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Abstract 

Neural Cartography: Methods for Mapping the Structure of Neural Networks 

Leila Elabbady 

Chair of the Supervisory Committee: 

John Tuthill & Forrest Collman 

Department of Neurobiology and Biophysics 

 

Recent advancements in volumetric electron microscopy (vEM) allow neuroscientists to map the 

nervous system at unprecedented scale and resolution. This offers an opportunity to unravel 

structural organization, cellular morphology, and connectivity, providing new insights into circuit 

function. This dissertation presents new tools for scalable analytical solutions and circuit 

analyses to extract testable biological insights from vEM wiring diagrams. 

 

In the first section, I utilize cell-body morphology and connectivity to train a hierarchical model 

for cell-type prediction in a cubic millimeter vEM dataset of mouse visual cortex. This method 

bypasses the need for complete cell reconstructions, is adaptable to multiple cell-typing schemes, 

and is computationally inexpensive. Further, this method produced predictions for nearly 

100,000 cells with 91% accuracy compared to expert-labeled ground truth. These predictions, 



 
 

publicly available with a new feature set, can be used for unsupervised search of rare cell-types 

and demonstrated the surprising sufficiency of the somatic region for cell identification. 

In the second section, I reconstructed the wiring diagram of tactile sensory neurons in the fly 

ventral nerve cord to elucidate how spatial information is organized within somatosensory 

circuits, specifically regarding spatially targeted leg grooming. Using genetic labeling and vEM, 

I defined the foreleg somatotopic map. Downstream connectivity revealed 60 interneurons 

receiving substantial synaptic input exclusively from tactile neurons. These interneurons exhibit 

unique axonal projections, diverse dendritic morphologies, and distinct postsynaptic partners. 

Optogenetic experiments and kinematic analyses demonstrated that activating distinct 

interneurons initiates spatially guided grooming strategies consistent with our structurally 

derived receptive field predictions. From these results I propose a four-layer circuit where 

interneurons form distinct functional modules, each sampling a portion of the leg to elicit 

spatially targeted grooming. 

 

The third section extends this spatial mapping analysis to chemosensory information from the fly 

leg, using a similar approach to examine how a distinct circuit structure might also maintain 

spatial information for a different sensory system within the same body segment. 

 

Overall, this dissertation examines neural network maps broadly, quantifying structural 

variability in cell bodies and connectivity across large populations. It then zooms in on specific 

sensory circuits, exploring how their structural organization informs our understanding of neural 

computations. 
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Introduction 

We think of the nervous system as the network of cells that allows us to respond to the 

world around us, facilitates thought and reflection, stores our memories, and regulates our 

personalities. Simply put, we think of our brains as the organs that make us who we are. The loss 

of a limb, removal of an appendix, or even a heart transplant are not considered a ’change of self’. 

However, an illness to the brain can cause one to act erratically, alter one’s personality, or forget 

oneself entirely. Naturally one might wonder, how much of our character and individuality is coded 

within the structure of the brain?  

For centuries, neuroscientists have been building maps of the brain to better understand 

this enigmatic network of cells. After a tragic railroad accident in 1848, Phineas Gage was left 

with severe trauma to his prefrontal cortex and an entirely new personality.1,2 Today, scientists 

view him as one of the first recorded examples that linked specific brain areas to higher order 

function. It was not until the mid 20th century that Wilder Penfield published a functional map of 

the entire human brain.3 Through a series of cortical stimulation experiments in awake patients, 

Penfield divided the brain into an array of functional areas that included motor, sensory, and speech 

areas we still refer to today.3–5 With these boundaries in place, scientists began mapping the 

organization of cells within areas. By systematically stimulating different areas within the motor 

and sensory cortices, Penfield demarcated groups of cells that corresponded to different body parts. 

This work among others defined the body maps referred to today as the homunculus.3,6–9 Since 

then, scientists have established maps all over the brain including retinotopic maps in the visual 

system,10,11 tonotopic maps in the auditory system,12–14 and cognitive maps in the hippocampus.15–

17 Each map provides a new lens with which to understand how the structure of the brain leads to 
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function. The following dissertation is a continuation of this effort. With the advent of large-scale 

volumetric electron microscopy, scientists are building wiring diagrams of the brain that map all 

the connections between cells, referred to as connectomes. I begin this dissertation with an 

introduction to why and how these connectome maps are useful. Chapters 1 through 3 describe 

three distinct efforts to understand the function of the nervous system through the development 

and analysis of connectomes. Finally, I conclude with a discussion chapter on some of the 

promising directions, groundbreaking advancements, and exciting applications of connectomics.  

What’s in a map? 

Maps are commonly used as tools to facilitate movement from point A to point B, yet they 

are also rich with insights into how a given place operates. From the size and density of streets 

alone, one gets a sense of how people travel through any given metropolis. Add in labels to the 

map and one can begin to discern the function of different neighborhoods such as residential versus 

business districts. Streets filled with restaurants suggest areas with higher evening traffic, whereas 

universities and schools are probably busier during the day. These types of observations about the 

structural organization of a space not only provide an overall roadmap but also provide insight into 

how a city functions and how people move and live within the structural bounds of their city. 

This type of framework is not limited to the study of cities and geographies and has proven 

to be incredibly valuable to the study of the nervous system. The nervous system is a vast and 

complex network made up of millions of cells that communicate through billions of connections 

and multiple modalities. The roadmap of the nervous system is made up of thousands of miles of 

cables, referred to as axons, that connect one neuron to the next through synapses. In fact, one 

cubic millimeter of the mouse cortex, roughly the size of a grain of sand, contains 200,000 cells, 

four kilometers of axon, and 523 million synapses.18 Unraveling the complexity of these dense 



 3 

systems and defining the structural organization of neural networks will be immensely valuable in 

our pursuit of understanding the nervous system. 

Building a roadmap of the nervous system will orient our understanding around how 

information moves throughout the network, the relative diversity of cell-types within a system, 

and how different connectivity motifs facilitate certain computations over others. Precise network 

architectures will accelerate discovery by providing scientists with detailed hypotheses on the 

functional role of neuronal circuits and how they impact the behavior and overall well-being of 

different organisms. Several neurodegenerative diseases, such as Parkinson’s and Amyotrophic 

Lateral Sclerosis, are defined by the loss of a particular cell-type in the nervous system.19–24 

Understanding the connectivity patterns of these cells and the specific circuits they form will direct 

researchers towards therapeutic avenues to recover those missing connections. Furthermore, 

architectures, connectivity patterns, and learning rules derived from this type of data may inspire 

the next generation of artificial neural networks and pioneer a new field of biomimetic engineering.  

Building the map 

To map the structural organization of the nervous system, scientists need to reconstruct the 

wiring diagram at a high enough resolution to make out individual synapses and identify cell-

types, whilst also covering large enough spans of tissue to encompass entire circuits. With the 

recent advancements in volumetric electron microscopy (vEM), neuroscientists can now map the 

nervous system at a scale and resolution far greater than ever before. Large-scale vEM provides 

an opportunity to unravel the structural organization of entire neural circuits and study the 

morphology and connectivity of cells at a groundbreaking scale. This broad mapping of synaptic 

connections using vEM techniques is referred to as ‘connectomics’. The first connectome was 

collected in C. elegans in 1986.25 Decades later, bolstered by advancements in tissue staining and 
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sectioning,26–34 high-throughput imaging,28,29,34,35 gpu capabilities, and deep learning backed 

image segmentation,36–38 we are witnessing a new wave of connectomics. Many vEM datasets 

have been collected from different species and different areas of the nervous system (Fig. 1).  In 

the past few years alone, notable connectomes include an entire fly brain,39,40 two fly ventral nerve 

cords,33,41–44 a cubic millimeter of mouse visual cortex18 and a comparable sample from human 

temporal cortex,45 with many more on the horizon. 

 

 

As datasets are released to the public, the call continues for more: more samples, more 

species, and more data. While the opportunities and analyses from these ever-growing vEM 

datasets seem endless, there are still several significant hurdles that limit both the impact and the 

efficacy of the connectome revolution among the wider scientific community. Building 

connectome maps is still a long and arduous process with many fickle steps that involve lots of 

people and can be financially burdensome if not prohibitive. Briefly, the process of building these 

circuit maps involves: tissue processing, tissue sectioning/milling, imaging, alignment, 

segmentation, and analysis.  While we have made meaningful improvements at each step, efforts 

to optimize workflows, cut costs, facilitate scientific collaboration, and develop frameworks for 

analysis are necessary for this field to reach its fullest potential. 

Figure 1. Growth of published connectome datasets 

in the last 40 years. This dissertation delves into two 

datasets; the millimeter cubed dataset from the mouse 

visual cortex (MICrONS), and the Drosophila female 

adult nerve cord (FANC), (red points). 
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One of the largest bottlenecks in the pipeline today is the manual correction of the 

automated segmentation, a process referred to as proofreading. Proofreading today is a largely 

manual process where expert anatomists follow the neurites of individual cells, adding any 

processes that were missed and removing extraneous processes that had been falsely merged by 

the initial segmentation. Further, some of the most common circuit analyses are dependent on a 

level of cell identification. Many of our current methods for morphologies cell-identification in 

the nervous system rely on near complete reconstructions and thus require proofread cells.46–49  

Tools and methods that could either accelerate proofreading or be impervious to reconstruction 

completeness would greatly advance the accessibility of these datasets. 

To address this hurdle, the first chapter of this dissertation will present a novel framework 

for cell identification that bypasses the need for complete reconstructions, is adaptable to multiple 

cell-typing schemas, and is computational inexpensive to run across petabyte-scale vEM datasets. 

In this chapter I propose an expansion of our current understanding of cell-types by presenting that 

the morphology and connectivity at the cell-body alone contains more cell-type specific 

information than previously appreciated. I emphasize that this is not an assertion for a specific 

definition of cell-type rather a proposed framework for cell identification that can incorporate 

changes as our understanding of cell-types evolve. Ultimately, chapter one is best accompanied by 

a collection of works that utilize the presented method and highlight its applicability for scientific 

discovery.18,50–52 

Utilizing the map 

Just as people must move within the structural bounds of their environment, computations 

in the brain must occur within the structural bounds of neural circuits. In that respect, one of the 

burgeoning impacts of connectomics is the ability to untangle the wiring diagram of a given circuit 
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to form precise and specific functional predictions. The wiring diagram alone does not explain the 

function of a circuit. However, it does limit the search space of possibilities and steer the design 

and prioritization of experiments that can probe function more directly. The dense sampling from 

connectome datasets provides a more holistic lens into the diversity of cell-types within a given 

circuit, the relative abundance of these cell-types, and the connectivity patterns between them. 

Even with the incredible genetic toolkit available in fly neuroscience, it is reported that only 40% 

of cell-types had been described before the fly brain connectome.39,53 As such, studies describing 

the diversity of cells, unique wiring rules, and persistent connectivity features provide a pivotal 

foundation for future findings to build off.33,40,41,44,50–52,54,55  

On its own, a single connectome is a static wiring diagram that represents the circuitry 

from one animal at a single point in time. Scientists have brought these circuits to life through 

theoretical modeling and connectome constrained simulations to contextualize how the 

architecture of a circuit gives rise to specific behaviors. A leaky integrate and fire model 

constrained by connectome of the entire fruit fly brain successfully predicted the activation of 

different sensorimotor pathways in response to well-known odorants. Constrained by circuit 

structure alone, researchers used the model to predict an interaction between sugar and water 

pathways, which they confirmed with calcium and behavioral experiments.56 Other studies  layered 

biophysical processes and other dynamic properties on top of connectome constrained circuits to 

probe how neural activity gives rise to behaviors such as locomotion in C. elegans.57,58 

Furthermore, researchers have developed connectome inspired deep networks that recapitulated 

optic flow in the fruit fly. These models not only reproduced the functional profile of some well-

studied cell types but also provided verifiable predictions for the role for the remaining cell-types 

within the circuit.59 These examples highlight how the intersection of connectomics and theoretical 
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modeling can accelerate the discovery of circuit mechanisms underlying specific neural 

computations and behaviors. 

Alongside the theoretical efforts, experimentalists utilized the connectome to make direct 

connections between the structure of specific circuits and their functional role in cognitive or 

behavioral tasks. The benefit of these comprehensive wiring diagrams is that they minimize the 

theoretical search space, guide hypotheses, and shape experimental designs. The study of fly 

navigation in the central complex has become a quintessential example of this type of research. 

The first comprehensive connectome of the central complex60,61 enabled researchers to model and 

interpret decades of experimental studies on how neurons track the fly’s angular orientation and 

maintain an internal compass,62,63 mechanisms for goal-directed navigation,64 and multisensory 

integration.61 Recent work comparing the central complex across insects has begun to tease apart 

which features of this circuit are conserved across species and how the circuit may have evolved 

to support diverging navigation strategies.65–67 

Leveraging the genetic tools and connectome datasets available in fly neuroscience, 

Chapter 2 explores the underlying mechanisms for spatially targeted behavior in response to tactile 

stimulation. The study reveals how the adult fly leg’s tactile circuit yields specific, testable 

predictions about spatial information transmission. After experimentally validating these 

predictions, I present a four-layer circuit explaining how the tactile circuit enables spatially 

targeted behaviors. In chapter 3, I delve into the chemosensory circuit of the adult fly leg and 

present an alternative circuit structure that maintains spatial information. Despite the stark 

structural differences between the tactile and chemosensory circuits from the leg, I propose a 

framework for how spatial information may still be maintained within the chemosensory system 

and the ethological relevance for such a mapping. 
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Mammalian neocortex contains a highly diverse set of cell types. These types have been 

mapped systematically using a variety of molecular, electrophysiological and morphological 

approaches.1–4  Each modality offers new perspectives on the variation of biological processes 

underlying cell type specialization. Cellular scale electron microscopy (EM) provides dense 

ultrastructural examination and an unbiased perspective into the subcellular organization of brain 

cells, including their synaptic connectivity and nanometer scale morphology. It also presents a clear 

challenge for analysis to identify cell-types in data that contains tens of thousands of neurons, most 

of which have incomplete reconstructions.5  To address this challenge, we present the first systematic 

survey of the somatic region of all cells within a cubic millimeter of cortex using quantitative features 

obtained from EM. This analysis demonstrates a surprising sufficiency of the perisomatic region to 

identify cell-types, including types defined primarily based on their connectivity patterns. We then 

describe how this classification facilitates cell type specific connectivity characterization and locating 

cells with rare connectivity patterns in the dataset. 

https://www.zotero.org/google-docs/?WqHknl
https://www.zotero.org/google-docs/?uBn9AH
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Foreword 

The following manuscript was published in Nature on April 9, 2025 as part of the MICrONS 

Project. To access the online version visit: https://doi.org/10.1038/s41586-024-07765-7.   

Introduction   

  Electron microscopy volumes provide a unique perspective on neural circuits by enabling 

dense tracing of individual axons, dendrites and synaptic connections. Recent progress in data 

acquisition and dense segmentation have dramatically grown the capability to acquire large-scale 

datasets.5–11 The size of these volumes allow for large numbers of cells to be analyzed with 

reconstructions of entire dendrites and local axons of mammalian neurons. However, it raises the 

challenge of accurately classifying tens or hundreds of thousands of cells. Doing so is necessary 

for many basic investigations, from co-registering neurons, to studying specific cell populations 

(including neuronal and non-neuronal cells), or characterizing cell type specific connectivity at 

scale. Just as experimental systems require genetic tools to provide inexpensive access to rare cell 

populations that would otherwise be difficult to study with non-selective techniques, large-scale 

electron microscopy requires computational tools to provide inexpensive access to specific cell 

types to facilitate further analyses. Existing methods for automated cell-typing based on 

morphology or connectivity often necessitate near complete axonal or dendritic 

reconstructions.2,12–14 Such reconstructions require manual correction to the segmentation, often 

referred to as proofreading, which is prohibitively time consuming at scale. This means classifying 

cells based on specific output connectivity profiles is difficult in the dataset. Moreover, after 

proofreading, a single neuron reconstruction contains thousands of synaptic targets to identify 

(Figure 1). A method that could identify cell-types in the dataset in a way that is insensitive to 

https://doi.org/10.1038/s41586-024-07765-7
https://www.zotero.org/google-docs/?T2gYzy
https://www.zotero.org/google-docs/?PFLSvC
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changes in proofreading and truncation is therefore of high utility, both to automate the 

classification of targets and to help guide proofreading to cells that have connectivity patterns of 

interest. 

  Here we describe a fast, scalable and computationally inexpensive approach which can 

address these problems. We first analyzed the somatic region of nearly 100,000 cells in the 

MICrONs dataset,5 a cellular compartment which contains morphological and connectivity based 

biological properties that, as we will present, differentiate cell-types. By analyzing only the 

somatic region of a cell, our analysis was robust to segmentation errors, unique per cell, and thus 

insensitive to most proofreading changes. We included well-established features known to 

differentiate cells, such as somatic size and cortical depth, as well as novel features whose cell-

type distinctions are less well recognized such as nuclear folding and soma synapse density. We 

further developed an unsupervised approach to describe the fine scale morphology of the 

perisomatic region of inhibitory cells, and demonstrate that it varies across major inhibitory 

subclasses. With these features, we address the need for dataset wide cell-type labels outlined 

above, by training a hierarchical classifier to identify basic cell classes across the entire dataset. 

Lastly, we demonstrate the utility of perisomatic features to facilitate the targeted search for rare 

cell types across a dataset. This method is already being used to reveal fundamental aspects of cell 

type specific wiring of mammalian cortex.5,15–17  

https://www.zotero.org/google-docs/?DggZVs
https://www.zotero.org/google-docs/?K0Zfub
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Results 

 

Figure 1: Large-scale automated segmentations necessitate proofreading insensitive cell 
classifications. a) Rendering of a small fraction of neurons from the MICrONS dataset (1.4mm x 800μm x 800μm) 
covering all layers of cortex and multiple visual areas, with 1,207 rendered and then cutaway to reveal the full 
morphology of 2 selected neurons on the right portion of the dataset. b) Example neuronal morphologies before and 
after proofreading, i) excitatory neuron and ii) inhibitory neuron. c) Fraction of input and output synapses removed 
(left), added (middle) and maintained (right) after proofreading for 1,347 neurons. For all box plots, center line, 
median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range; outliers not shown (visible in the 
adjacent scatter plots). d) Neurons near the volume borders will have truncated morphologies. e) i) Histogram of the 
radial extent of dendrites from a sample of 1,347 proofread neurons15 (left) and the cumulative distribution of those 
cells (right). ii) Histogram of the minimum distance from a volume border for all high quality nuclear detections 
(n=94,010) (left) and the cumulative distribution of those distances (right). The portion of cells which are less than 
the median radial extent (33% of cells) is indicated with teal shading and teal lines.   

Quality of Neuronal Arbor Segmentation 

  We analyzed the larger portion of the MICrONS dataset, a 1.4mm x 800μm x 800μm 

volumetric serial section EM dataset from mouse visual cortex,5 that contains a dense segmentation 

of cells, a nucleus segmentation, and dataset wide synapse detection (Fig. 1a).7,18 This dataset 

includes 94,010 high quality nuclear detections enclosed within the boundaries of the volume (see 

methods) and spans cortical Layer 1 to the white matter. For most cells, high quality cellular 

https://www.zotero.org/google-docs/?zsz7ry
https://www.zotero.org/google-docs/?R45gBA
https://www.zotero.org/google-docs/?42iFOq
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segmentation requires proofreading to clean and complete the reconstructions, particularly axons 

(Fig. 1b-c). Most false mergers are of axonal fragments, leading most outputs of unproofread axons 

to be incorrect (Fig. 1c). When axonal proofreading is invested in a cell, it creates an elaborate 

object to analyze with thousands of postsynaptic targets. In order to analyze the cell-type specific 

connectivity pattern of that single reconstructed cell (examples in Fig. 5-6), each of those 

postsynaptic cells requires a cell type label. Dendrites on the other hand are quite precise, as 75-

95% of the 1,000 to 15,000 synapses detected on reconstructed axons can be mapped to their soma 

in the MICrONs dataset with more than 99% accuracy (Fig. 1c). However, many of these targets 

have incomplete reconstructions themselves because even for mm3 scale volumes about a third the 

cells are close enough to the edge to have their dendrites truncated (Fig. 1d-e). This level of 

truncation across cells, whether due to segmentation errors or proximity to the volume border, led 

us to investigate alternative methods for cell-typing that would be insensitive to a cell’s dendritic 

and axonal reconstruction status. 

