1401 

1402 

1403 
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SFig.6 | Threshold choice effect on the input drive index. Average input drive indices to the 41,000 

vglut2a and gad1b neurons segregated by brain region computed with different synapse thresholds: A. no 

threshold, B. at least 10 synapses. Error bars reflect standard error of the mean.  
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SFig.7 | Shuffled control effect on the input drive index. Average input drive indices computed with 

shuffled polarity indices for the input synapses to  the 41,000 vglut2a and gad1b neurons segregated by 

brain region (threshold is at least four synapses). Error bars show standard error of the mean.   
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1404 
SFig.8 | Sheet-type afferent neurons. A, 1405 
Reconstructions of 152 bulb-type afferent 1406 
arborizations (gray) and 102 sheet-type afferent 1407 
arborizations (colors) B, Ultrastructure of the sheet-1408 
type afferens, which travel in bundles and have few 1409 
synapses.  1410 
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