Perisomatic Features Across Cortical Cells 

  The somatic region of the cell is an attractive location for such a method because the 

automated reconstruction of the somatic region is typically precise and complete, with few changes 

during proofreading, if any (Fig. 2a). Moreover, the soma also has unique biological processes 

occurring within it, which led us to investigate if information within the perisomatic region could 

enable cell classification. 
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Figure 2: Perisomatic region of cortical cells. a) A measure of the distance from the soma for each edit that was 
made to the segmentation during proofreading of 1,347 cells. Average noted by the teal line, area chart notes the 10th 
and 90th percentile across all cells. Arrow notes 15 microns. b) Example cell demonstrating the extent of mesh 
information used to extract somatic, nuclear and synapse features. All cell meshes were restricted to 15 microns from 
the center of the nucleus. c) Representative example of nuclear infolding in a single electron microscopy image. The 
soma is highlighted in gray, black represents the nuclear envelope and orange are the areas classified as infolded based 
on the shrink wrap method (see Methods). d) Example cell demonstrating the extent of mesh information used to 
extract postsynaptic features (left) and three example postsynaptic shapes (PSS) (right). All synapses included in the 
PSS analyses were within 60 microns from the center of the nucleus. e) A 3D rendering of the somatic cutouts from 
all the cells from a 100 micron column that was densely reconstructed for which manual labels were given. Cells 
rendered are organized by their cell class and colored by their cell subclass according to the color scheme displayed. 

  We extracted geometric properties of the nucleus and soma within 15 microns from the 

center of the nucleus (Fig. 2b). For nuclei, this included volume, surface area, and depth from the 

pial surface. The 3D nuclear segmentations provide a detailed view of an interesting feature of 

neuronal nuclei, their tendency to form infoldings of their membranes, sometimes also referred to 

as invaginations. We quantified the fraction of nucleus membrane area that was within an infolding 

(Fig. 2c) (see methods). Similar geometric properties were calculated for the somatic region 

including the total volume, surface area, the ratio of the nucleus volume to the soma volume, and 
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the distance from the centroid of the nucleus to the centroid of the soma. We also measured the 

number and surface density of synaptic inputs detected on the somatic region of the cell. Together 

these somatic and nucleus features represent a feature space that was extracted for most cells (75% 

of nuclei detections, see methods). For a subset of neurons, we also analyzed the nano-scale 

structure of the postsynaptic compartments, what we are terming a “post synaptic shape” (PSS) 

(see methods) within 60µm of the nucleus center (Fig. 2d). 

  We used a densely reconstructed and manually annotated column of 1,619 cells across all 

layers of primary visual cortex as the reference dataset for all subsequent analyses (Fig. 2e) (see 

methods).5,15 This column included excitatory neurons (1,115), inhibitory neurons (143), and non-

neurons (361) with expert annotated labels for cellular classes and neuronal subclasses (Excitatory: 

Layer 2/3, Layer 4, Layer 5 inter-telencephalic (IT), near-projecting (NP) and extra-telencephalic 

(ET), Layer 6 IT and cortico-thalamic (CT) and Inhibitory: Martinotti/non-Martinotti cell (MC), 

Basket cell (BC), Bi-polar cell (BPC) and neurogliaform cell (NGC), Non-neurons: astrocyte, 

oligodendrocyte precursor cell (OPC), oligodendrocyte, microglia, pericyte) (Fig. 2e). While we 

used the above cell-typing scheme throughout our analyses, it should be noted that our approach 

can incorporate alternative labels as cell-type definitions evolve. 

  To investigate the efficacy of different features in separating cells, we plotted the variability 

of individual features and trained classifiers to distinguish cells at different levels of granularity. 

Nucleus features alone were sufficient to separate neurons from non-neuronal cells as non-

neuronal cells had smaller nuclei compared to neuronal cells (cross-validated classification 

accuracy 90%, Extended Data Table 1). Each non-neuronal cell class exhibited a distinct range and 

consistency in their nucleus volume (Fig. 3a.i) and thus a nucleus-only classifier was able to 

identify non-neuronal subclasses with a cross-validated accuracy of 94% (Extended Data Table 1). 

https://www.zotero.org/google-docs/?6NIKAS
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Nucleus features of excitatory neurons recapitulated expected laminar organization, wherein the 

borders between layer 2/3 (L23), layer 4 (L4), layer 5 (L5), and layer 6 (L6) are all demarcated by 

shifts in the distribution and variation of nucleus volumes. (Fig. 3a.i). Inhibitory cells, on the other 

hand, had less striking laminar patterns, but had a wider variation of nucleus volumes, overlapping 

with excitatory cells, with the exception of the larger layer 5 excitatory neurons (Extended Data 

Fig. 1).  

 

Figure 3: Variations of nucleus and somatic features show stark laminar and cell-class based 
distinctions. a) i) Nuclear volume μm3 ii) fraction of nuclear membrane infolded and iii) somatic synapse density 
μm2 plotted against distance from the pial surface in microns. Cortical layer boundaries are noted by the dashed lines. 
b) Somatic surface cutout area in μm2 (within 15µm from the nuclear center) plotted against nuclear volume μm3. c) 
2D UMAP embedding of all neuronal and non-neuronal cells inferred from somatic features, nuclear features and 
cortical depth. d) Z-scored feature matrix representing all the somatic and nuclear features on the manually labeled 
cells from the cortical column. Cells are organized by their annotated subclass. Dashed marks along the x axis denote 
segments of 100 cells (1115 excitatory neurons, 143 inhibitory neurons, 361 non-neurons). For all plots, manually 
labeled cell classes are represented in color (1,619) and unlabeled examples in light gray (n=92,391). e) 3D mesh 
renderings of representative examples of different neuronal and non-neuronal cell classes. In the top row, nuclei 
displayed with the folded surface area highlighted in orange. Corresponding cell bodies displayed in the bottom row 
with somatic synapses in orange. Sphere size corresponds to predicted synapse size from the synapse detection model.5  

 

https://www.zotero.org/google-docs/?kTzlW9
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  The fraction of membrane inside an infolding also varied depending on depth (Fig. 3a.ii, 

3e). Layer 2/3 neurons had smooth nuclear membranes, whereas there was a clear gradient of 

infolding within layer 4. All layer 5 excitatory cells had high degrees of infolding, despite the 

notable diversity of cell types and sizes within that population.19 Infolding dropped again in layer 

6 (Fig. 3a.ii). On the other hand, inhibitory nuclei had 15-30% of their membrane within an 

infolding, regardless of their position within cortex. This made them quite distinct from excitatory 

neurons in layer 1, 2/3, 4 and 6 of cortex, but highly similar to those in layer 5 (Fig. 3a.ii, Extended 

Data Fig. 1). Non-neuronal cells generally did not have infoldings, though microglia, OPCs and 

oligodendrocytes had less spherical and convex shapes (Fig. 3e). Pericytes had the smallest overall 

volumes with shapes dominated by their close apposition to the vascular walls (Fig. 3e). 

  Two features alone, nucleus volume and soma cutout area, revealed a striking separation 

between the major cell classes found in the brain (Fig. 3b). Neurons were separated from all non-

neuronal classes while each non-neuronal subclass occupied distinct portions of this 2-dimensional 

space. The large surface area measurement for astrocytes was explained by the high density of 

their processes near the soma. Moreover, the high prevalence of segmentation mergers of pericytes 

with cortical vasculature resulted in variability in their soma size features as represented by the 

range in soma cutout area (Fig. 3b). Including the somatic features along with the nucleus features, 

we trained a classifier to distinguish neurons, non-neurons and erroneous segmentations from each 

other with a cross validated accuracy of 95.6%, and a classifier on non-neuronal classes with 97.5% 

accuracy (Extended Data Table 1). 

  Excitatory neurons showed a consistent synapse density that varied in a linear fashion with 

depth through the cortical volume. There was a notable increase in variation in layer 5 that 

correlated with the three subclasses found there with ET cells having larger synapse densities, NP 

https://www.zotero.org/google-docs/?gTQG5a
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cells with low synapse densities and IT cells in between (Fig. 3a.iii., 3e). Inhibitory cells had much 

larger density of somatic innervation than excitatory cells, but also have a much wider degree of 

variation, reflecting previously recorded diversity of inhibitory subclasses (Fig. 3a.iii, 3e).18,20–23. 

Classifier accuracy for excitatory subclasses was high (90% Extended Data Table 1), with most 

confusion surrounding IT cells located at laminar borders, general locations expert annotators can 

disagree. Notably, accuracy was high across the layer 5 cell types (99% for NP, 85% for IT, and 

87% for ET). 

  To gain a broader understanding of the perisomatic feature landscape, we computed a low-

dimensional embedding based on both nucleus and somatic features (Fig. 3c). Consistent with the 

diversity observed in individual features, low dimensional embeddings of the feature space across 

all the cells in the dataset (gray, n = 92,391) reflected the variations observed from the manually 

labeled cortical column (cell class colors, n = 1,619 ). Non-neuronal cell classes occupied distinct 

areas of the feature space whereas excitatory neurons were primarily organized by cortical layers 

(Extended Data Fig. 1). Inhibitory neurons were largely restricted to distinct clusters within this 

space, with some cells overlapping with cortical layer 5 cells due to the increase in nuclear 

infolding in those excitatory neurons. Although there were broad differences in the nucleus and 

somatic features between the major interneuron subclasses (accuracy of 90%) (Fig, 3d, Extended 

Data Table 1), upon inspection, it was clear that the ultrastructure the perisomatic regions of 

inhibitory neuron was diverse in ways that the soma and nucleus features did not capture (Fig.4a).  

https://www.zotero.org/google-docs/?wz760q
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Figure 4: Post Synaptic Shape (PSS) Features. a) Inhibitory neurons elicit large variability in ultrastructural 
morphology. b) Procedure for building a PSS dictionary model. The set of shapes is used to train a PointNet 
autoencoder which learns a latent feature vector of a fixed size (1024). This autoencoder is then applied to all shapes 
in the dictionary to generate a set of latent feature vectors. K-means with K = 30 is applied to this to obtain a set of 
cluster centers for binning the shapes. c) For each cell, the PSS are binned by shape type and distance from the soma 
(4 bins) from 0 - 60 microns with 15 micron bin sizes. The resulting histogram is a 2D histogram shown above with 
the shapes in the x direction and distances in the y direction. d) Examples of 60 micron cutouts of the 4 predicted 
inhibitory subclasses with their spatial histograms shown as heatmaps. The top row shows the shape of the cluster 
center of each of the 30 clusters. In each heat map, darker boxes indicate higher values. e) Z-scored feature matrix 
representing the distance binned PSS features on the manually labeled inhibitory cells from the cortical column 
(n=143). Cells are organized by their annotated subclass. Dashed marks along the x axis denote segments of 100 cells 
f) 2D UMAP of all the inhibitory neurons (n=6,805) inferred after concatenating nucleus, soma and PSS features, 
cortical column cells in color and dataset wide inhibitory neurons in gray.  

Proximal PSSs Across Inhibitory Neurons 

  Proximal inhibitory branches varied in caliber and surface texture, from smooth and 

uniform to covered in small spine-like protrusions (Fig. 4a). To take advantage of this, we 

developed a method to summarize these fine shape statistics of the proximal arbor.24 We used the 

automated synapse detections to identify areas on the dendrites where changes in fine structure 

(e.g. spines) may occur. This approach gave us the added advantage of combining information 

https://www.zotero.org/google-docs/?ffQXtN
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about synaptic innervation with the fine morphological structure of the postsynaptic neuron 

surrounding any given synapse.  

  We computationally segmented the compartment on the postsynaptic side of each synapse, 

which we refer to as the “Post Synaptic Shape” (PSS).24 This shape, computed as a variable sized 

mesh, represented either a portion of the soma, the shaft of a dendrite, or a spiny protrusion, though 

it could also be an axon or axon-initial segment. To model the diversity of these shapes, we needed 

to be able to quantitatively compare them. We therefore trained a PointNet auto-encoder that 

allowed us to generate a fixed size representation of each shape (Fig. 4b).  

  To measure the distribution of shapes present in a cell, we collected 236,000 PSSs from a 

variety of neurons and applied a two dimensional reduction in order to visualize their distribution. 

This resulted in a continuous latent space where PSS objects of similar morphological character 

were closer together (Extended Data Fig. 2). We summarized this PSS space into a 30 dimensional 

histogram using k-means, to describe the distribution of shapes within a cell (see methods).  

  We observed that the location of the PSS could further distinguish between cells. For 

example, while spiny protrusions were most often found on the dendrites of cells, some cells also 

had them on the soma (Fig. 4a, Extended Data Fig. 3). Therefore, we took a second step to 

summarize a cell’s distribution of PSSs by adding distance from the nucleus center. For distance 

binning we used four 15 micron bins between 0 to 60 microns from the soma (see methods). 

Combining the shape and distance binning resulted in a 120 dimensional spatial shape histogram 

(Fig. 4c), that summarizes information about the spatial organization of dendritic shapes and 

synapse densities near the soma, similar to a multi-dimensional Sholl analysis.25 There were clear 

visual differences in the spatial histograms of different cell types (Fig. 4d-e, Extended Data Fig. 

3). For example, a Martinotti cell had a greater density of synapses onto small protrusions on its 

https://www.zotero.org/google-docs/?oQ6hQf
https://www.zotero.org/google-docs/?JfBuet
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proximal dendrites than the basket or bipolar cell, but similar numbers to the neurogliaform cell. 

However, the neurogliaform cell had very few synapses on its soma, whereas the Martinotti has 

many, both onto smaller protrusions and smoother compartments of its somatic compartment (Fig. 

4d).  

  We extracted these features on the vast majority of putative inhibitory neurons in the dataset 

(as predicted by perisomatic features, see methods). Appending these features to the soma features 

increased accuracy of the inhibitory subclass classifier to 94% (Extended Data Table 1). This was 

also reflected in the 2D UMAP embedding where inhibitory subclasses were more separable (Fig. 

4f). 

Dataset Wide Classification 

  To enable dataset wide classification, we developed a hierarchical model that used a 

cascade of classifiers to sort cells at increasingly finer distinctions. Classifiers were integrated into 

a comprehensive model where individual cells are sorted down the hierarchical tree (Fig. 5a). We 

utilized our collection of classification models (support vector machines or multilayer perceptrons) 

on different feature sets: 1 - nucleus only, 2 - nucleus and soma, 3 - nucleus, soma and PSS and 

found an optimal combination of classifiers which predicted cell types labeled within the column 

with an overall accuracy of 91% (Fig. 5b, Extended Data Table 1).  All classifiers were trained 

using the labels from the manually labeled cortical column (see methods for more detail). Notably, 

this provided classifications for 88% of the cellular objects in the dataset (94,010/106,761 cells). 

To further validate this classification, we randomly sampled 100 cells from each subclass predicted 

by the hierarchical model and had anatomical experts assess the labels (Extended Data Fig. 4). For 

many classes, the average classification in this validation was consistent with performance 

accuracy within the column. The lower validation accuracy in the inhibitory subclasses as well as 
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5P-ET and 5P-NP was related to the sparse sample sizes in the training data from the column. The 

largest single confusion between types here was between adjacent layers of similar pyramidal 

classes, where strict laminar boundaries separating manual classes is less confident. This 

demonstrates that these features are indeed useful for separating cell-types based on local somatic 

reconstructions of cortical cells, consistent with the structure of the low dimensional embedding 

(Fig. 5c). Furthermore, predictions of cell density and overall cell counts per subclass across the 

dataset (Extended Data Fig. 5) corroborate the sampling rates we would expect from previous 

studies.26–29  Importantly, this approach can be adapted to accommodate new cell-type labels 

derived from more detailed or expansive studies of the dataset, creating a scalable platform for 

extending labels derived on smaller numbers of cells to dataset wide coverage. For example, we 

have trained models based on the unsupervised clustering labels of morphological and connectivity 

properties of the same column cells as described in Schneider-Mizell 2023 (Extended Data Fig. 

6).  

 

https://www.zotero.org/google-docs/?I41OZ0
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Figure 5: Hierarchical predictions enable dataset wide circuit analyses. a) Diagram of the hierarchical 
model framework used to predict neuronal and non-neuronal subclasses using a set of 5 classifiers. Nucleus and soma 
features alone were used for models 1-4. PSS features were added to predict inhibitory subclasses in model 5 
(Extended Data Table 1). b) Confusion matrix of the cross validation performance for all cells within the manually 
labeled column. Note  that classifiers for excitatory neurons, inhibitory neurons, and non-neurons were trained 
separately (Models 2,4,5 in panel a). The confusion rate between these classes can be seen in Extended Data Fig. 4. 
c) 2D UMAP embedding inferred from depth, nucleus, and soma features of all cells in the dataset colored by the 
hierarchical model predictions. d) i) 2D rendering of a representative 23P cell morphology, dendrite in black and axon 
in gray. Points represent the somatic position of all downstream target cells colored by the hierarchical model 
subclass prediction. ii) synapse count iii) total synapse area and iv) number of synapses per connection displayed by 
the model predicted subclasses illustrating the local targeting profile of this individual cell. e) Similar information as 
in d but for an inhibitory bipolar cell that is predicted to preferentially target basket cells. This unique population of 
bipolar cells has been further characterized in Schneider-Mizell 2023. For all box plots, center line, median; box limits, 
upper and lower quartiles; whiskers, 1.5x interquartile range, outliers shown.  

  Dataset wide classifications enable a range of subsequent analyses. The typical axon of a 

well-proofread neuron has hundreds or thousands of postsynaptic targets.5 To quantify the cell-

type specific connectivity of such cells, each of those targets should have a cell-type label. Doing 

so manually is a practical bottleneck in analyzing these data. With these predictions, scientists can 

analyze the most numerous postsynaptic targets, the weight of these synapses with respect to 

predicted synapse area, and the number of synapses between proofread cells and cell subclasses 

across thousands of synapses (Fig. 5d-e). For example, a given layer 2/3 pyramidal neuron made 

the most synapses onto other 23P neurons (Fig. 5d). However, when we looked at the total 

predicted synapse size, 5P-ET neurons receive some of the largest average synapses. On the other 

hand, some examples were more surprising than this 23P cell. For example, bipolar cells (which 

largely overlap with a VIP subclass) have been described as the only disinhibitory specialist 

interneuron class, and are described as making synapses primarily onto SST cells (which are 

thought to overlap with the Martinotti Cell definition used here).30–33 Although the dataset contains 

cells consistent with that view, a companion study on extensively proofread cells identified a 

collection of disinhibitory multipolar neurons which exhibit strong targeting preferences for basket 

https://www.zotero.org/google-docs/?CIyGfm
https://www.zotero.org/google-docs/?z0cLdq
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cells.15 This unique connectivity profile is observed in the dataset wide classifications as well (Fig. 

5e). 

Efficient Search For Rare Cells  

  Studying the connectivity patterns of cell types requires identifying many example cells of 

a particular connectivity profile. With more than 70,000 neurons sampled across a millimeter scale 

there should be many examples of any individual cell type. However, locating those examples can 

be challenging for rare subclasses because of their infrequent appearance and the need for axonal 

proofreading in order to use connectivity to suggest their subclass.    

 

Figure 6: Perisomatic feature space enables more efficient search for unique cells. a) 2D UMAP 
embedding highlighting a chandelier cell (orange dot), a 5P-NP targeting cell (blue dot), and their respective 20 nearest 
neighbors (+) in the perisomatic feature space. Note: UMAP non-linearly distorts feature space, so not all nearest 
neighbors appear closest in the plot. b) Example proofread chandelier cell in L23 (dendrite in black, axon in gray). 
Output synapses marked along the axon and colored by subclass prediction. Note the characteristic vertical chains of 
synapses onto 23P cells. c) Chandelier cells are characterized by their preference to synapse onto the axon initial 
segment (AIS) of target cells.34,35 Here quantified by measuring the angle between the target soma and the synapse 
(ɸ) and the distance from the soma (r). d) Heatmap illustrating the angle and distance distribution of the chandelier 
cell shown in b as well as two non Chandelier inhibitory examples. Color denotes the normalized synapse density for 

https://www.zotero.org/google-docs/?TlKPOU
https://www.zotero.org/google-docs/?TG21je
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each cell. Synapses that had an angle >160° were considered onto the AIS of the target cell (shown by the dotted line). 
e) Angular distribution histogram of the chandelier cell (top row), 20 nearest neighbors in the perisomatic feature 
space, and 20 random inhibitory cells  (p<0.00001). f) Example cell that preferentially targets rare 5P-NP subclass 
(dendrite in black, axon in gray), points represent target cell soma locations colored by predicted subclass. Output 
synapse counts reflect strong preference to 5P-NP cells. For all box plots, center line, median; box limits, upper and 
lower quartiles; whiskers, 1.5x interquartile range, outliers shown. g) Fraction of output connectivity onto neuronal 
subclasses of the 5P-NP targeting cell (top row), 20 nearest neighbors in the perisomatic feature space, and 20 random 
inhibitory cells (p<0.00001). All p-values reported and asterisks note significance by two-tailed Fisher Exact Test. 

  Given that the major inhibitory neuron subclasses differ in their connectivity profiles, we 

already had some evidence that connectivity profile correlates with the perisomatic features we 

extracted (Fig. 4e), but we conjectured they could be useful for finding rarer types with specific 

connectivity patterns for which we did not yet have labels. One well known rare cell type in mouse 

visual cortex is the chandelier cell, which synapses onto the axon initial segment (AIS) of 

excitatory neurons.20,34–38 We used a single proofread chandelier cell to see if we could facilitate 

finding other cells like it using the perisomatic features. We selected the top 20 nearest neighbors 

of the perisomatic feature space (Fig. 6a) and assessed what fraction of them were chandelier cells 

based on their connectivity profiles after cleaning them of false mergers and modest axonal 

extension (see methods). The chandelier cell’s connectivity profile is easy to recognize, both from 

its morphology where it makes vertical strings of synapses (Fig. 6b), and the unique targeting of 

synapses onto axon initial segment (AIS) of excitatory neurons.  Because the AIS is located just 

below the soma of excitatory cells in the cortex, the angular distribution of synapses relative to 

somatic targets can be used as a spatial proxy for AIS targeting (Fig. 6c-d). A histogram of the 

angular distribution of synapses relative to the target soma demonstrates that 16 of 20 the nearest 

neighbor cells have connectivities consistent with chandelier cells (Fig. 6d-e). In contrast, none of 

the 20 random interneurons we sampled from the inhibitory neurons in the dataset, or any of the 

143 interneurons sampled in the column were chandelier cells, reflecting a significant enrichment 

(p<0.00001 by two-tailed Fisher exact test). Based on this success, we tried to find more examples 

https://www.zotero.org/google-docs/?yRqvDT
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of cells with a less well known connectivity profile. We selected an undescribed but proofread 

interneuron which made the majority of its synapses in layer 5 onto 5P-NP neurons, despite those 

pyramidal neurons themselves being rare and with few input synapses (Fig. 6f).39 Picking the top 

20 nearest neighbors of this cell, we found 13 cells which made at least 30% of their synaptic 

targets onto 5P-NP cells (based on classifier predictions). This stands in contrast to 0 of the 20 

random interneurons we sampled, or 2 cells of the other 143 sampled in the column, again a 

significant enrichment (p<0.00001) (Fig. 6g). This application demonstrates how these perisomatic 

features can facilitate the search of rare cell types in the cortex.     

Discussion 

  Our analysis of the perisomatic region of cells in the mouse visual cortex demonstrates that 

a surprising amount of cell-type information can be extracted from the somatic regions of brain 

cells. Our approach has already been used to characterize the connectivity of distinct types of layer 

5 Martinotti cells,16 the inter-related connectivity motifs of layer 5 thick tufted cells (5P-ET) and 

the surrounding inhibitory sub-network,17 and to confirm the connectivity profiles of interneurons 

outside the manually labeled column.15  Future work in this dataset and others will leverage 

iterations of dataset wide cell classifiers to discover novel aspects of cell-type specific wiring of 

cortical circuits. Other cell classification approaches have been applied to this dataset, including 

unsupervised clustering of morphological features, and supervised approaches based on 

morphological graphs.40,41 All these approaches have focused on smaller subsets of the data that 

contained higher quality or complete reconstructions, reducing their effective coverage in the 

datasets to less than half the cells.   
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  The breadth of cells in large-scale electron microscopy data makes it an attractive modality 

to study cell-types. Our approach provides an example of how computational methods are an 

important practical tool for directing study to small subsets of cells within large datasets. This is 

particularly clear within diverse and rare inhibitory cells (Fig. 5-6), but similar questions arise 

among glial sub-types. One such example is the difference between OPCs and premyelinating 

oligodendrocyte cells which are thought to be differentiated OPCs that are in transitional states to 

oligodendrocytes.42 The structural diversity of cells predicted as OPCs within the low dimensional 

embedding space (Fig. 5c) suggests that searching within the perisomatic feature space, as 

illustrated in Fig. 6, could be used to facilitate scientific discovery across brain cell types. More 

broadly, some of the features described here can be measured with other techniques, such as x-ray 

tomography or light microscopy, and can be used to distinguish cells into different subclasses in a 

manner similar to what has been presented here.  

  Many studies of anatomical diversity of cortical cells have focused on the diversity of 

dendritic and somatic morphologies, axonal projection patterns, and synaptic connectivity 

patterns.3,4,21,43 Fewer studies have focused on differences of somas,44–46 particularly quantitative 

studies of the 3D ultrastructure of the soma with large single cell sample sizes across all layers of 

cortex. Laminar differences in cell body size distributions are well known, and serve as the basis 

for cyto-architectural definitions of layers, which corresponds with shifts in cell-type distributions, 

specifically excitatory ones.47 For example, pyramidal Layer 5 ET projection neurons are 

characterized by their large somas. This likely reflects differing demands for gene expression and 

metabolic load.48 Also, 5P-NP neurons have been recognized before as having smaller rounder 

somas on average.39,49 Further, anecdotal descriptions of variations in nucleus in-folding have been 

reported, though only in two dimensions within a narrower range of types.50,51 Intriguingly, 

https://www.zotero.org/google-docs/?WL8S4V
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differences in nucleus infoldings have been reported to be modulated by activity in some brain 

areas.52 The results we present here not only corroborate the variability of these features across 

cells but suggest that the perisomatic region holds greater cell-type specific information than 

previously recognized. 

  There are a few limitations to this work that should be kept in mind when interpreting its 

results.  Our most detailed analysis has only been completed on one dataset which comes from a 

single animal. That said, some patterns are consistent with what was found in smaller published 

dataset from layer 2/3,18,20,53 and the basic patterns found in these features across mouse visual 

cortex are reproduced in a second smaller dataset (Extended Data Fig. 7). Our approach is not the 

final word in cell-type predictions in this dataset, or large-scale EM in general, and there are a 

number of dimensions of potential improvement. Further, cell-type labels will continue to evolve 

as more cells are classified by either human experts or quantitative methods with increasing 

specificity and sophistication. In particular, our validation results are consistent with there being a 

larger diversity of inhibitory cells than exist within the column thus expanding the number of class 

labels could improve performance. However, we think the dataset wide framework we have 

presented here will continue to be valuable, as we expect any new labels to only be available for a 

subset of cells. Finally, this model does not use all the information present at the soma of neurons. 

For example, the detailed ultrastructure visible in the imagery is not fully utilized.  Other methods 

have utilized the underlying imagery of cells to distinguish cell types, either through detection of 

more subcellular organelles like cilia or by using imagery more directly to define abstract 

embeddings.54–56  

  Beyond the somatic region, there are a large variety of studies have shown how local 

features visible in the ultrastructure contain information that encode information about cell types, 

https://www.zotero.org/google-docs/?0X5eWD
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including neurotransmitters of fly synapses, identity of neuromodulatory axons, or cutouts of local 

dendrite and axons.54,57 These results all support the view that large-scale quantitative 

measurements of ultrastructure provides a rich basis for identifying cellular properties of cells. The 

efficacy of these approaches provides a roadmap for how to develop a scalable platform for 

leveraging local features of cells to infer cell-type classifications. Beyond neuroscience, this 

approach illustrates how large-scale ultrastructural imaging of cells can facilitate the study of 

diverse and rare cell populations if paired with appropriate quantitative analysis.  
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Methods 

MICrONS Dataset 

  This dataset consists of a 1.4mm x 800µm x 800µm volumetric serial section EM dataset 

from mouse visual cortex of a male P87 mouse. The dataset covers all layers of cortex and spanning 

primary visual cortex and two higher visual areas. The dataset has been described in detail 

elsewhere.5 Briefly, two photon imaging was performed on the mouse, which was subsequently 

prepared for electron microscopy. The specimen was then sectioned and imaged using transmission 

electron microscopy.6 The images were then stitched, aligned, and processed through a deep 

learning segmentation algorithm, followed by manual proofreading.5–7,15  

Cortical Column 

  In this manuscript we leveraged proofreading and labels that were done as part of a separate 

study of a 100µm columnar region of primary visual cortex within the larger dataset.15 For clarity 

to the reader and completeness we are repeating some aspects of the methods that define that 

column here.   

Column Selection:  

  The column borders were found by manually identifying a region in the primary visual 

cortex that was as far as possible from both the volume boundaries and the boundaries with higher 

order visual areas. A 100 x 100 µm box was placed on layer 2/3 and was extended along the y axis 

of the dataset. While analyzing the data, it was observed that deep layer neurons had apical 

dendrites that were not oriented along the most direct pia-to-white-matter direction, and thus 

adapted the definition of the column to accommodate these curved neuronal streamlines. Using a 

https://www.zotero.org/google-docs/?yZGJfQ
https://www.zotero.org/google-docs/?1hmxl3
https://www.zotero.org/google-docs/?aWmXHh
https://www.zotero.org/google-docs/?t4Umb7
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collection of layer 5 ET cells, points were placed along the apical dendrite to the cell body and 

then along the primary descending axon towards white matter. The slant angle was computed as 

two piecewise linear segments, one along the cortical depth to lower layer 5 where little slant was 

observed, and one along the direction defined by the vector averaged direction of the labeled axons.  

  Using these boundaries and nucleus centroids,5 all cells were identified inside the columnar 

volume. Coarse cell classes (excitatory, inhibitory, and non-neuronal) were assigned based on brief 

manual examination and rechecked by subsequent proofreading and confusion with early versions 

of the classifiers described here.  To facilitate concurrent analysis and proofreading, all false 

merges were split connecting any column neurons to other cells (as defined by detected nuclei) 

before continuing with other work. 

Proofreading:  

  Proofreading was performed by five expert neuroanatomists using the Connectome 

Annotation Versioning Engine58,59 and a modified version of Neuroglancer.60 Proofreading was 

aided by on-demand highlighting of branch points and tips on user-defined regions of a neuron 

based on rapid skeletonization (https://github.com/AllenInstitute/Guidebook). This approach 

quickly directed proofreader attention to potential false merges and locations for extension, as well 

as allowed a clear record of regions of an arbor that had been evaluated. 

  For dendrites, all branch points were checked for correctness and all tips to see if they could 

be extended. 

  False merges of simple axon fragments onto dendrites were often not corrected in the raw 

data, since they could be computationally filtered for analysis after skeletonization (see below). 

https://www.zotero.org/google-docs/?emjmIm
https://www.zotero.org/google-docs/?KTbJ4I
https://www.zotero.org/google-docs/?aZjdpe
https://github.com/AllenInstitute/Guidebook
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Detached spine heads were not comprehensively proofread, and previous estimates place the rate 

of detachment at approximately 10-15%.  

  For inhibitory axons, axons were "cleaned" of false merges by looking at all branch points. 

Axonal tips were extended until either their biological completion or data ambiguities, particularly 

emphasizing all thick branches or tips that were well-suited to project to new laminar regions. For 

axons with many thousand synaptic outputs, some but not all tips were followed to completion 

once major branches were cleaned and established. For smaller neurons, particularly those with 

bipolar or multipolar morphology, most tips were extended to the point of completion or ambiguity. 

Axon proofreading time differed significantly by cell type not only because of differential total 

axon length, but axon thickness differences that resulted in differential quality of auto 

segmentations, with thicker axons being of higher initial quality. Typically, inhibitory axon 

cleaning and extension took 3-10 hours per neuron.Expert neuroanatomists further labeled 

excitatory and inhibitory neurons into subclasses. Layer definitions were based on considerations 

of both cell body density (in analogy with nuclear staining) supplemented by identifying kinks in 

the depth distribution of nucleus size near expected layer boundaries. 

Cell Labeling:  

  For excitatory neurons, the categories used were: Layer 2/3-IT, Layer 4-IT, Layer 5-IT, 

Layer 5-ET, Layer 5-NP, Layer 6-IT, and Layer 6-CT cells. Layer 2/3 and upper Layer 4 cells were 

defined on the basis of dendritic morphology and cell body depth. Layer 5 cells were similarly 

defined by cell body depth, with projection subclasses distinguished by dendritic morphology 

following Gouwens, Sorenson, and Berg2 and classical descriptions of thick (ET) and thin-tufted 

(IT) cells. Layer 5 ET cells had thick apical dendrites, large cell bodies, numerous spines, a 

pronounced apical tuft, and deeper ET cells had many oblique dendrites. Layer 5 IT cells had more 

https://www.zotero.org/google-docs/?aFX87Y
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slender apical dendrites and smaller tufts, fewer spines, and fewer dendritic branches overall. 

Layer 5 NP cells corresponded to the "Spiny 10" subclass described in Gouwens, Sorenson, and 

Berg; these cells had few basal dendritic branches, each very long and with few spines or 

intermediate branch points. Layer 6 neurons were defined by cell body depth, but only some cells 

were able to be labeled as IT or CT by human experts. Layer 6 pyramidal cells with stellate 

dendritic morphology, inverted apical dendrites, or wide dendritic arbors were classified as IT 

cells. Layer 6 pyramidal cells with small and narrow basal dendrites, an apical dendrite ascending 

to Layer 4 or Layer 1, and a myelinated primary axon projecting into white matter were labeled as 

CT cells.  

  Basket cells were recognized as cells which made more than 20% of their synaptic inputs 

onto the soma or proximal dendrites of cells. Neurogliaform cells were recognized by having a 

low density of output synapses, and boutons that had often had synaptic vesicles but no post-

synaptic structures. Bipolar cells were labeled by having only 2 or 3 primary dendrites, and 

primarily making synapses with other inhibitory neurons.  Note, the Martinotti/non-Martinotti 

subclass label was given to cells that have previously been described in the literature to primarily 

target the distal dendrites of excitatory neurons without exhibiting hallmark features of bi-polar or 

neurogliaform cells. 

  Due to high levels of proofreading in the column, there were very few errors thus the 

training set was augmented with manually labeled errors from the entire dataset. 

Proofreading and Truncation Analysis  

  For every proofread cell in the cortical column (described above) we compared the cellular 

volume of the initial reconstruction from the automated segmentation to the cleaned and completed 
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reconstruction. To measure the precision connectivity for each cell we noted the number of 

synapses that got removed with proofreading, the number of synapses that were added, and the 

number of synapses that were maintained with each cell before and after proofreading.  

  To estimate the likelihood of truncation, we measured the distribution of dendritic extents 

from the proofread column cells. For each cell we measured the radial distance of each input 

synapse from the cell’s soma. The radial extent of a given cell was considered the distance of the 

97th percentile input synapse. From this distribution we used the median value of 121 microns as 

a threshold for dendritic truncation, although closer to 250 microns would be required to guarantee 

no truncation for any cell. For the rest of the cells in the dataset, we measured the distance of the 

soma from the volume borders in x and z. The overlap in these distributions relates to the 

probability of truncation, leading to our conclusion that roughly one third of the cells have some 

degree of dendritic truncation. 

Generating Nucleus and Soma Features 

  We analyzed nuclei using the results of a deep neural network segmentation,5 extracted the 

mesh using marching cubes and obtained the largest component of the detected mesh. Nuclear 

features were then extracted on the remaining meshes. These features included, nucleus volume, 

nucleus area, the area to volume ratio, nucleus surface area within an infolding, the fraction of the 

total surface area within an infolding, and cortical depth (measured as the distance from the pial 

surface). Nucleus fold features were extracted by creating a shrink wrapped47 mesh for each 

nucleus mesh. We then calculated the distance of each vertex on the nucleus mesh from the shrink-

wrapped mesh. After visual inspection of cells across all the reported subclasses, any vertex further 

than 150 nm was considered within an infolding.  

https://www.zotero.org/google-docs/?SngPzP
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  For each nucleus detection the somatic compartment was identified as the ID in the 

segmentation which surrounded >80% of the nucleus. Somatic segmentations (downloaded at 

64x64x40 nm resolution) went through a heuristic cleaning procedure to remove missing slices of 

data and incorrectly merged fragments. Since each soma was matched to its corresponding nucleus, 

15 microns surrounding the nucleus' center of mass was cut out from the dense segmentation and 

converted into a binary mask. 15 microns was chosen due to the high quality of the segmentation 

(Fig. 2a) and it was large enough to encompass the entire soma of all cells from the smallest glial 

cell to the largest 5P-ET neuron. Binary dilation by 5 voxels in 3d was performed, followed by 

filling of all holes, and then binary erosion of 3 voxels. The resulting binary mask was meshed 

using marching cubes and connected component analysis was run on the result. 5 voxels was 

deemed an appropriate dilation to remove merged fragments without creating additional holes in 

the mesh. The largest connected component mesh was retained, and any disconnected components 

were dropped. Somatic features were extracted for all nuclear detections that were not cut off by 

the volume boundary (see Filtering procedure). These somatic features included soma area, soma 

volume, the area to volume ratio, the number of synapses on the somatic cutout, and the soma 

synapse density. Using both the somatic and nucleus meshes, we calculated the ratio between the 

nucleus volume and soma volume and the offset between the two, measured as the euclidean 

distance between nuclear center of mass and soma center of mass.  

Filtering procedure:  

  There were 133,580 nuclear detections in the dataset and the filtering procedure consisted 

of three steps. Firstly, any detected objects less than 25µm3 were filtered out as errors as these 

largely consisted of small fragments of nucleoli. Second, after identifying the segment IDs within 

a 15μm bounding box around each nucleus, if over 20% of these IDs corresponded to error ID 0, 
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they were filtered out. The majority of these error cases were cells close to the volume border or 

areas in the volume with higher segmentation errors such as those near blood vessels. Thirdly, cells 

that were predicted as errors based on the object classifier of the hierarchical model described 

below (Fig. 5a) were also removed from analysis. This resulted in a final set of 94,010 cells, 

neuronal and non-neuronal. 

Feature normalization:  

  Due to differences in section thickness during sample preparation, we noticed abrupt shifts 

in nucleus and soma size features along the sectioning axis (Z plane). This presumably is due to 

changes in section thickness across the dataset. To account for these abrupt and systematic shifts 

we binned the entire dataset by the longest length scale for which there didn’t appear to be 

systematic shifts in the distribution in the z plane (800 nm) and normalized each feature value by 

the average within each Z bin.  

  For 2D UMAP embeddings and training of the classifiers it was important to place all 

features in approximately similar scales. For this reason, we independently Z-scored each feature 

across all cells and used that as the input for classifier training as well as the UMAP embeddings 

in Fig. 3-6.  

Generating PSS Features 

  Around each synapse, we extracted a 3500 nm region to obtain the synapse region mesh. 

We experimented with region cutouts between 1000 to 5000 nm, however smaller cutouts led to 

ambiguities in the main shaft identification and thereby produced errors in the subsequent 

skeletonization. At 3500 nm the skeletons were more stable and segmenting as expected. This 

mesh was then segmented using the CGAL surface segmentation algorithm61 which splits regions 

https://www.zotero.org/google-docs/?w6h5BE
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based on differences in thickness. We adapted our previously developed method24 to identify the 

PSS region by using a local skeleton calculated from the synapse region mesh, rather than a 

precomputed whole cell mesh. This allowed us to adapt this method for cells in the dataset without 

the need for proofreading.  

  Given a cell for which all PSS have been extracted within a 60 micron radius from the 

nucleus center, the objective was to build a descriptor that encapsulates the various properties of 

the PSS.  In particular, we aim to capture two of these properties: the type of shape of the PSS and 

the distance of the PSS from the soma. Moreover, since different cells can have different numbers 

of shapes (synapses), we needed a fixed size representation for each cell. To capture shape 

information, a dictionary of all shape types was built using a dictionary dataset from 236,000 PSSs 

from a variety of neurons.24 These shapes were rotationally normalized and used to train a pointnet 

autoencoder62 to learn a latent representation of size 1024. The high dimensional latent space 

spanning all these shapes is a continuous space (Extended Data Fig. 3) which was used to generate 

a Bag of Words model30 for the shapes. To ensure we were sampling the entire embedding space, 

we performed K-means clustering with K=30 to estimate cluster centers. We manually re-ordered 

the bin centers for visualization purposes from shapes representing small spines, to those 

representing longer spines, to dendritic shafts of different shapes, and finally somatic 

compartments. The top row of Fig. 4c shows the shape in the dictionary that is closest to each of 

these cluster centers. For distance from the soma, we split the 60 micron radius around the nucleus 

center  into four 15 micron radial bins (Fig. 4c). All PSS were then binned according to their shape 

and distance properties to generate a histogram of counts. Initially we extracted PSS from within 

120 micron radius. However, upon inspection of the normalized histograms and the 2D UMAP 

embedding space, the additional radial bins did not increase our differentiability and did increase 

https://www.zotero.org/google-docs/?2XksJf
https://www.zotero.org/google-docs/?LlAUsr
https://www.zotero.org/google-docs/?XZaeWt
https://www.zotero.org/google-docs/?ABbNAJ
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truncation effects near the dataset thus we reduced the radius to 60 microns. Finally, this histogram 

was Z-scored and then added to the rest of the features as input to classifiers and the UMAP 

embedding Fig. 4 and Fig. 6. 

Hierarchical Model Training and Validation 

Hierarchical Framework:  

  We defined an object as the segmentation associated with a predicted nucleus5 from which 

nucleus, soma, and PSS features could be extracted. A hierarchical framework was designed to 

predict the cell type of any such object (Fig. 5c). To begin, there were 106,761 nuclear 

segmentations that passed the first two filters described above (see filtering procedure). The first 

level in the hierarchy predicted whether an object was a neuron (72,158), non-neuron (21,856), or 

an error (12,751). All objects predicted as errors were excluded from all subsequent analyses 

except for the hierarchical model evaluation. Non-neuronal cells were then classified as one of the 

following: astrocyte (7,850), microglia (2,638), oligodendrocyte (7,020), oligodendrocyte 

precursor cells (OPC) (1,703), or pericyte (2,645). For neurons, cells were predicted as either 

excitatory (64,195) or inhibitory (7,963) followed by a separate subclass classifier for each class 

type. Excitatory subclasses: Layer 2/3 pyramidal (19,735), Layer 4 pyramidal (14,777), Layer 5 

IT (7,949), Layer 5 ET (2,215), Layer 5 near projecting (NP) pyramidal (970), Layer 6 IT (11,734), 

Layer 6 CT pyramidal (6,815). After extracting PSS features from all predicted inhibitory neurons, 

a subset of neurons (n=1,158) that were actually excitatory clearly separated from the rest of the 

cells in the perisomatic feature space (with PSS features). This was expected due to known 

differences in proximal dendrite morphology between inhibitory and excitatory neurons. These 

neurons were then passed through the excitatory neuron classifier and labeled as excitatory for all 

subsequent analyses with a final set of 6,805 inhibitory cells with the following subclass counts: 

https://www.zotero.org/google-docs/?Sig7DL
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Basket cells (3,239), Bipolar cells (997), Martinotti/non-Martinotti cells (1,992), and 

Neurogliaform cells (571). 

Training: 

  Soma and nucleus features were extracted from the 3D mesh of all objects and PSS features 

were extracted for all neurons predicted as inhibitory. For each level of the hierarchy, multiple 

classifiers were trained using either nucleus only, nucleus and soma features, or nucleus, soma, 

and PSS features. Within each level of the hierarchy, classifiers were trained using the cells and 

labels from the manually annotated cortical column. Due to the sparsity of some of the cell classes, 

we augmented the training set in the following ways: 470 errors were added from within and 

around the column for the object model, 11 proofread 5P-NP cells and 250 proofread 5P-ET cells 

were added to train the excitatory subclass model.  

  For each classifier, model type was chosen using a randomized grid search for the following 

models: Support Vector Machine SVM with a linear kernel, SVM with a radial basis function 

kernel, Nearest Neighbors, Random Forest Classifier, Decision Tree and Neural Network. For each 

type, 50 models were trained with varying parameters and the top performing model was chosen. 

Individual models were further optimized using 10-fold cross validation evaluated based on 

accuracy and F1 score (a measure for precision and recall). Training, and test examples were held 

consistent across models for direct performance comparison within each level. 

Model Performance and Validation: 

  The hierarchical model was defined as the sequential combination of the best performing 

classifiers at each level. To see the performance of the all different feature sets at each level of the 

hierarchy please see Extended Data Table 1. The overall performance of the hierarchical model 
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was measured with a test set that involved manual inspection of 100 examples of each of the 

neuronal and non-neuronal subclasses as well as errors. This resulted in a test set of 1700 cells. 

Cross validation and test performance for the hierarchical model are reported below (Extended 

Data Fig.4). Note that all scores reported are the weighted accuracy based on the sampling rate of 

each class within the column.  

  The top level of the hierarchy (the object model), distinguished neurons from non-neurons 

as well as erroneous detections. The cross validated accuracy score on the column was 96% with 

a test score of 97%.  The second level of the model simply distinguished excitatory from inhibitory 

neurons. Here, the column cross validated accuracy score was 94% and the test set was 93%. 

Overall, across all subclasses, the hierarchical model on the column had a cross validated accuracy 

of 91% and a dataset wide test set accuracy of 82%. 

Chandelier Cell Identification 

  Chandelier cells are characterized by their unique axo-axonal synapses onto the AIS of 

target pyramidal cells. As there were no chandelier cells within the densely reconstructed column, 

we sought to test if the perisomatic feature space would facilitate an enriched dataset wide search 

for these cells. After identifying and proofreading a chandelier cell, we selected the top 20 nearest 

neighbors by euclidean distance using a KDTree search of the perisomatic feature space (nucleus, 

soma, and PSS features) after z-score normalization of each feature across cells. We also selected 

20 random cells from the predicted inhibitory neurons. For each of these 40 cells, we proofread 

the reconstructions to ensure that there were no extraneous neurites attached and extended the axon 

until there were at minimum 100 output synapses. On average the 20 nearest neighbors had 590 

output synapses attached and the random cells had 809 synapses attached. 
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  To quantify whether a given cell was a chandelier or not, we measured the angle (ɸ) and 

the distance (r) between every output synapse and the soma of the postsynaptic cell (Fig. 6c). A 

synapse with an angle value of 0° would be considered straight above the target soma whereas an 

angle of 180° would be right below. Due to variations in axon directionality with respect to the 

pial surface, we determined that synapses with angle values between 160-180° and within 60 

microns of the soma were considered on the AIS of the target soma. In fact, because the specificity 

of chandelier targeting is so high, the density of synapse angle distributions alone was enough to 

identify other chandelier cells (Fig. 6e). Upon inspection of the proofread 20 nearest neighbors, 

we determined that cells with over 40% of their synapses within 160-180° were chandelier cells. 

The average normalized density for the identified cells was 62% as compared to 8% for the non 

chandelier cells. A two-tailed Fisher Exact Test was performed to test significance between the 

random cell population and the nearest neighbors. 

Inhibitory Neuron Output Targeting 

  After characterizing a single 5P-NP targeting cell, we applied a similar strategy to the one 

above to search for more neurons in the dataset that had a similar connectivity pattern. We selected 

the top 20 nearest neighbors by euclidean distance in the perisomatic feature space using KDTree 

search. These cells were proofread to remove false mergers and extend the axon to include at 

minimum 100 synapses. It should be noted that there were 5 cells where the axons could not be 

extended due to volume boundaries or segmentation errors so they were replaced with the 5 nearest 

cells. On average the 20 nearest neighbors had 448 synapses attached. 

  To quantify whether a cell preferentially targeted 5P-NP neurons, we measured the fraction 

of total output that targeted different predicted subclasses. Cells that output over 30% of their 

synapses onto 5P-NP cells were considered to have this rare connectivity preference. A two-tailed 
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Fisher Exact Test was performed to test significance between the random cell population and the 

nearest neighbors. 

Predicted Subclass Densities 

  To measure the predicted cell densities per subclass across the MICrONS dataset, we 

divided the dataset into 50µm2 bins in the XZ plane. Within each bin we calculated the number of 

cells for each subclass and scaled that to a mm2 to facilitate direct comparisons to reported densities 

in the literature. 

Dataset 2 

  The second dataset covers a millimeter square cross-sectional area, and 50 microns of depth 

within the primary visual cortex of a P49 male mouse.18,20,53 The largest available segmentation 

spans Layer 2/3 of the cortex through to Layer 6. After applying the nuclear detection model18 and 

filtering out all nuclear objects below 25µm3 and cells that were cut off by the volume border (see 

Filtering procedure above), 1,944 cells were used for the analysis. Class type of each cell was 

labeled manually and used as ground truth. Due to thinness of the volume, much of the distal cell 

morphologies were cut off and thus subclass type labeling was not possible. Nuclear and somatic 

mesh cleaning as well as feature extraction and normalization followed the same procedures 

outlined above. 

 

 

 

https://www.zotero.org/google-docs/?sCQ9bX
https://www.zotero.org/google-docs/?lykLcB
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Extended Data 

 

Extended Data Table 1: Cross validation accuracy scores for individual classifiers at each level of the 
hierarchical model with differing input features. Each row corresponds to the corresponding numbers in the 
diagram in Fig. 5A. All training examples were held consistent between features sets for appropriate model 
comparisons. Classifiers with the highest accuracy score at each level were included in the hierarchical model (shown 
in bold). The overall hierarchical model performance on the column and the dataset wide validation set (see methods) 
is reported at the bottom.  
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Extended Data Figure 1: Neuronal and non-neuronal subclass distribution of individual soma and 
nucleus features. a) 2D UMAP embedding of all neuronal and non-neuronal cells inferred from somatic features, 
nuclear features and cortical depth. Manually labeled cellular subclasses are represented in color (1,619) and unlabeled 
examples in light gray (n=92,391). b) Distribution and variation of cortical depth of all cells from the manually labeled 
column dataset. c) Distribution and variation of nucleus and somatic features of all cells from the column dataset. For 
all box plots, center line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range, outliers not 
shown. Individual cells, including outliers, are shown in the overlaid swarm plots. Color denotes human assigned 
subclass labels. 
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Extended Data Figure 2: PSS embedding space organized by postsynaptic ultrastructural 
morphologies. 2D UMAP embedding of all shapes in the PSS Dictionary. The numbers indicate the bin centers 
mapped in this 2D space and the corresponding PSS meshes on the right show the shape associated with each bin 
center. Bins 1-8 range in spine shapes, Bins 9-23 are shaft shapes and Bins 24-29 are soma shapes. 
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Extended Data Figure 3: Inhibitory neuron subclasses exhibit spatial patterns to PSS distributions. 
The UMAP embedding of all the perisomatic features, including PSS features, across all inhibitory cells, colored with 
respect to what fraction of that cell's input (within the 60µm cutout) comes from what PSS/distance bin.  PSS shape 
bins were simplified from 29 bins to 5 broad categories to simplify the visualization (bins 0-4: short spines, 5-8: long-
spines, 9-18+23: smooth shafts, 19-22: spiny shafts, 24-29: soma). This visualization gives insight into how different 
cells in different parts of this embedding space receive varying amounts of input onto different shapes within different 
spatial zones of the perisomatic area.  Cells on the far left hand side of the embedding, where in general bipolar type 
neurons were found, have larger fractions of their inputs near the soma, including dendritic shafts which are more 
irregular in shape (“spiny shafts”), and smooth shaft inputs farther away where the dendrites begin to elaborate. Basket 
cells on the right hand side of the side of the embedding are dominated by somatic inputs and smooth shaft inputs 
which are more evenly distributed spatially.  The island at the bottom that is dominated by neurogliaform cells is 
characterized by having relatively fewer somatic inputs, but an increasing amount of shaft and spiny input at distal 
dendrites.  
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Extended Data Figure 4: Classifier validation. a) Confusion matrix of hierarchical model performance for all 
cells within the manually labeled column after training. b) Confusion matrix of hierarchical model performance on a 
dataset wide sample of 100 cell predictions from each subclass. c) Comparison of column cross validation vs. dataset 
wide model performance, asterisk notes significance by two-tailed Fisher Exact Test.  
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Extended Data Figure 5: Cell densities across the dataset by cellular subclass. Predicted cell densities per 
mm2 for each subclass across the entire dataset in the XZ plane. Each square represents 50 micron2 and color denotes 
the density scaled per mm2. Note due to the approximate 1 mm depth of cortex, these values are also roughly densities 
per mm3. They roughly agree with densities of cells estimated from light microscopy stereology of subclasses,26 
usually utilizing histochemical markers or genetic tools. For some subclasses, there is not a 1-1 to alignment between 
the definitions of types in this study and the usual molecular markers used in those studies, as molecular markers are 
not directly measurable in this electron microscopy volume.   

 

 

 

 

 

 

 

 

https://www.zotero.org/google-docs/?v0aeSF
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Extended Data Figure 6: Perisomatic feature based classification utilized with different cell-type 
labels. a) Alternative excitatory subclass labels in the column from Schneider-Mizell et al 2023, based on 
unsupervised clustering of dendritic and synaptic features rather than manual human expert calls. Labels on the clusters 
were inferred based on the overlap with expert labels and cortical depth, with finer distinctions added when necessary 
(i.e. L4a, L4b, L4c). b) Alternative inhibitory subclass labels from Schneider-Mizell et al. 2023 in the column based 
on unsupervised clustering of their output connectivity statistics. These subclasses (Perisomatic targeting, Distal 
Targeting, Sparsely Targeting and Inhibitory Targeting) likely largely but not completely align with broad molecular 
distinctions made amongst inhibitory cells, based on reviews of the literature where molecular and output connectivity 
has been measured in the same cells. c) A confusion matrix of a hierarchical model retrained to utilize these subclass 
labels for excitatory neurons vs inhibitory neurons rather than human expert labels. Cross validation performance on 
the excitatory (67%) and inhibitory (85%) subclass models was lower than the expert labels, due primarily to the fine 
grained distinctions made amongst layer 4 and 6 types.  The confusion matrix shown here is the output of the final 
model trained on all samples from the column.  
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Extended Data Figure 7: Basic perisomatic feature patterns maintained across a second dataset from 
a different animal. a) A cutout of a second dataset, which covers layer 2/3 to 6 of cortex, but is only 50µm thick.  
Somas contained within this volume (n=1,944) were analyzed in a manner identical to the larger dataset and soma, 
nucleus and PSS features were extracted. Excitatory nuclei highlighted in light blue and inhibitory nuclei in magenta. 
b) Feature to feature Pearson correlations exhibit similar correlation structure between the two datasets. c) A joint 
UMAP of the perisomatic features with the MICrONS dataset data shown in gray, and the smaller dataset covered by 
manually identified cell classes overlaid. In general, the same overall patterns and degree of separation amongst layers 
and cell classes was observed. Note: pericytes were manually excluded from this dataset due to the lower quality of 
nucleus and somatic segmentations. Extensive detailed subclass cell type validation is not possible in this dataset due 
to the truncation of axons and dendrites. 
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Animals continuously monitor their body surfaces to detect and remove debris or 

parasites. Effective grooming requires that tactile inputs from specific body regions be 

transformed into precisely targeted motor actions, but the neural circuits that support this 

sensorimotor transformation remain poorly understood. Here, we combine genetic tools and 

connectomics to elucidate a central somatotopic map of the Drosophila leg. We show that the 

axonal projections of leg touch receptors within the fly’s ventral nerve cord (VNC) are 

organized along the same cardinal axes as the developing leg. Somatotopically-organized 

bristle axons target a specific class of developmentally-related local interneurons, which 

imbricate the leg map with overlapping receptive fields of different shapes and sizes. These 

second-order interneurons target distinct pools of premotor interneurons, which in turn 

synapse directly onto motor neurons that control leg muscles. Optogenetic activation of 

second-order interneurons elicits spatially targeted grooming of specific leg regions, 

consistent with our spatial receptive field predictions based on the connectome. Together, our 

results reveal a four-layer circuit that transforms a somatotopic map of the fly leg into 

spatially targeted grooming behaviors. 

Introduction 
Humans and other animals must constantly monitor the surface of the body to detect and 

remove unwelcome intrusions. A fly landing on a person’s knee may deflect a hair, which triggers 
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tactile sensory neurons to fire. These signals are transmitted into the spinal cord, where they are 

transformed across layers of interneurons into patterns of spikes in motor neurons, which move a 

hand to scratch the leg. Studies in cats and turtles have demonstrated that these animals adapt their 

scratching movements to reach the site of stimulation1–3. This suggests that central circuits are 

organized to elicit targeted movements in response to activation of specific touch receptors. 

However, the complexity of vertebrate tactile circuits and the sparseness of previous tracing 

methods have made it challenging to understand how sensorimotor circuits  transform sensory 

signals into spatially targeted grooming behaviors.  

A common organizational structure found in early sensory circuits, which may help to 

simplify such sensorimotor computations, is the topographic map4. The axons of tactile sensory 

neurons from specific parts of the body often project into specific regions of the nervous system, 

and axons from neighboring regions may exhibit similar morphology and connectivity. In some 

cases, these sensory maps are preserved in downstream circuits, as in the mammalian 

somatosensory and visual cortices5–8. Understanding the structure of sensory maps is an important 

prerequisite for deciphering how patterns of sensory neuron activity are transformed into precise 

motor actions. 

In insects, the sense of touch is mediated by tactile bristles distributed across the body9–11. 

Each bristle is innervated by a single mechanosensory neuron, which fires action potentials when 

the bristle is deflected by external forces (Fig. 1A). Bristles are extremely sensitive, responding to 

deflections less than 100 nm12. Insects rely on bristles to detect external objects in the environment 

or debris on their bodies. In Drosophila, mechanical or optogenetic stimulation of tactile bristles 

elicits avoidance reflexes and/or spatially targeted grooming at the site of stimulation11,13–17. Some 

of these behaviors are maintained in headless flies, suggesting that the basic circuitry for spatially 

https://www.zotero.org/google-docs/?eXPDZY
https://www.zotero.org/google-docs/?C1O61w
https://www.zotero.org/google-docs/?OqrBWR
https://www.zotero.org/google-docs/?3rmVSu
https://www.zotero.org/google-docs/?0AKF9W
https://www.zotero.org/google-docs/?GG1u3z
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targeted grooming is contained within the fly ventral nerve cord (VNC), the invertebrate analog of 

the spinal cord13,16,18. Fly grooming is modular and hierarchical: a dirty fly will first clean its eyes 

and head before proceeding to more posterior body regions like the thorax and abdomen15,19–22. 

Neurons that elicit certain grooming modules (e.g., head, wings, antenna) have been identified15,23, 

but less is known about the neural mechanisms that underlie spatial targeting of grooming 

movements within a module.  

Axons from leg bristles project into the VNC which, like the spinal cord, is organized into 

neuropil compartments that sense and control specific body parts, including the legs, wings, thorax, 

and abdomen11,24–26. Past work using dye fills of single bristle neurons has revealed that their axons 

are stereotyped across individuals and suggested the existence of a topographic map within the leg 

neuropil24,25,27,28. However, because each leg has many hundred bristles, the precise organization 

of the leg map in the VNC remains unknown. Electrophysiological recordings have identified a 

subset of VNC interneurons that integrate signals from multiple bristle neurons11. Yet the circuits 

that integrate leg bristle signals and transform them into spatially targeted motor commands remain 

poorly understood. 

Advancements in high throughput electron microscopy and automated image segmentation 

have resulted in the collection of large volumetric datasets that enable comprehensive cell 

reconstruction and synapse identification. These datasets, referred to as connectomes, enable the 

study of structural wiring diagrams and how circuit architecture may facilitate the function. 

Although there exist multiple connectome datasets of the Drosophila brain and VNC29–33, it 

remains a challenge to link these connectomes to the fly’s body and peripheral nervous system.  

Here, we  use a connectome dataset of the Drosophila Female Adult Nerve Cord 

(FANC)31,34,35 to investigate how tactile information is mapped in the VNC, from the sensory 

https://www.zotero.org/google-docs/?QH98rZ
https://www.zotero.org/google-docs/?S32l9o
https://www.zotero.org/google-docs/?YELvGF
https://www.zotero.org/google-docs/?94I5Xa
https://www.zotero.org/google-docs/?007gFx
https://www.zotero.org/google-docs/?J13oid
https://www.zotero.org/google-docs/?sM03M8
https://www.zotero.org/google-docs/?m9YRMs
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neurons in the leg  through the VNC to the motor neurons that innervate specific leg muscles. We 

first combined genetic and connectomic tools to elucidate the central somatotopic map of the fly 

leg. We found that the spatial map of bristle axons in the VNC matches the somatotopic 

organization of the larval imaginal disc from which the leg develops. We then reconstructed and 

analyzed how populations of VNC interneurons sample the leg tactile map. Our results reveal a 

four-layer neural architecture, from leg bristles to motor neurons. Second-order neurons imbricate 

the leg map into overlapping receptive fields. These second-order neurons target distinct pools of 

third-order neurons which then target leg motor neurons. Optogenetic activation of second-order 

interneurons from different regions of the map drove spatially targeted grooming of specific leg 

regions, consistent with our receptive field predictions from the connectome. Overall, our results 

elucidate the organization of central circuits in the fly VNC that transform peripheral tactile signals 

into spatially-targeted behaviors. 
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Results 

Figure 1: Somatotopy of the leg is maintained in the VNC and recapitulates the larval leg imaginal 
disc. A) A bristle neuron is located at the base of each sensory hair on the leg. The dendrite is stretched upon deflection 
of the hair (bottom left). Bristle axons project to the ventral nerve cord (VNC) (top left). We reconstructed 409 bristle 
axons from the front left leg of an adult female fly (top right). B) The larval leg imaginal disc develops into the adult 
leg. C) Bristle neurons that express the proximal leg precursor dachshund (dac) during development (top). Bristle 
neurons that express a distal leg precursor apterous (ap) during development (bottom). Confocal images show 
maximum intensity projections of cells in the larval leg imaginal pJFRC7-20XUAS-IVS-mCD8::GFP (green) and an 
antibody against phalloidin (magenta). Bristle neurons in the leg and VNC were labeled with mcd8::GFP (green) and 
an antibody against the neuropil marker bruchpilot (magenta). D) The somatotopic map of the leg in the VNC 
recapitulates the somatotopic map of the leg in the larval imaginal disc during development. The proximal to distal 
axis is mapped along the peripheral to central axis (top). The anterior leg maps to the anterior portion of the VNC leg 
neuropil and the posterior leg maps onto the posterior leg neuropil (middle). The dorsal leg maps to the area 
intersecting the anterior to posterior border, while the ventral leg corresponds to axons that remain within either the 
anterior or posterior region (bottom). 

 

Leg somatotopy in the VNC recapitulates imaginal disc somatotopy 
The front leg of Drosophila melanogaster is covered by more than 400 mechanosensory 

bristles, with the highest density on the more distal leg segments9. To understand how tactile 

information from the leg is mapped in the VNC, we reconstructed 409 bristle axons from the left 

front leg in a volumetric electron microscopy dataset of a Drosophila female adult nerve cord 

https://www.zotero.org/google-docs/?JUR51H
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(FANC)31,34,35. We identified bristle axons based on their morphology and projection patterns into 

the left front leg neuromere – the region of neuropil corresponding to the left front leg (see 

Methods). As a population, bristle axons fan out to cover the ventral surface of the VNC; however, 

each bristle axon innervates a small region within the VNC neuropil. Bristle axons exhibit a range 

of morphologies (Extended Data Fig.1). While most axons terminate within the same region of the 

neuropil (e.g. anterior or posterior) there are a subset of axons that branch across the midline in 

the shape of a hockey stick (Extended Data Fig.  1). Across the population, axons with similar 

morphologies project to similar locations within the VNC neuropil. This structure motivated us to 

determine the relationship between the location of bristles on the leg and their axonal projections 

into the VNC.  

We developed a genetic strategy to label bristles on specific sections of the leg by restricting 

the expression of a bristle GAL4 line with transcription factors expressed during development. 

During metamorphosis, each fly leg develops from an imaginal disc that expresses specific 

transcription factors defining the three cardinal leg axes (anterior/posterior (A/P), dorsal/ventral 

(D/V), proximal/distal (P/D) (Figure 1)36–39. We used a recombinase driven by different 

transcription factors to turn on Gal4 expression, thus labeling bristle cell bodies on the leg and 

their axons in the VNC. For example, bristle neurons that express dachshund (dac) during 

development end up in the proximal leg and project their axons to the outer edges of the VNC 

neuropil (Fig. 1C). Distal leg bristles are labeled by apterous (ap) or rotund (rn), and their axons 

project into the center of the neuromere (Fig. 1C, Extended Data Fig.  2). Thus, we concluded that 

the proximal-distal axis of the leg is mapped in concentric rings around the VNC neuropil, with 

distal bristles at the center and proximal bristles along the outer edges (Fig. 1C, Extended Data 

Fig.  2).  

https://www.zotero.org/google-docs/?JjTaFo
https://www.zotero.org/google-docs/?8etcoU
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In a similar manner, using the transcription factor hedgehog, we found that the bristle cell 

bodies on the anterior leg project their axons into the anterior VNC, while posterior bristles project 

their axons to the posterior neuropil (Extended Data Fig.  2). Cells in the dorsal leg that express 

decapentaplegic (dpp) extend their axons to cross the A/P border. Ventral leg bristle neurons that 

express midline (mid) do not cross this border (Extended Data Fig.  2). In other words, axons that 

enter the VNC anteriorly terminate anteriorly and vice versa. Notably, the mapping of bristle axons 

in the VNC recapitulates the leg map in the larval imaginal disc37. Similar to the AP compartment 

boundary in the imaginal disc40,41, the A/P axis in the VNC is defined by a stark branch point, at 

which each axon projects either anterior or posterior. The D/V and P/D axes are more gradual, so 

we defined the position of each axon along a gradient relative to the population (Fig. 1D). The 

striking similarity between the leg maps in the VNC and the imaginal disc suggests that the adult 

leg develops in coordination with the postembryonic restructuring of the VNC neuropil. 

 

Figure 2: Bristle neurons across the leg preferentially target local 23B neurons in the VNC. A) A single 
bristle axon from the left front leg (top), out of a population of 409 bristle axons reconstructed from the FANC EM 

https://www.zotero.org/google-docs/?cwHCJS
https://www.zotero.org/google-docs/?app7pL
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dataset, including axons from left front leg nerve, VProN, and DProN42 (150/409 axons shown for clarity in the bottom 
panel). B) Output synapses from the single bristle axon shown in panel A that arches posteriorly to the AP compartment 
boundary, colored by the average synapse distance (d) from the DV and PD mapping points respectively (see Methods) 
(top). Output synapses from all the reconstructed axons colored by their anterior or posterior annotation and the 
average synapse distance for each individual axon along the DV and PD axes (bottom). C) Predicted distribution of 
bristle axons along the three spatial axes. D) Top classes of postsynaptic partners to bristle axons: Ascending n=9, 
Descending n=21, Intersegmental n=74, and Local n=296. E) Proportion output for each bristle axon onto all classes 
of postsynaptic partners. F) Proportion output for each bristle axon (rows) onto VNC neurons from different 
developmental hemilineages (columns) (heatmap). Number of unique cells of each hemilineage across the 
postsynaptic partner population (bar chart top). Proportion output for each bristle axon (rows) onto postsynaptic 
partners that release acetylcholine, glutamate, or GABA. Neurotransmitter type assigned based on hemilineage 
classification for each postsynaptic partner(stacked bar chart, righ43. For all box plots, center line, median; box limits, 
upper and lower quartiles; whiskers, 1.5x interquartile range; outliers not shown. 

A predicted axon map recapitulates the distribution of bristles along the leg 
Based on the leg map defined above, we developed three mapping rules to predict the 

peripheral location of bristle axons in the FANC connectome. We defined bristles from the anterior 

portion of the leg as the axons that arch anteriorly upon entering the VNC from the leg nerves, 

whereas cells located on the posterior leg arch posteriorly in the VNC. To recapitulate the graded 

distribution along the PD axis (Fig. 1C-D), we placed a mapping point in the center of the left leg 

neuropil and calculated the average synaptic distance between each axon and the center mapping 

point (Fig. 2A-B top row, see Methods).  Axons that were closer to this mapping point were 

estimated to be more distal on the leg compared to those further from the mapping point. We used 

a similar approach for the DV axis with a different mapping point to more accurately represent the 

pattern described in Figure 1 (see Methods). The spatial predictions for each leg bristle 

qualitatively matched the patterns observed in genetic labelling experiments (Fig. 2B, bottom row). 

They also recapitulated the expected nonuniform anatomical distribution of bristles along the leg 

(Fig. 2C)44.  

Bristle axons target local excitatory neurons from the 23B hemilineage 
We next used the connectome to analyze the connectivity between bristle axons and 

downstream neurons in the VNC. Based on automated synapse predictions31, each bristle axon 

https://www.zotero.org/google-docs/?asLnG8
https://www.zotero.org/google-docs/?fjKfcu
https://www.zotero.org/google-docs/?uSL76b
https://www.zotero.org/google-docs/?GAsepU
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makes on average 550 output synapses in the VNC and receives on average 77 input synapses 

(Extended Data Fig.  3). VNC neurons downstream of bristle axons are divided into five broad 

morphological classes: ascending, descending, intersegmental, local, and motor neurons (Fig. 2D, 

see Methods). On average, local neurons receive the largest proportion of bristle synapses (63%), 

followed by ascending (22%) and intersegmental neurons (12%) (Fig. 2E). Only ~1% of bristle 

synapses are onto other sensory neurons. Descending neurons receive less than 2% of bristle 

synapses, and most bristles make zero synapses onto motor neurons (Fig. 2E).  

Most neurons in the VNC develop from 33 postembryonic stem cell hemilineages. Cells 

from the same developmental hemilineage share broad morphological features, typically release 

the same neurotransmitter43,45,46, and may perform similar functions47. Using morphological 

criteria, we classified the developmental hemilineage of each VNC neuron that received input from 

leg bristles (see Methods). The strongest downstream targets of bristle axons are neurons from 

hemilineage 23B (Fig. 2F). 23B interneurons receive on average 25% of each bristle axon’s 

synaptic output (Fig. 2F, heatmap). Not only are 23B neurons the strongest downstream target, but 

cells from this hemilineage are the most frequent postsynaptic target of leg bristles (61 cells; Fig. 

2F, bar chart). Thus, we hypothesized that 23B neurons, as a population, represent a map of the leg 

and that individual 23B neurons integrate tactile signals from specific regions of this somatotopic 

map. 

https://www.zotero.org/google-docs/?htWO4Z
https://www.zotero.org/google-docs/?KqVUHy
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Figure 3: 23B neurons imbricate the leg map in distinct overlapping receptive fields. A) Two example 
23B neurons highlighted in different colors. Dendritic and axonal segments denoted by the arrows. B) Proportion of 
all sensory input from bristle axons for each 23B neuron, bars ordered by surface area. C) Input synapses from bristle 
axons onto Neuron 1 (brown, n=76) and Neuron 2 (orange, n=136) as compared to all the output synapses from bristle 
axons (gray). D) Receptive field predictions for example Neuron 1 and Neuron 2. Receptive field for the PD axis 
(left), DV axis (middle), and AP axis (right). E) Receptive fields along the PD axis (top), DV axis (middle), AP axis 
(bottom) for each individual 23B neuron. Individual points represent input synapses from bristle axons and the y axis 
represents where on the leg each presynaptic bristle axon originates.  F) Number of bristle input synapses onto all 23B 
neurons from different areas of the leg along the three spatial axes. For all box plots, center line, median; box limits, 
upper and lower quartiles; whiskers, 1.5x interquartile range; outliers not shown. G) 23B neuron receptive fields on 
the leg imbricate the somatotopic map into overlapping receptive fields, as compared to a non-overlapping tiling 
pattern. 

23B neurons are selective for tactile sensory input  
Because they are the top postsynaptic partner of leg bristles, we focused our analysis on 

23B interneurons, which release the predominantly excitatory neurotransmitter acetylcholine43. Of 

https://www.zotero.org/google-docs/?9aB7Ye
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the 61 23B neurons we reconstructed, 56 are local, meaning that their synaptic inputs are restricted 

to the front left leg neuromere. Four are intersegmental and receive synaptic inputs from multiple 

leg neuropils and one has an ascending axon that projects to the brain. All 23B cells have a soma 

located on the dorsal surface of the VNC and their neurites fasciculate together as they enter the 

neuropil. All 23B cells possess extensive pre and postsynaptic arbors close to the ventral surface 

of the neuromere (Fig. 3A). Regardless of size or morphology, 23B neurons receive on average 

40% of their total synaptic input from sensory axons, 85% of which comes from bristle axons (Fig. 

3B). This suggests that most 23B neurons are specialized for tactile sensing.  

23B neurons imbricate the somatotopic map of the fly leg 
Despite the fact that all 61 23B neurons receive input from leg bristle axons, the dendritic 

arbors of each 23B neuron within the front left leg neuromere are highly variable (Fig. 3A). Based 

on this diversity, we hypothesized that individual 23B neurons receive input from bristle neurons 

at different locations on the leg. To quantify this location for each 23B neuron we used the 

somatotopic mapping approach described above (Fig. 2). Each 23B neuron receives input synapses 

from a selection of bristle axons (Fig. 3A, C). Based on our somatotopic mapping, each bristle 

axon represents a single location on the leg along the three cardinal axes. Therefore, we represented 

each bristle input synapse onto a 23B neuron by the location on the leg of the presynaptic bristle 

axon. We refer to the distribution of input synapses along each axis as the receptive field for each 

23B neuron (Fig. 3C-D). Individual receptive fields varied substantially as some neurons received 

input exclusively from proximal or distal bristle axons (Fig. 3C). Overall, the receptive fields of 

23B neurons covered the entire somatotopic map of the leg across all three axes (Fig. 3D-E). 

Similar to pebbles on a riverbed, 23B neurons imbricate the somatotopic leg map by covering the 

space with overlapping receptive fields of different sizes and shapes (Fig. 3G).  
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Figure 4: 23B subtypes exhibit similar morphology, receptive fields, and downstream connectivity. A) 
23B neuron morphologies organized and labeled by the axonal projection patterns (arrows indicate axon location). 
Ascending (1), Club (1), Dorsal (3), Midline Intersegmental (14), Midline (7), Contralateral Intersegmental (4), 
Ipsilateral T1 (2), Contralateral T1 (7), Contralateral T2 (11), Ipsilateral T3 (3), Anterior (5), Ipsilateral Wing (2), and 
Contralateral Wing (1). B) Average receptive fields of 23B subtypes along the three cardinal axes. 23B subtypes 
ordered by their receptive fields. C) Cosine similarity of  individual 23B neurons relative to other 23B neurons within 
and between subtypes according to receptive field (left) and downstream connectivity (right). For all box plots, center 
line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range; outliers not shown. 

23B neurons organized by axonal projection patterns 
While 23B neurons possess similarities in their overall morphology and the proportion of 

tactile input, they exhibit distinct axonal projection patterns to other regions of the VNC. 

Moreover, we found that the axons of 23B neurons bundle together in their projections to different 

target regions. Thus, we reasoned that the distinct axonal morphologies of 23B neurons could be 
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a useful means to group them into subtypes. Grouping 23B cells by the projection pattern of their 

axons resulted in 13 subtypes (Fig. 4A). Each subtype had between 1-14 neurons. While they were 

grouped solely by axonal projection, we noticed that 23B neurons within the same subtype had 

similar dendritic arbors. To quantify this similarity, we represented each 23B neuron by the mean 

receptive field value in each of the three cardinal axes and calculated the cosine similarity within 

and between subtypes. We observed that receptive fields were more similar within than across 

subtypes (Fig. 4B-C). Furthermore, the downstream connectivity of 23B neurons was more similar 

within subtypes (Fig. 4C). This is notable considering that synapses on the axonal projections make 

up only 17% of 23B output synapses. This means that despite the overlap of dendritic arbors within 

the left front leg neuromere, 23B neurons from different subtypes target distinct postsynaptic 

neurons. From these similarities in morphology, receptive field, and postsynaptic targeting, we 

hypothesized that distinct 23B subtypes function as distinct sensorimotor modules.  

Testing connectome-derived predictions of 23B neuron receptive fields  
We used optogenetics to test the behavioral function of 23B subtypes. We hypothesized 

that if 23B neurons are specialized for localizing tactile stimuli, the fly’s behavioral responses to 

activating these cells would reflect their spatial receptive fields. We identified two genetic driver 

lines that specifically label distinct 23B subtypes with contralateral T1 (SS04746) and midline 

intersegmental (R21B10) neurons (Fig. 5A). We used SPARC to sparsely label the axons of 

individual 23B neurons in ~20 different VNCs for each genetic driver line (Extended Data Fig.  5). 

These sparse labeling experiments confirmed that the two driver lines label different 

subpopulations of 23B neurons (Fig. 5A, Extended Data Fig.  5).  

We calculated a connectome-derived receptive field prediction for each genetic driver line. 

Both SS04746 and R21B10 had six 23B neurons labeled in each neuromere. To predict the 
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cumulative receptive field of these six neurons, we iteratively sampled six neurons from the 

connectome weighted by the subtype proportions outlined above (Extended Data Fig.  4, see 

Methods). For each sampled subset of 23B neurons, we summed the bristle input from these cells 

to predict the aggregate receptive field for each driver line (see Methods). From these calculations, 

we predicted that activation of the 23B neurons in SS04746 would correspond to proximal bristle 

activation and thus elicit proximally targeted grooming. Conversely, the 23B neurons in R21B10 

flies received input from distal bristles and thus we hypothesized that activation of these neurons 

would elicit distal grooming (Fig. 5B). Along the DV axis, we predicted that activating 23B 

neurons in SS04746 flies would lead to more ventrally targeted grooming compared to 23B 

neurons in R21B10 flies. Finally, we predicted there would be little to no difference along the AP 

axis (Fig. 5B). Based on these predictions, we refer to SS04746 as proximal 23B neurons and 

R21B10 as distal 23B neurons. 
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Figure 5: Optogenetic activation of 23B subtypes drives distinct and spatially targeted grooming. A) 
Confocal images show labeling of 23B neurons in the front leg neuropils for two genetic driver lines: SS04746 (left) 
and R21B10 (right). Neurons labeled with mcd8::GFP (black) (sparsely labeled VNCs in Extended Data Fig.  4). B) 
Receptive field predictions for each line across all three cardinal axes (see Methods). Each line is labeled by the 
predicted receptive field along the proximal-distal axis. C) Experimental setup. Headless flies were tethered and 
positioned on a spherical treadmill. Red laser stimulation was directed to the body-coxa joint of the left front leg. 
Behavioral recording and joint tracking was collected from video data from six cameras (inset top) and tracked with 
DeepLabCut68 and Anipose48. Bottom inset shows leg movements from one sweep (see Methods). D) Individual leg 
sweeps during grooming were identified as consecutive time points with two legs in close proximity and moving at a 
minimum velocity (see Methods). E) Example trials for empty-SpGal4 flies (control, gray), proximal 23Bs (dark 
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orange), and distal 23Bs (light orange). Distance from the left front leg to the nearest leg over time. Black arrows 
indicate individually detected sweeps of the left leg. F) Leg sweep ethogram with 15 random trials from empty-SpGal4 
flies (control, top), proximal 23B flies (middle) and distal 23B flies (bottom). Each row represents an individual trial 
across time (seconds). Color represents whether the fly was engaged in leg sweeping (blue) or not (gray). G) Average 
sweep frequency (Hz) over time in seconds for control (empty-SpGal4) flies, proximal 23B flies (dark orange), and 
distal 23B flies (light orange). Distribution of sweep frequency for each line before the stimulus (prestim), during the 
stimulus (stim), and after the stimulus (poststim). For all box plots, center line, median; box limits, upper and lower 
quartiles; whiskers, 1.5x interquartile range; outliers not shown. H) Proportion of all leg sweeps using front leg 
grooming or middle leg grooming for each fly (left). Spatial distributions of the first contact point location for a subset 
of leg sweeps from each grooming pattern (right). I) Weighted spatial targeting in response to proximal and distal 23B 
activation compared to the connectivity-derived receptive fields presented in panel b. 

 

Optogenetic stimulation of 23B neurons drives spatially-targeted grooming 
Previous studies have shown that bristle activation in headless flies elicits spatially targeted 

grooming13,16,18, suggesting that local VNC circuits are sufficient to support this behavior. To 

eliminate the contribution of descending input from the brain, we optogenetically stimulated 23B 

neurons in headless flies while tracking their behavior with 3D pose estimation48. We tethered 

headless flies, positioned them on a spherical treadmill, and recorded their behavior with six 

cameras. We targeted a red laser at the body-coxa joint of the front left leg to activate 23B neurons 

in the left front leg neuromere (Fig. 5C). To quantify spatial targeting of grooming behavior, we 

identified leg sweeps as consecutive time points where two legs were in contact and moving at a 

minimum velocity (Fig. 5D, individual sweeps noted by the black arrows). Upon 23B activation, 

sweep frequency increased in both experimental lines (Fig. 5E-G, Supplemental Video 1-2). The 

flies continued to sweep the left leg for several seconds after the stimulus terminated. On the other 

hand, control flies lacking CsChrimson49 expression (empty-SpGal4) did not respond 

(Supplemental Video 3) (SS04746; 11 flies, 98 trials, R21B10; 8 flies, 73 trials, empty-SpGal4; 10 

flies, 80 trials; Fig. 5E-G). 

https://www.zotero.org/google-docs/?nD4GIH
https://www.zotero.org/google-docs/?9s6rLH
https://www.zotero.org/google-docs/?kSlPwp


 80 

Activation of 23B subtypes elicits different spatially targeted grooming 
patterns 

We observed two common grooming patterns in response to 23B activation: grooming the 

left front leg with the contralateral right front leg (front leg grooming) and grooming the left front 

leg with the ipsilateral left middle leg (middle leg grooming). Distal 23B activation elicited 

predominantly front leg grooming (96% front leg, 4% middle leg) while proximal 23B activation 

elicited both front leg and middle leg grooming (68% front leg, 32% middle leg; Fig. 5H). Thus, 

the activation of the different 23B subtypes triggered different grooming patterns.  

We also wanted to determine if these different grooming patterns were spatially targeted, 

and how this compared to the predicted receptive field location of each driver line. For all instances 

of middle leg grooming, the flies brought the left middle leg forward to rub the stationary left front 

leg (Fig. 5H, left). We observed more variability in front leg grooming so we subdivided these 

instances into three categories (Fig. 5H, see Methods).  

To measure the spatial specificity of each grooming pattern, we annotated the first contact 

position of individual sweeps (see Methods). Activating proximal 23B neurons produced front leg 

grooming, during which flies contacted the proximal femur of the targeted leg (Fig. 5H bottom). 

On the other hand, distal 23B activation triggered front leg grooming of the distal portion of the 

leg, i.e., the tibia and tarsus (Fig. 5H, top). Proximal 23B activation also elicited middle leg 

grooming of the distal femur tibia and tarsus, while distal 23B activation triggered middle leg 

grooming of the middle of the femur. Because flies from the two experimental groups did not use 

these grooming strategies equally, we multiplied the spatial targeting of each pattern by its 

prevalence to calculate a weighted spatial targeting (Fig. 5I, bottom). We observed that proximal 

23B activation elicited grooming of the proximal leg, targeting the middle of the femur (Fig. 5I). 
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Distal 23B activation elicited grooming more distally, at the tibia-tarsus joint (Fig. 5I). These 

spatial patterns were consistent with our receptive field predictions based on the connectome (Fig. 

5I, top). 

 

Figure 6: 23B subtypes synapse onto distinct leg premotor pools. A) Proportion of total synaptic output 
from 23B neurons onto motor (x) and premotor neurons (o). 23B neurons ordered and colored by subtype. B) 
Selectivity of 23B subtypes for left middle leg premotor neurons (T2L), left front leg premotor neurons (T1L), and 
right front leg premotor neurons (T1R). Colored boxes highlight Midline Intersegmental and Contralateral T1 as the 
most numerous subtypes in the distal and proximal grooming lines respectively. C) Contralateral T1 and Midline 
Intersegmental subtype connectivity onto T1L, T1R and T2L premotor neurons (preMNs). D) Number of 23B neurons 
from each subtype that contact T1L, T1R, and T2L premotor neurons. E) The local four-layer circuit. First-order bristle 
neurons form a tactile leg map. Second-order 23B neurons imbricate the leg map into overlapping receptive fields and 
target distinct premotor neuron pools. Premotor neurons recruit leg motor neurons to elicit spatially targeted grooming.  



 82 

23B neurons do not directly contact leg motor neurons 
Activation of both 23B driver lines elicited front leg grooming, however the precise leg 

movements differed in their spatial targeting (Fig. 5H). We therefore wanted to understand how 

the activation of different 23B subtypes could produce distinct leg movements. In the fly’s front 

leg, 18 leg muscles are controlled by 71 uniquely identifiable motor neurons31. If different31 23B 

neurons produce distinct movements of the same leg, we might expect a difference in their synaptic 

connectivity onto leg motor neurons. We classified the downstream targets of 23B neurons and the 

proportion of 23B synapses onto each class type. Other than two cells (both projecting locally to 

the left front leg neuromere), 23B neurons rarely synapse on leg motor neurons, (1% synaptic 

output, Fig. 6A, Extended Data Fig. 5A). Thus, it is unlikely that 23B neurons directly recruit 

different leg motor neurons to produce distinct grooming patterns.  

23B subtypes contact distinct pools of premotor neurons 
We next quantified the proportion of 23B target neurons that were premotor. We defined 

premotor neurons as any neuron that was presynaptic to any motor neuron in the VNC35. We further 

classified each premotor neuron by the motor neurons it targets (e.g., left front leg, right front leg). 

We found that 75% of 23B synaptic output was onto premotor neurons across the VNC (Fig. 6A). 

In our experiments, we observed that the flies moved the left front leg, right front leg and left 

middle leg in response to front left leg 23B activation, thus we focused on these three premotor 

populations for subsequent analyses. 

If our hypothesis is correct that different subtypes of 23B neurons elicit distinct grooming 

patterns, then we would expect them to contact distinct populations of premotor neurons. To test 

this, we measured the proportion of input from each 23B subtype onto individual premotor 

neurons. We found that across the three leg neuropils (T1L, T1R, T2L), many premotor neurons 

https://www.zotero.org/google-docs/?NHF7PN
https://www.zotero.org/google-docs/?9ZaM0m
https://www.zotero.org/google-docs/?VH7IYC
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received input from only one 23B subtype (Fig. 6B). While there was some degree of overlap, each 

23B subtype synapsed onto a mostly unique set of premotor neurons. This supports the hypothesis 

that subtypes of 23B neurons recruit distinct motor patterns through distinct premotor populations.  

Focusing on the two subtypes of 23B neurons we tested with optogenetics experiments, we 

observed that distal and proximal 23B neurons contact premotor neurons in three leg neuropils 

(T1L, T1R, T2L), though the specific populations differ across neuropils (Fig. 6B-C). While both 

23B subtypes primarily synapse onto left front leg premotor neurons, six of seven proximal 

neurons make strong connections (12% of their premotor synaptic output) onto left middle leg 

premotor neurons in T2L (Fig. 6D, Extended Data Fig.  6B).  These results are consistent with our 

finding that optogenetic stimulation of contralateral 23B neurons produced frequent middle leg 

grooming (Fig. 5H).  

Taken together, we propose that spatially targeted grooming is mediated by a four-layer 

circuit from tactile sensory neurons to motor neurons (Fig. 6E). First-order tactile sensory neurons 

target local interneurons that belong to hemilineage 23B. These second-order interneurons 

imbricate the leg map into overlapping receptive fields and target distinct pools of third-order 

premotor neurons. Premotor neurons then drive dynamic patterns of leg movement through 

excitation and inhibition of leg motor neurons. Although not shown in the circuit schematic in 

Figure 6E, we note that the two middle layers exhibit dense recurrent connectivity, which may 

support grooming dynamics35. 

Discussion 
A somatotopic map of the fly leg 

In this study, we used genetic labeling to determine that tactile bristles from the fly’s left 

front leg form a somatotopic map in the VNC. Notably, this map matches the somatotopic 

https://www.zotero.org/google-docs/?vfFYkD
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organization of the leg imaginal disc during development in several key respects. The development 

of the leg is regulated by graded expression of transcription factors. The PD and DV axes of the 

leg are established by genes like apterous and decapentaplegic, while wingless and hedgehog 

expression establish the “compartment boundary” along the anterior/posterior axis40,41. In the VNC 

leg neuropil, we found that bristle axons are also organized along a gradient in the PD and DV 

axes, where the projection of each axon is slightly offset relative to its neighbor. Yet the AP axis 

was divided by bristle axons that branches either anteriorly or posteriorly, as if separated by a 

compartment boundary at the center of the left front leg neuromere. In summary, we observe 

striking similarities between the spatial organization of the leg imaginal disc and the topographic 

projections of bristle axons in the VNC neuropil. 

While the differentiation of the leg imaginal disc occurs well before bristle neurons have 

developed50,51, it is possible that similar molecular factors regulate the temporal differentiation of 

sensory cells, axon guidance, and development into the nervous system. Recent studies tracing 

bristle neuron growth and development from the locust antenna suggest that bristle axons enter the 

nerve tract in order of differentiation52. Distal neurons, which differentiate first, enter the nerve 

tract and are surrounded by more proximal neurons as they grow towards the central nervous 

system. This results in distal neurons occupying the central region of the tract and proximal 

neurons concentrically wrapping themselves around the periphery. This topography of the PD axis 

is consistent with our findings in the fly VNC and previous work tracing bristle neurons on the 

head22,53. Investigations into the underlying mechanisms and exact timing of sensory axon 

development in the VNC will be necessary to elucidate how the leg bristle map is established in 

the fly VNC. Beyond the leg, other precursor structures such as the wing, haltere, and antennal 

imaginal discs, may also contribute to the creation of somatotopic maps in the adult fly nervous 

https://www.zotero.org/google-docs/?CUIXrS
https://www.zotero.org/google-docs/?xlDpHX
https://www.zotero.org/google-docs/?ElAAEX
https://www.zotero.org/google-docs/?Mi3Slt
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system. 

Limitations 

Our connectome results come from one dataset of a female adult nerve cord (FANC). 

However, the general distribution of bristle axons and the strong downstream connectivity onto 

23B neurons is maintained in a connectome dataset from the male adult nerve cord (MANC)54. 

Due to the variable and immutable state of bristle neuron reconstructions in MANC, a direct 

comparison was not possible. However, we were able to identify all of the different 23B subtypes 

in MANC (not shown). This suggests the circuitry is stereotyped across flies and not sexually 

dimorphic. Similar to conclusions from a comparison of multiple fly brain connectomes30, we 

expect that the overall structure of the bristle sensorimotor circuit is similar across individuals, 

while the precise connectivity between individual neurons may vary. The consistency between the 

light-level morphologies described here and the connectome morphologies supports this view, as 

does the fact that predictions based on the connectome of one fly were validated in behavioral 

experiments done on other flies. With the recent availability of connectomes of the full central 

nervous system33,55, future analyses may also elucidate how the connectivity to and from the brain 

affects grooming dynamics. 

Grooming behavior 
Previous studies mapping the tactile receptive fields of interneurons in the fly and locust 

proposed that the tactile circuit is composed of diverging streams of tactile information56,57. Our 

results confirm this hypothesis through the dense reconstruction of the tactile circuit from one leg. 

We observed that the population of 23B neurons imbricate the leg with distinct yet overlapping 

receptive fields. After classifying 23B neurons by their axonal projection patterns, we found that 

neurons of the same subtype contact similar downstream targets and that these different subtypes 

https://www.zotero.org/google-docs/?GraLFL
https://www.zotero.org/google-docs/?oROwy3
https://www.zotero.org/google-docs/?19n0WP
https://www.zotero.org/google-docs/?WTm5M3
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contact distinct premotor populations across leg neuropils in the VNC. In other words, nearby 

bristle signals form diverging streams of tactile information that feed into distinct sensorimotor 

modules. In the spinal cord and the brain, modular motor circuits are found across species and 

provide a structural scaffold  for controlling flexible behavior58–62.  Here we propose that distinct 

23B subtypes work in concert to activate different populations of premotor neurons that in turn 

activate motor neurons to elicit targeted grooming responses.  

Are grooming circuits for other body parts similarly organized? Previous work in the fly 

antennal grooming circuit focused on a class of brain interneurons that they refer to as B2. 

Interestingly, the B2 cells also develop from hemilineage 23B15. B2 neurons are strong 

downstream targets of antennal mechanosensory neurons and, similar to our findings, optogenetic 

activation of B2 neurons increased antennal grooming. These similarities suggest that the structural 

and functional organization of grooming circuits in the fly may be repeated across body segments. 

If so, how do these circuits interact, for example when bristles are activated all over the body of a 

fly? Past work has shown that flies groom their bodies with a stereotyped and hierarchical pattern, 

starting with the head and proceeding to the legs and abdomen15,19,20. Furthermore, several studies 

have described command-like neurons that elicit grooming of different body segments15,18,23. If 

subtypes of 23B interneurons imbricate each body segment, future investigations into the 

interactions between 23B neurons and these command-like neurons may provide insight into the 

neural mechanisms that underlie the hierarchical organization and coordination of grooming 

behavior. 

Beyond grooming, bristle activation can elicit movements such as walking, uncoordinated 

leg movements and kicking13,16. Here we focused on two 23B subtypes for which we were able to 

identify specific genetic driver lines. In the future, it will be interesting to explore the range of 

https://www.zotero.org/google-docs/?G3ViHm
https://www.zotero.org/google-docs/?8Kscix
https://www.zotero.org/google-docs/?T6cj8a
https://www.zotero.org/google-docs/?v6g45N
https://www.zotero.org/google-docs/?HxjySx
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actions produced by activation of other 23B subtypes, as well as their natural activity patterns 

during grooming behavior. Here we predicted the receptive fields for 23B neurons (Fig. 3), but 

this approach could be used to define the receptive field of any neuron downstream of bristle axons. 

Characterization of other interneurons within the tactile circuitry of the VNC will help define the 

degree to which touch signals diverge to distinct sensorimotor modules and whether 23B neurons 

are necessary for all spatially targeted behaviors. 

From sensory input to motor output 
In our behavioral experiments, we observed several categories of front leg grooming, 

suggesting that the spatial location of the tactile stimulus dictates the movement of the leg and 

patterns of muscle contraction. Our analysis of the four-layer sensorimotor circuit suggests that 

the distinct premotor connectivity of 23B subtypes is important for producing spatially targeted 

grooming. If bristle neurons can be equated to the pixels of the somatosensory space, we propose 

that different 23B subtypes sample the leg space to drive the appropriate, spatially-targeted 

behavioral response. 

While we have outlined a simplified four-layer circuit, the connectivity of premotor 

circuitry onto motor neurons is very complex31,35. Understanding how tactile stimuli elicit dynamic 

motor patterns will require recordings of activity dynamics in 23B neurons and downstream cells 

during behavior. Dynamic modeling of the connectome may also reveal new insights, as this 

approach has reproduced the functional role of previously characterized cells and revealed the 

function of uncharacterized circuits63–65. For example, future studies that simulate the tactile 

circuitry could compare how motor neuron outputs change as a function of which premotor pools 

are activated and the influence of proprioceptors as a proxy for limb position. While we focus on 

the excitatory 23B neurons in this study, the second strongest target of bristle axons were inhibitory 

https://www.zotero.org/google-docs/?tFKfFS
https://www.zotero.org/google-docs/?wYPnD9
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neurons of hemilineage 1B (Fig. 2F). More work is needed to understand how inhibitory signals 

sculpt spatiotemporal processing of tactile signals. More generally, our work establishes a model 

circuit within the fly nerve cord to explore how transient sensory stimuli (e.g, touching a leg) 

produce sustained and dynamic patterns of motor activity.  
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Materials and Methods 
Sample preparation for confocal imaging of imaginal discs 

For confocal imaging of imaginal discs (Fig. 1, Extended Data Fig.  2), we crossed flies 

carrying the Gal4 driver to flies carrying pJFRC7-20XUAS-IVS-mCD8::GFP. Prothoracic leg 

imaginal discs were dissected from third instar larvae in PBS, and fixed for 20 minutes in 4% 

paraformaldehyde in PBS at room temperature. Discs were washed and permeabilized 3x in 0.2% 

Triton X-100 in PBS (PBST) over 1 hour, then incubated in 1:50 phalloidin for 1 hour at room 

temperature. The discs were rinsed 3x with PBS over 1 hour, then mounted in VectaShield. We 

acquired z-stacks on a confocal microscope (Olympus FV1000). 

Sample preparation for confocal imaging of VNCs 
For confocal imaging of mcd8::GFP-labeled neurons in the VNCs (Fig. 1, Extended Data 

Fig.  2), we dissected the VNC from 2-day old female adults in PBS. We fixed the VNC in a 4% 

paraformaldehyde PBS solution for 20 min and then rinsed the VNC in PBS three times. We put 

the VNC in blocking solution (5% normal goat serum in PBST) for 20 min, then incubated it with 

a solution of primary antibodies (chicken anti-GFP antibody, 1:50; rabbit anti-dsRed 1:500; anti-

brp mouse for nc82 neuropil staining, 1:50) in blocking solution for 24 hours at room temperature. 

At the end of the first incubation, we washed the VNC with PBS with 0.2% Triton-X (PBST) three 

times over two hours, then incubated the VNC in a solution of secondary antibody (anti-chicken-

Alexa 488 1:250; anti-rabbit-Alexa 568 1:250; anti-mouse-Alexa 633 1:250) dissolved in blocking 

solution for 24 hours at room temperature. Finally, we washed the VNC in PBST three times, once 

in PBS, and then mounted on a slide with Vectashield (Vector Laboratories). We acquired z-stacks 

of each VNC on a confocal microscope (Olympus FV1000). 
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We aligned the morphology of the VNC to a female VNC template in ImageJ with the 

Computational Morphometry Toolkit plugin (CMTK32; http://nitrc.org/projects/cmtk). 

Sample preparation for confocal imaging of bristles on legs 
For confocal imaging of mcd8::GFP-labeled bristles in legs (Figure 1, Extended Data Fig.  

2), we selected prothoracic legs from 2-day old female adults while the flies were anesthetized 

with CO2. We immediately fixed the legs in 4% formaldehyde in PBS with 0.2% Triton-X for 20 

min and rinsed them in PBS three times over 30 minutes. We mounted the legs in VectaShield and 

acquired z-stacks on a confocal microscope (Olympus FV1000). 

Fly Transgene Full genotype Source Identifier 

UAS flp (x) P{w\[+mC\]=UAS-
FLP.Exel}1, y\[1\] w\[1118\] 

Bloomington RRID:BDSC 8208 

UAS flp (II) y[1] w[*]; P{w[+mC]=UAS-
FLP.D}JD1 

Bloomington RRID:BDSC 4539 

LexAop>stop>mcd8::GFP y\[1\] w\[\*\]; +; 
P{w\[+mC\]=lexA(stop.FRT)
mCD8.GFP}3 

Bloomington RRID:BDSC 57588 

R38B08-LexA w[*]; R38B08-LexA / CyO;
 TM6b/MKRS 

Gift from Janelia n/a 

LexAop-mcd8::GFP P{13XLexAop2-
mCD8::GFP}attP40/CyO 

Bloomington RRID:BDSC 32205 

dac-GAL4 dac-GAL4[P7d23] Gift from Victor Hatini 
(Tufts) 

 

hh-GAL4 y\[1\] w\[\*\]; Mi{Trojan-
GAL4.0}hh\[MI10526-
TG4.0\]/TM3, Sb\[1\] 
Ser\[1\] 

Bloomington RRID:BDSC 67493 

wg-GAL4 w\[\*\]; 
P{w\[+mW.hs\]=GAL4-
wg.M}MA1 

Bloomington RRID:BDSC 4918  

http://nitrc.org/projects/cmtk
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ap-GAL4 y\[1\] w\[1118\]; 
P{w\[+mW.hs\]=GawB}ap\[
md544\]/CyO 

Bloomington RRID:BDSC 3041  

Dll-GAL4 P{w\[+mW.hs\]=GawB}Dll\[
md23\]/CyO 

Bloomington RRID:BDSC 3038  

dpp-GAL4 w\[\*\]; wg\[Sp-1\]/CyO; 
P{w\[+mW.hs\]=GAL4-
dpp.blk1}40C.6/TM6B, 
Tb\[1\] 

Bloomington RRID:BDSC 1553  

rn-GAL4 w\[1118\]; 
P{w\[+mW.hs\]=GawB}rn\[
GAL4-5\]/TM3, 
P{ry\[+t7.2\]=ftz-lacC}SC1, 
ry\[RK\] Sb\[1\] Ser\[1\] 

Bloomington RRID:BDSC 7405  

mid-GAL4 w[*]; 
P{w[+mW.hs]=GawB}NP21
13 / CyO 

Kyoto DGGR  104093 

LexAop>stop>CsChrimson 
(II) 

13XLexAop2>dsFRT>CsChr
imson-mVenus in 
su(Hw)attP5 

Gift from Yoshi Aso, Janelia  

LexAop>stop>CsChrimson 
(III) 

13XLexAop2>dsFRT>CsChr
imson-mVenus in attP2 

Gift from Yoshi Aso, Janelia  

UAS-CsChrimson w[1118]; P{y[+t7.7] 
w[+mC]=20XUAS-IVS-
CsChrimson.mVenus}attP4
0 

Bloomington RRID:BDSC 55135 

UAS-mcd8::GFP P{pJFRC7-020XUAS-IVS-
mCD8::GFP}attP2 

Gift from Rubin Lab, Janelia  

R21b10-GAL4 w[1118]; P{y[+t7.7] 
w[+mC]=R21B10-
GAL4}attP2 

Bloomington RRID:BDSC 49295 

 ss04746 split GAL4 w[1118]; P{y[+t7.7] 
w[+mC]=R77C10-
p65.AD}attP40; P{y[+t7.7] 
w[+mC]=VT026010-
GAL4.DBD}attP2 

Bloomington RRID:BDSC 88151 

empty split-Gal4 w[1118]; P{y[+t7.7] 
w[+mC]=p65.AD.Uw}attP40

Bloomington RRID:BDSC 79603 
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; P{y[+t7.7] 
w[+mC]=GAL4.DBD.Uw}att
P2 

UAS-phiC31 P{UAS-phiC31}attP18; 
Star/CyO; Pri/TM6B 

Gift from Rachel Wilson  

SPARC2 CsChrimson 
(intermediate) 

TI{20XUAS-SPARC2-I-
Syn21-
CsChrimson::tdTomato-
3.1}CR-P40 

Bloomington RRID: BDSC 84144 

SPARC2 CsChrimson 
(sparse) 

TI{20XUAS-SPARC2-S-
Syn21-
CsChrimson::tdTomato-
3.1}CR-P40  

Bloomington RRID:BDSC 84145 

 

Reagent Source Identifier 

Mouse anti-Bruchpilot antibody  Developmental Studies Hybridoma 
Bank  

 

RRID:AB_2314866 

Chicken GFP polyclonal  antibody Thermofisher PA1-9533 RRID:AB_1074893 

   

Rabbit DsRed Polyclonal Antibody Takara Bio 632496 RRID:AB_10013483 

Goat anti-mouse secondary antibody, 

Alexa Fluor 633 conjugate 

Thermofisher A-21050 RRID:AB_141431 

Goat anti-Chicken IgG, Alexa Fluor 
488 

Thermofisher A-11039 RRID:AB_2534096 

Goat anti-Rabbit IgG, Alexa Fluor 568  Thermofisher A-11011 RRID:AB_143157 

Alexa Fluor Phalloidin 647 Thermofisher A22287 n/a 

Vectashield mounting medium Vector Labs H-1000 n/a 
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Bristle neuron reconstruction 
409 tactile mechanosensory axons were reconstructed from the front left leg in a 

connectome dataset of the female adult nerve cord (Fig. 2, Extended Data Fig.  1)31,34,35. 

Reconstruction, referred to as proofreading, was completed using Neuroglancer, an interactive 

software for visualizing, editing, and annotating 3D volumetric data. Proofreading entailed two 

types of edits; splitting off neurites that did not belong to the cell of interest and merging segments 

of the neuron that were falsely missed by the automated segmentation. All edits and annotations 

to these neurons are hosted and accessible on the connectome annotation versioning engine 

(CAVE) platform66. 394 of the reconstructed axons entered the VNC through the Leg Nerve, eight 

from the ventral prothoracic nerve and seven from the dorsal prothoracic nerve. A small number 

(<20) of axons could not be reconstructed due to irreconcilable segmentation errors. 

Spatial mapping in FANC 
To project the spatial axes of the leg map onto the bristle axons in FANC, three mapping 

rules were applied. The first was that each axon was classified as either anterior or posterior based 

on whether the axon morphology branched anteriorly or posteriorly upon entering the VNC (Fig. 

2B). The DV and PD axes were quantified along a gradient to reflect the distribution observed 

from the genetic labeling experiments (Fig. 1). For each axis, a mapping point was placed within 

the neuropil and the distance of every synapse from that point was calculated. To account for spatial 

outliers, we normalized the distribution of distances along each axis by the 1st and 99th percentile. 

The relative spatial prediction of each axon was the average synaptic distance from each reference 

point (Fig. 2B). 

https://www.zotero.org/google-docs/?t829IL
https://www.zotero.org/google-docs/?oLugHr
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Analysis of circuit connectivity 
To reduce the presence of weak connections and the likelihood of false positive synapse 

detections, connections with fewer than three synapses between pairs of neurons were filtered out 

of all analyses, similar to past work29,30. We proofread all downstream targets of the bristle neuron 

and 23B neuron populations that met this synapse threshold. 

We classified each neuron by class (local, intersegmental, ascending, descending, sensory 

or unknown). We defined local cells as VNC interneurons with inputs limited to the left front leg 

neuromere, whereas intersegmental cells received input from multiple neuropils. Ascending 

neurons had a soma in the VNC and projected up through the neck connective. Descending neurons 

did not have a soma in the VNC and consisted of axons that projected down from the neck 

connective. We defined sensory cells as afferent axons incoming from the peripheral neurons. 

Finally, we labeled neuronal fragments that could not be reconnected to the larger arbor as 

Unknown. Synapses that belonged to an ‘unknown’ object were also filtered out of all analyses 

(6% of the total connectivity). 

We classified all VNC neurons in the tactile circuit by developmental hemilineage. Cells 

within a hemilineage are born from the same post embryonic stem cell and share morphological 

features, neurotransmitter expression, and broad functional roles within the VNC43,46,47. We 

assigned hemilineage identity based on soma location, fasciculation bundle into the VNC and 

dendritic and axonal morphology and projection patterns46,54. We then inferred neurotransmitter 

identity from the hemilineage classification based on previously published experiments43,47. Less 

than 1%43,47neurons could not be classified into a specific hemilineage and were filtered out of any 

analyses that depended on this labeling (Fig. 2F). 

 

https://www.zotero.org/google-docs/?3UcRSr
https://www.zotero.org/google-docs/?ttD0wl
https://www.zotero.org/google-docs/?yLiX5K
https://www.zotero.org/google-docs/?upla4T
https://www.zotero.org/google-docs/?47oWhE
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23B subtype classification 
We reconstructed 62 23B neurons downstream of bristle neurons from the left front leg in 

the FANC connectome. This included 58 from the left front leg neuropil, 3 from the left wing 

neuropil that extended into the left front leg neuromere. We classified 23B neurons into subtypes 

based on the axonal projection pattern (Fig. 4). For example, 23B neurons in the left front leg 

neuromere with an axon that projected to the front right leg neuromere were considered 

Contralateral T1 neurons. 23B neurons that projected to the left wing neuropil were labeled as 

Ipsilateral Wing neurons and so on (Fig. 4A) Axons from neurons of the same subtype bundled 

together in the VNC. Therefore, in cases where neurons had axons with an ambiguous projection 

pattern, we classified them based on the axons they bundled with.  

Receptive field calculation 
Based on the spatial mapping methods outlined above, we mapped a single location on the 

leg for each bristle axon and its output synapses (Fig. 2B). For each 23B neuron, we selected all 

the input synapses from bristle axons (Fig. 3C). The receptive field along each cardinal axis was 

represented as the distribution of spatial locations as they were mapped to the presynaptic bristles 

(Fig. 3D-E). If for example a 23B neuron received input from three bristles axons that we had 

mapped to the ventral proximal area of the leg, the receptive field would be represented by the 

distribution of input synapses from those three axons. The same method was applied to each 23B 

neurons (Fig. 3E). 

SPARC labeling of 23B neurons 
To classify the axonal projection patterns of individual 23B neurons labeled by our two 

experimental lines, we crossed UAS-PhiC31; ss04746-split-GAL4 or UAS-PhiC31; R21b10-GAL4 

females to males carrying the intermediate or sparse variants of SPARC2 CsChrimson (Extended 
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Data Fig.  4). We dissected, fixed, stained, and imaged the VNCs as described above. Neurons 

were classified by manual inspection of the image stacks based on the morphology and projection 

pattern of the axon. (Extended Data Fig.  4) 

Connectome derived spatial targeting prediction 
Based on the proportions derived from our sparsely labelled VNCs (Extended Data Fig.  

4C), we sampled a subset of 23B neurons and summed the bristle input from these cells to predict 

the aggregate receptive field for that set of neurons. For example, for SS04746, there were six 

neurons labeled in each neuromere so we sampled six neurons with a sampling rate weighted by 

the proportion of subtypes present in the SPARC2 experiments (pie chart in Extended Data Fig.  

4). The aggregate receptive field from this set of six neurons was considered one simulated RF. 

We then simulated 100 RFs to create the average RF for each experimental line. 

Optogenetic experiments 
Optogenetic experiments were performed on adult female flies that were raised on 35mM 

in 95% EtOH ATR for 1-3 days, were 2-5 days old, de-winged, and fixed to a rigid tether (0.1 mm 

thin tungsten rod) with UV glue (KOA 300). These flies were placed onto a spherical foam ball 

(weight: 0.13 g; diameter: 9.08mm) suspended by air within a dark arena. A red laser (638 nm; 

1200 Hz pulse rate; 30% duty cycle, Laserland) was focused on the thorax-coxa joint of the left 

front leg (Fig. 5C). Optogenetic activation experiments were conducted on flies in which different 

subtypes of 23B neurons expressed CsChrimson, as well as flies with an empty-SpGal4 (Table 1). 

Trials were 20 seconds in duration and consisted of five seconds prestimulus, five second with the 

laser flickering on/off at 5Hz, and 10 second post stimulus (Fig. 5E). During each trial, the behavior 

each fly was recorded with 6 high-speed cameras (300 fps; Basler acA800-510 µm; Balser AG) 

and the movement of the ball was recorded at 30 fps with a camera (FMVU-03MTM-CS) and 
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processed using FicTrac67. The 3D positions of each leg joint were determined by using 

DeepLabCut68 and Anipose48 (Fig. 5C-D). Kinematic analyses were performed in a custom Python 

script.  

Leg sweep detection 
We used the 3D joint positions to detect contacts between legs (Fig. 5C-D). The automated 

tracking detected the following joints for each leg of the fly: body-coxa, coxa-femur, femur-tibia, 

tibia-tarsus, and the tarsus tip. We interpolated vectors between the joints of individual legs to 

represent the legs in 3D space. We defined contacts as individual frames where two legs were in 

close proximity to one another. The distance threshold we used to classify contacts varied between 

flies to account for diurnal variability in camera calibration settings, however they all ranged 

between 0.13-0.17 pixel distance. We defined leg sweeps as consecutive frames with a contact 

detection between the same two legs. At least one of the legs had to be moving at a minimum 

velocity of 2 mm per second to be considered a valid leg sweep (Fig. 5D-E). We added the velocity 

condition to exclude moments when the fly idly stood with two legs in contact. Finally, to account 

for noise from the binary contact detection, we merged individual sweeps that were separated by 

three or less frames (Fig. 5D-E). 

Spatial targeting and contact point annotation 
To define the spatial targeting of each grooming pattern we needed the exact contact point 

location between legs. Since we tracked joint positions and not entire leg segments, we annotated 

the contact points for a subset of frames that could then be measured relative to our interpolated 

legs. To do this we defined the first point of contact as the first frame of each individual leg sweep. 

We then divided first contacts by grooming pattern based on the legs involved; sweeps between 

the left front leg and the middle front leg were considered middle leg grooming, sweeps between 

https://www.zotero.org/google-docs/?JsFUbn
https://www.zotero.org/google-docs/?0JSyOK
https://www.zotero.org/google-docs/?Kjx9kL
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the two front legs were considered front leg grooming (Fig. 5H). We sampled first contact frames 

for each grooming pattern across the two populations of experimental flies: Middle leg grooming 

SS04746 (53), middle leg grooming R21B10 (42), Front leg grooming SS04746 (32), Front leg 

grooming R21B10 (67). All frames were annotated by a person blind to genotype using the point 

annotation software Anivia. We annotated the contact point location across all six camera views 

for each frame. Due to the variability in front leg grooming we also annotated the category of front 

leg grooming. We defined Category 1 as both front legs towards the midline. Category 2 was when 

flies brought the right leg over to the left side and contacted an extended left leg. Category 3 when 

flies brought the left front leg over to the right and contacted an extended right leg (Fig. 5H).  

To compare contact point locations relative to the leg in 3D space, we triangulated the 

annotated contact points into the same space. This was done by importing the calibration settings 

for each respective trial and running the tracking process described above. To determine the spatial 

location of the contact we measured the closest point on the interpolated legs to the annotation 

point. We defined the spatial targeting profile as the distribution of leg locations contacted for each 

grooming pattern (Fig. 5H). 

Figure Reference Genotype 

Figure 1C Leg imaginal discs: 

w[1118]; dac-Gal4 / +; UAS-mcd8::GFP / + 

w[1118]; +; rn-Gal4 / UAS-mcd8::GFP 

 

Adult vnc and leg: 

w[1118]; dac-Gal4 / UAS-flp;LexAop>stop>mcd8::GFP / R38B08-LexA 

w[1118] ; LexAop>stop>mcd8::GFP / UAS-flp; rn-Gal4 / R38B08-LexA 

Figure 5A w[1118]; +; ss04746 split GAL4 / UAS-mcd8::GFP 
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w[1118]; +; R21B10-GAL4/ UAS-mcd8::GFP 

Figure 5E-H Control 

w[1118]; P{y[+t7.7] w[+mC]=p65.AD.Uw}attP40 / P{y[+t7.7] w[+mC]=20XUAS-
IVS-CsChrimson.mVenus}attP40; P{y[+t7.7] w[+mC]=GAL4.DBD.Uw}attP2 / + 

 

Proximal 23B 

w[1118]; P{y[+t7.7] w[+mC]=R77C10-p65.AD}attP40 / P{y[+t7.7] 
w[+mC]=20XUAS-IVS-CsChrimson.mVenus}attP40 ; P{y[+t7.7] 
w[+mC]=VT026010-GAL4.DBD}attP2 / + 

 

Distal 23B 

P{UAS-phiC31}attP18 / w[1118]; TI{20XUAS-SPARC2-S-Syn21-
CsChrimson::tdTomato-3.1}CR-P40; R21B10-GAL4 / + 

Extended Data Fig.  2C Leg imaginal discs: 

w[1118]; R38B08-LexA / +; LexAop-mcd8::GFP / + (no expression) 

w[1118]; +; hh-Gal4 / UAS-mcd8::GFP 

w[1118]; mid-Gal4 / +; UAS-mcd8::GFP / + 

w[1118]; +; dpp-Gal4 / UAS-mcd8::GFP 

w[1118]; dac-Gal4 / +; UAS-mcd8::GFP / + 

w[1118]; +; rn-Gal4 / UAS-mcd8::GFP 

w[1118]; ap-Gal4 / +; UAS-mcd8::GFP / + 

w[1118]; dac-Gal4 / +; UAS-mcd8::GFP / + 

w[1118]; +; rn-Gal4 / UAS-mcd8::GFP 

 

Adult vnc and leg: 

w[1118];  R38B08-LexA / +; LexAop-mcd8::GFP / + 

w[1118]; hh-Gal4 / UAS-flp; LexAop>stop>mcd8::GFP / R38B08-LexA 

w[1118]; mid-Gal4 / UAS-flp; LexAop>stop>mcd8::GFP / R38B08-LexA 

w[1118] ; LexAop>stop>mcd8::GFP / UAS-flp; dpp-Gal4 / R38B08-LexA 

w[1118]; dac-Gal4 / UAS-flp;LexAop>stop>mcd8::GFP / R38B08-LexA 

w[1118] ; LexAop>stop>mcd8::GFP / UAS-flp; rn-Gal4 / R38B08-LexA 

w[1118]; ap-Gal4 / UAS-flp; LexAop>stop>mcd8::GFP / R38B08-LexA 

Extended Data Fig.  4A P{UAS-phiC31}attP18 / w[1118]; P{y[+t7.7] w[+mC]=R77C10-p65.AD}attP40/ 
TI{20XUAS-SPARC2-S-Syn21-CsChrimson::tdTomato-3.1}CR-P40; P{y[+t7.7] 
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w[+mC]=VT026010-GAL4.DBD}attP2 / + 

 

 

Extended Data Fig.  4B P{UAS-phiC31}attP18 / w[1118]; TI{20XUAS-SPARC2-S-Syn21-
CsChrimson::tdTomato-3.1}CR-P40; R21B10-GAL4 / + 
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Extended Data 

 

Extended Data Figure 1: Bristle axons vary in morphology. Individual bristle axon morphologies. Three 
bristle axons that branch anteriorly (top row), and three that branch posteriorly (bottom row). Axons that cross the 
anterior to posterior border (left), axons that do not cross (middle), and axons that project closer to the center of the 
left leg neuromere (right). 
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Extended Data Figure  2: GFP expression of bristle neurons driven by coexpression of different 
transcription factors in the larval leg imaginal disc, leg, and VNC. A) For each line, only bristle cells that 
express a specific transcription factor will be labeled with GFP. B) Example genetic cross. C) Shown are maximum 
intensity projections of cells in the larval leg imaginal pJFRC7-20XUAS-IVS-mCD8::GFP (green) and an antibody 
against phalloidin (magenta). Bristle neurons in the leg and VNC were labeled with mcd8::GFP (green) and an 
antibody against the neuropil marker bruchpilot (magenta), green arrows indicate a sample of labeled bristle neurons.  
From left to right: all bristle neurons labeled by R38B08-LexA alone, bristle neurons that coexpressed hedgehog (hh), 
midline (mid), decapentaplegic (dpp), dachshund (dac), rotund (rn), and apterous (ap) during metamorphosis.  

 

 

Extended Data Figure 3: Synaptic input and output counts do not vary somatotopically. A) Number 
of input and output synapses for each reconstructed bristle axon (teal). Colored by the predicted spatial location on 
the leg along the B) anterior-posterior axis (r2=4.64e-05), C) dorsal-ventral axis (r2=0.05), D) proximal-distal axis 
(r2=0.30). 
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Extended Data Figure 4: Experimental lines SS04746 and R21B10 label different 23B subtypes. A) 
VNC expression of SS04746 (top) and R21B10 (bottom) from the Janelia library (left). B) Example VNCs from 
sparsified line SS04746-gal4xSPARC2-CsChrimson (top) and R21B10-gal4xSPARC2-CsChrimson (bottom). 23B 
neurons in the VNC were labeled with mcd8::GFP (white) and an antibody against the neuropil marker bruchpilot 
(blue). Each neuron was classified by axonal projection pattern. C) Proportion of different 23B subtypes in SS04746 
(n=21) and R21B10 (n=17).  
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Extended Data Figure 5: 23B subtypes connectivity onto premotor neurons in T1L, T1R, and T2L. 
A) Proportion of 23B output connectivity onto different neuron classes in the VNC. B) 23B subtype connectivity onto 
premotor pools for the left front leg (T1L), right front leg (T1R), and the left middle leg (T2L). The bar graph 
represents the number of 23B neurons of each subtype that contact any premotor neurons within each leg neuropil. 
Boxplots represent the proportion of 23B output synapses onto premotor neurons within each leg neuropil. Color bars 
represent different 23B subtypes, from left to right: Ascending, Club, Dorsal, Midline Intersegmental, Midline, 
Contralateral Intersegmental, Ipsilateral T1, Contralateral T, Contralateral T2, Ipsilateral T3, Anterior, Ipsilateral 
Wing, and Contralateral Wing. Arrows indicate the most prominent subtype in the proximal (SS04746) and distal 
(R21B10) grooming lines. For all box plots, center line, median; box limits, upper and lower quartiles; whiskers, 1.5x 
interquartile range; outliers not shown. 

 

 

 

Extended Data Video 1: Proximal 23B activation in headless flies. Example trial for optogenetic 
activation of proximal 23B neurons (SS04746) expressing CsChrimson. Each trial was 20 
seconds in duration, five seconds prestimulus, five seconds with the laser flickering on/off at 
5Hz, and 10 seconds post stimulus. 

Extended Data Video 1: Distal 23B activation in headless flies. Example trial for optogenetic 
activation of distal 23B neurons (R21B10) expressing CsChrimson. Each trial was 20 seconds in 
duration, five seconds prestimulus, five seconds with the laser flickering on/off at 5Hz, and 10 
seconds post stimulus. 

Extended Data Video 3: Laser activation of empty-SpGal4 in headless flies. Example trial for laser 
activation of empty-SpGal4 flies with no CsChrimson expression. Each trial was 20 seconds in 
duration, five seconds prestimulus, five seconds with the laser flickering on/off at 5Hz, and 10 
seconds post stimulus. 

 



 111 

Is the spatial location of chemosensory stimuli 
preserved in neural circuits of the fly ventral nerve cord? 
 

All animals use chemosensation to help them maneuver through the world. Yet, how they 

respond to a given chemical stimulus depends on the context: what chemical was perceived and where 

it was perceived. In the fly, chemosensory neurons that respond to different stimuli are distributed 

on the leg. Here we analyzed the synaptic wiring of the leg chemosensory system in the fly ventral 

nerve cord (VNC) to elucidate chemical modality and spatial location are mapped at the synapse 

level. We used a volumetric electron microscopy dataset of the entire VNC to reconstruct 106 

chemosensory axons from the front left leg of an adult female fly. We clustered these neurons by 

morphology and identified five distinct groups that projected to specific regions within the fly VNC. 

Chemosensory neurons exhibited "like-to-like" connectivity wherein neurons synapsed onto other 

neurons from the same cluster. Neurons from the same cluster also shared largely distinct 

postsynaptic partners compared to neurons from other clusters. This suggests that chemosensory 

neurons of the same type converge onto similar neurons while distinct chemosensory neurons feed 

into distinct parallel circuits. We then mapped the spatial location of chemosensory neurons. We 

observed that neurons of the same type clustered together while neurons from different types 

occupied distinct overlapping bands along the proximal-to-distal axis of the leg. Overall, this study 

provides a circuit mechanism for how flies disentangle what chemical was perceived and where it was 

perceived on the leg.  

Foreword 
 

In Chapter 2 we examined how tactile information is organized in the fly ventral nerve 

cord. Focused on mechanosensory neurons at the base of hairs all over the fly leg, we used the 

connectome to predict specific receptive fields of downstream neurons. We showed that the 
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activation of local neurons with different receptive fields elicited distinct and spatially targeted 

grooming responses that matched our connectome predictions. While each bristle hair on the fly 

is innervated by one tactile mechanosensory neuron, a subset of these hairs are considered 

chemosensory bristle hairs which are innervated by several chemosensory neurons in addition to 

the mechanosensory neuron at the base.1,2 Similar to our initial predictions in Chapter 2, previous 

studies suggest that these chemosensory neurons are also organized somatotopically in the nervous 

system.3 As such, the following chapter will examine the extent to which chemosensory axons 

from the fly leg preserve spatial information with respect to their connectivity and sensory 

modality.  

Introduction 

Across the animal kingdom, chemosensation is essential for critical behaviors such as 

feeding, foraging, protection against toxic compounds courtship and reproduction.4–6 Defined as 

the ability to detect chemical compounds, it encompasses sensations like taste, olfaction, and 

nociception among others. In vertebrates, chemosensory neurons are located all over the body and 

differentially express receptors that respond to different chemical compounds, thereby giving us 

the ability to distinguish substances as sweet, bitter, salty, sour, umami, spicy and so on.7–10 

Similarly, insects have what are referred to as chemosensory sensilla that are found all over the 

body. In Drosophila, these sensilla are found at the base of hairs in the labellum, interior pharynx, 

distal legs and anterior wing.10–12 These chemosensory hairs each contain a pore at the tip that is 

innervated by two to four chemosensory neurons that project their axons in the central nervous 

system (Figure 1).1,2 Critically, each chemosensory neuron at a given sensilla expresses different 

receptors and thereby distinguishes different qualities of taste or pheromones. This mosaic of 

chemosensory receptor expression in the fly mediates a vast repertoire of behaviors in response to 
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the world around them. For example, flies elicit appetitive behaviors towards sweet and low salt 

compounds, whereas they will exhibit avoidance behaviors in response to bitter and high salt 

compounds.13–15 Further, the ability to detect different pheromones has been shown to aid in 

behaviors such as mate selection and prevent cross-species courtship.16–18 This brings into question 

how chemosensory information is mapped in the nervous system and how the structure of the 

circuit facilitates variability in motor responses to different chemosensory stimuli.  

In the nervous system, evidence suggests that gustatory neurons, a subclass of 

chemosensory neurons, are organized topographically by taste modality (e.g. sweet versus bitter). 

In the brain, neurons expressing sweet receptors project to different areas of the subesophageal 

ganglion (SOG) than those that express bitter receptors.3,19 High resolution volumetric electron 

microscopy (vEM) from the adult brain suggests that neurons of the same taste modality are also 

more laterally connected receiving on average 39% of their synaptic inputs from other gustatory 

neurons of the same type.20 This sensory-to-sensory connectivity has been shown in other sensory 

systems such as fly olfaction, where olfactory neurons receive on average 40% of their synaptic 

input from other olfactory neurons projecting to the same glomerulus,21–23 and mechanosensation 

where mechanosensory neurons that are closer together in the periphery are more connected 

synaptically.24,25 It is thought that this interconnectedness of sensory neurons may be one way for 

the nervous system to amplify similar signals, repress opposing signals, modulate the gain, or 

sensitivity to specific compounds.26–28 Although some qualities of taste are mapped separately 

within the nervous system (particularly sweet versus bitter) many GRNs express multiple receptors 

across overlapping populations.5,19 This variability is thought to mediate increased sensory 

discernibility and behavioral flexibility within the nervous system.13,29–31 Investigations in the 

brain suggest that gustatory neurons of different types contact distinct postsynaptic partners.32 This 
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divergence of downstream targets is thought to underlie the behavioral differences observed in 

response to different gustatory stimuli. 

Beyond taste modality, the somatotopic location of where the chemical is sensed on the 

body can also influence the types of actions and behaviors that are elicited in response. For 

example, mosquitos that sense sucrose on one side of their body will reliably turn towards the 

direction of the detected sugar.33 Similarly, activation of GRNs from different areas on the body 

elicit different behaviors.34 The same study that mapped gustatory neurons by taste modality also 

showed that these neurons were organized by body segment.3 For example, within the area of the 

SOG specific to sweet sensation, the neuropil can be further divided into axons projecting from 

the proboscis, mouthparts and the leg. Further, these different populations of sweet neurons have 

been shown to have distinct downstream connectivity suggesting a circuit mechanism for spatially 

distinct behavior.20 In fact, previous studies suggest that even decapitated flies respond to chemical 

compounds suggesting that some level of chemosensory mapping must be maintained within the 

ventral nerve cord (VNC).35 Therefore, an investigation into the spatial topography of 

chemosensation within the VNC would provide insight into how the nervous system organizes 

sensory information to elicit the appropriate behavior in response to variable stimuli.  

In the following chapter, we sought to elucidate the topographic organization of leg 

chemosensory axons in the VNC of an adult female fly. While previous studies suggest that axons 

from different body segments are separated in the brain (e.g. mouth versus leg),3 we explored 

whether the connectivity of these cells suggest a finer map of the leg or if the nervous system 

integrates information across the entire leg. Here we reconstructed the circuitry of 106 

chemosensory neurons from the fly foreleg and we organized these axons into putative clusters 

based on morphology and synaptic connectivity. We then analyzed the connectivity with respect 
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to postsynaptic neurons in the circuit and described a potential organization of chemosensory 

neurons that would preserve spatial and modality specific information from the leg within the 

VNC. In summary we present a map of chemosensory information that suggests that flies can not 

only distinguish between different types of chemosensory compounds on the leg but also where 

on the leg it was sensed. 

Results 

 

Figure 1: Chemosensory neurons are more synaptically connected to other chemosensory neurons 
with similar morphology. a) Leg chemosensory neurons are located at the base of some bristle hairs. The dendrite 
projects to a pore at the tip of the hair (bottom inset) and the axon projects into the VNC (top inset). b) Chemosensory 
axons in the VNC (n=106) clustered into five groups based on morphology (NBLAST, see methods). c) Output 
synapse positions from each morphology cluster occupied distinct areas of the VNC as viewed along the anterior-
posterior axis (left) and ventral to dorsal axis (right). d) Synaptic connectivity between chemosensory axons 
(symmetric rows and columns); axons ordered by morphology cluster, color bar represents the proportion of all 
synaptic output onto individual chemosensory axons. e) Cosine similarity of connectivity matrix in d. Morphology 
clusters outlined in black, connectivity based subclusters outlined in red. Color bar represents the cosine similarity 
value with 0 denoting no similarity and 1 denoting exact similarity. f) Proportion of all input synapses from 
chemosensory axons for neurons in each morphology cluster (left). Proportion of all output synapses onto 
chemosensory axons for neurons in each morphology cluster (right). For all box plots, center line, median; box limits, 
upper and lower quartiles; whiskers, 1.5x interquartile range; outliers not shown. 
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Morphology and Sensory Connectivity 
 

To investigate how chemosensory information from the leg is organized in the nervous 

system, we traced the circuitry of afferent axons in the VNC and their subsequent postsynaptic 

targets. The cell bodies and dendrites of chemosensory neurons are located at the base of select 

chemosensory hairs on the leg and the axon projects into the VNC (Fig. 1a). We reconstructed 106 

chemosensory axons from the front left leg using a public vEM dataset of the female adult nerve 

cord (FANC) that contains morphological, ultrastructural, and synaptic information for all the 

neurites  within the VNC.36–38 The neurons were identified as chemosensory based on their unique 

morphologies and ventral projection patterns (see methods).10–12 Chemosensory neurons exhibit 

distinct shapes and branching patterns within the VNC thus we used NBLAST to further subdivide 

these axons into five clusters based on morphology (Fig. 1b, see methods).39  

As expected from previous work, all the chemosensory neurons projected to the ventral 

surface in the VNC. However, axons with different morphologies projected to distinct regions 

within the chemosensory neuropil. Neurons in Cluster 1, 2, and 3 projected to the midline of the 

VNC near the border between the front left and right leg neuropil, however they differed in the 

shape or their axons and the location along the anterior to posterior axis. Cluster 3 neurons were 

closest to the anterior portion of T1L (near the neck connective) whereas neurons from Cluster 1 

and 2 were closer to the center of T1L. Neurons in Cluster 4 also projected in the center of T1L 

but terminated more laterally than those in Clusters 1 and 2. Finally, neurons in Cluster 5 all 

projected straight across the center of T1L but were distinct in that all of these neurons ascended 

to the brain through the neck connective (Fig. 1b). 
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Using the automated synapse predictions36–38 we observed that this subdivision of the 

chemosensory neuropil was maintained at the synaptic level as the synapse locations of neurons 

from different morphological clusters occupy different areas in 3D space (Fig. 1c). Based on 

previous investigations of chemosensory neurons in the fly brain20 we expected that neurons would 

be more synaptically connected with sensory neurons of similar morphology and this is exactly 

what we observed. Chemosensory neurons in three of the five clusters were most connected to 

other neurons from the same morphology cluster (Fig. 1d-e). Neurons in cluster 3 and 5 scarcely 

made synapses onto other chemosensory neurons, however the neurons in cluster 5 all project to 

the brain and thus they may be synaptically connected outside the bounds of this dataset. It should 

be noted that while the connectivity of chemosensory neurons to one another largely aligned with 

the morphological clustering, there were instances where highly connected subclusters emerged 

within a given morphology cluster (Fig. 1e). Furthermore, this like-to-like connectivity made up a 

large portion of chemosensory neuron input. Neurons in cluster 2 received on average 50% of their 

synaptic input from other neurons within cluster 2 (Fig. 1f). This proportion input was much higher 

than other sensory neurons in the leg such as the tactile bristles presented in Chapter 2 (<10%) and 

proprioceptors from the femoral chordotonal organ (<1%).40 

Downstream Connectivity Patterns 

There were four main classes downstream of chemosensory neurons: ascending neurons 

that projected up to the brain, intersegmental neurons which received input from multiple neuropil 

in the VNC, local neurons which only received input within T1L, and descending axons projected 

down from the brain (Fig. 2a). Across the entire population of chemosensory neurons, ascending 

and intersegmental neurons were the most numerous partners, with a small subset of local neurons 

and a few descending neurons. This was reflected in the relative strength of these connections, as 
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chemosensory neurons received the largest proportion of their synaptic input from intersegmental 

and ascending neurons. Neurons in Cluster 4 were an exception in that they received 33% of their 

inputs from descending neurons as compared to the other clusters which received on average only 

9% descending input.  
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Figure 2: Leg chemosensory axons target distinct populations of ascending and intersegmental 
neurons. a) Chemosensory axons targeted four classes of non-sensory neurons; Ascending (n=70), Descending 
(n=7), Local (n=20), Intersegmental (n=45). b) Proportion of total synaptic input from each class of neurons (top). 
Proportion of total synaptic output onto each class of neurons (bottom). c) Connectivity between chemosensory 
neurons ordered by morphology cluster (rows) and postsynaptic partners ordered by class. Colorbar represents 
proportion input (see methods). d) Connectivity between chemosensory neurons ordered by morphology cluster (rows) 
and postsynaptic partners grouped by their developmental hemilineage. Colorbar represents the proportion of synaptic 
output for each axon onto each hemilineage. e) Total number of input synapses for individual 5B and 9B neurons 
plotted against the percentage of their total synaptic input that comes from chemosensory neurons from the left foreleg 
(top left). Maximum selectivity for individual 5b and 9B neurons. Neurons were sorted by the morphology cluster for 
which they received the most input (see methods) (bottom left). Proportion input of 5B and 9B neurons from different 
morphology clusters. Radial lines represent percent input in increments of 20%, corners represent distinct morphology 
clusters, markers represent individual 5B or 9B neurons (right). For all box plots, color represents morphology clusters, 
center line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range; outliers not shown. 

 

Looking downstream, 50% of chemosensory synapses targeted ascending neurons alone. 

Intersegmental, local and descending neurons received 23%, 3%, and 3% respectively. This was 

in stark contrast with connectivity patterns of mechanosensory neurons in Chapter 2 and other 

sensory neurons from the leg, all of which largely contact local T1L neurons.40,41 Note that neurons 

from cluster 3 were distinct in that 33% of their synapses onto descending neurons. Not only did 

neurons within the same morphology cluster exhibit similar cell class preferences, many of them 

synapsed onto the same postsynaptic neurons (Fig. 2c).  

Neurons in the VNC are commonly classified by their developmental hemilineage as it is 

thought that neurons from the same hemilineage release the same neurotransmitters and may share 

functional roles.42,43 Thus we sought to see if chemosensory neurons targeted specific 

hemilineages. To begin answering this question we classified each ascending, intersegmental, and 

local neuron by the neurodevelopmental hemilineage.42,43 5B and 9B neurons, both intersegmental 

and ascending, were the most numerous and the strongest downstream partners across 

chemosensory neurons, with 31 and 29 neurons receiving an average of 33% and 22% of the output 

respectively (Fig. 2d). Unlike the mechanosensory neurons in Chapter 2 which most strongly 
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targeted cholinergic neurons, both 5B and 9B are thought to be inhibitory, with the third strongest 

cell-type downstream of chemosensory neurons, 1B, also being inhibitory.43  

Although over 60% of chemosensory output targeted intersegmental neurons that had 

dendrites spanning all leg and wing neuropils, we wanted to investigate if the downstream targets 

were selective to the type of chemosensory neuron they received input from. To do this, we focused 

on the 5B/9B neuronal population to limit cell-type variability whilst capturing the majority of the 

synaptic connectivity in the circuit. 5B/9B neurons received between 100-8,000 synapses with an 

average of 8% of their total synaptic input from chemosensory neurons from the left leg alone (Fig 

2e, top). Note that these neurons receive inputs from multiple neuropil and thus the overall 

proportion of chemosensory input may be higher. 

5B/9B neurons that received most of their inputs from chemosensory neurons in cluster 4 

or cluster 5, were more selective in that they received little to no input from neurons in other 

clusters (Fig 2e, bottom). On the other hand, if a neuron received most of its chemosensory input 

from cluster 1 or 2, it received input from other neurons as well (Fig 2e, bottom). In fact, most of 

the cross-talk was between neurons in Clusters 1 and 2 (Fig. 2e, right). Few neurons received input 

from Cluster 3 neurons though there was one neuron that was exclusively postsynaptic to Cluster 

3 (Fig. 2e bottom and right). 

Somatotopic Mapping 
 

In the brain, chemosensory neurons are organized somatotopically and by modality.3,19 We 

wanted to investigate if the somatotopy of chemosensory neurons on the leg was maintained in the 

VNC i.e. could we further subdivide leg chemosensory neurons along the proximal-distal axis. To 

do this we applied a similar framework to mapping as described in Chapter 2 (see methods). 
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Based on spatially restricted labeling of chemosensory sensilla on the leg, we observed that 

chemosensory neurons that were more distal on the leg, projected closer to the middle of T1L in 

the VNC (Extended Data Fig. 2). On the other hand, neurons that were more proximal projected 

further away from the midline. For this reason, we used a reference line along the middle of T1L 

and measured the distance of every synapse from a chemosensory neuron to that line (Fig. 3a). 

Synapses from individual axons occupied limited areas of the chemosensory neuropil (Extended 

Data Fig. 2), thus neurons with an average synaptic distance closer to the reference line were 

predicted to be more distal on the leg than those with synapses further away (Fig. 3a). From this 

mapping we predicted that axons from different morphology clusters originated from overlapping 

yet distinct portions of the leg. Neurons from Clusters 4 and 5 were predicted to be the most distal 

on the leg, with neurons from Clusters 1 and 2 predicted to be more proximal (Fig. 3b). Finally, 

neurons from Cluster 3 were predicted to be the most proximal with no overlap in the spatial 

distributions of the other chemosensory neurons (Fig. 3b). 
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Figure 3: Somatotopy of chemosensory neurons on the leg. a) Output synapses from reconstructed 
chemosensory neurons in the VNC (gray points). Output synapses from one example chemosensory neuron from 
Cluster 2 (yellow points). Distance from an example synapse to the reference line (red) shown in dashed black line 
(left). All output synapses colored by the average synapse distance from the reference line (red) for each chemosensory 
axon (right) For each axon, the closer the average distance from the reference line the more distal the predicted position 
on the leg. b) Predicted distribution of chemosensory neurons along the proximal to distal axis of the leg, neurons 
grouped by morphology cluster. c) i) Receptive fields of postsynaptic 5B or 9B neurons. Two example neurons from 
cluster 4 (Neuron 1) and cluster 2 (Neuron 2). ii) Chemosensory synapses into Neuron 1 (top) and Neuron 2 (bottom). 
iii) Predicted receptive field along the proximal to distal axis of the leg based on the average synapse distance of all 
input synapses for each neuron. d) i) Receptive field for each 5B or 9B neuron (Intersegmental left, Ascending right) 
that receives input from chemosensory axons ordered and colored by morphology clusters. Morphology clusters 
ordered by average position on the leg in descending order. ii) Normalized receptive field variability among 5B and 
9B neurons within each morphology cluster with 1 representing the most variability. For all box plots, center line, 
median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range; outliers not shown.  

To investigate whether these differences in predicted spatial distribution were maintained 

within the circuit we mapped that spatial receptive field of individual 5B/9B neurons based on the 

chemosensory input that they received (see methods). Neurons that received synaptic input from 

predicted distal chemosensory neurons were predicted to have receptive fields that were more 

distal compared to those that received input from proximal chemosensory neurons (Fig 3c-d.i.). 

Based on the different spatial distributions of the morphology clusters we wanted to probe the 

spatial variability of post-synaptic neurons within a cluster. For example, if a neuron receives input 

from a given Cluster, does it have a similar receptive field to other neurons downstream of the 

same Cluster or do different neurons have different receptive fields? By comparing the predicted 

receptive fields within a morphology cluster, we found that input from Cluster 2 neurons spatially 

homogenous across the intersegmental and ascending populations (Fig. 3d). On the other hand, 

neurons downstream of Cluster 5 received input from spatially distinct subsets of Cluster 5 neurons 

(Fig. 3d). Overall, input from neurons in Clusters 3 and 5 were the most spatially variable, Clusters 

1 and 4 received less variable input and input from Cluster 2 had little to no variability (Fig. 3d.ii). 
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Discussion 

In this study we explored the variations in morphology and synaptic connectivity of 

chemosensory neurons from the left foreleg of an adult female fly. We reconstructed 106 axons in 

the FANC connectome dataset and organized them into 5 clusters based on morphological 

similarity. We found that synapses from these morphology clusters occupied different areas within 

the chemosensory neuropil and chemosensory neurons were more interconnected with neurons in 

the same morphology clusters suggesting like-to-like sensory connectivity. The postsynaptic 

partners of these axons were also distinct, however there are similarities in overall connectivity 

patterns. For example, ascending and intersegmental neurons received the most synaptic input 

across four of the five morphology clusters and the most numerous and strongest downstream cell-

type to these sensory neurons were 5B and 9B neurons, which are both thought to be inhibitory. 

While the input to these 5B/9B neurons was broadly selective for specific morphology clusters, 

the input was more intermixed for cells that were postsynaptic to Clusters 1 or 2.  

Finally, we investigated the spatial mapping of leg chemosensory axons. Based on synapse 

location, we predicted that neurons from different morphology clusters would be located in distinct 

but overlapping bands along the proximal to distal axis of the leg. Four of the five clusters were 

predicted to be on the distal leg whereas one cluster was predicted to project from a more proximal 

portion of the leg. Utilizing this spatial mapping, we quantified the receptive fields of postsynaptic 

5B and 9B neurons and found that neurons postsynaptic to Clusters 1,4 and 5 had more variable 

receptive fields than those postsynaptic to Cluster 1 or 2 suggesting that the spatial resolution of 

input from these chemosensory neurons would be higher in the former compared to the latter. 
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From morphology to modality 
 

Extensive research has been done on the morphology and projection patterns of 

chemosensory neurons that respond to different chemical modalities such as sweet, bitter, water, 

and pheromones among others.4,5,44 However, much of that work utilized genetic labeling 

techniques that either label sparse subsets or entire populations and thus the exact morphologies 

of all chemosensory neurons with respect to modality is not known. Here we had the unique 

opportunity to reconstruct individual neurons across the chemosensory population from the front 

left leg nerve with 4nm resolution and thereby characterized each neuron by its specific 

morphology and projection pattern. Due to the mismatch in resolution and the lack of receptor 

expression data we could not definitively classify neurons by modality. That said, the similarities 

in morphology, like-to-like interconnectedness, and downstream connectivity lead us to believe 

that the clusters we present here separate well known chemosensory types.  

For example, Cluster 2 likely contains pheromone neurons due to the shape and sheer 

number of these axons. Furthermore, the downstream connectivity of Cluster 2 separates these 

neurons into two subclusters which may represent a previously described distinction between 

cholinergic and glutamatergic pheromone neurons on the leg.18 Neurons in Cluster 1 may contain 

sweet sensing neurons however the variability in morphology and connectivity suggests that this 

cluster contains neurons from multiple modalities. Similarly, some of the neurons in Cluster 4 

exhibited a straight and symmetric morphology previously attributed to water sensing neurons,45 

however the variability within this cluster included neurons with morphologies that have not been 

characterized before. All of the neurons in Cluster 5 ascend to the brain and thus based on previous 

studies we believe that many of these neurons are bitter or sweet sensing neurons.45 This is 

supported by variability in the downstream targets within this cluster, however due to the low 
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synapse counts in the VNC it is likely that these axons are more distinguishable based on their 

synapses in the brain. Overall, similarities in connectivity between clusters may suggest that 

neurons of the same modality are found within different morphology clusters or that certain 

postsynaptic neurons are sensitive to a broader signal such as the valence of the stimulus e.g. 

whether a given stimulus is aversive or appetitive.3 

Cluster 3 neurons were different from the rest of the chemosensory neurons in almost every 

respect. These neurons were labeled as chemosensory for their thin axons, ventral projections 

within the leg neuropil, they entered the VNC with other chemosensory neurons from the leg nerve 

and have been previously characterized as such in a connectome dataset of the male adult nerve 

cord.46,47 However, their morphology was distinct in that they projected along the anterior edge of 

leg neuropil to the contralateral neuropil while the rest of the neurons projected closer to the 

middle. While our spatial mapping predicted that most chemosensory neurons are found in the 

distal leg, as corroborated by the literature, the spatial prediction for Cluster 3 neurons was far 

more proximal. Moreover, the rest of the chemosensory neurons projected in a similar direction to 

the distal mechanosensory neurons described in Chapter 2. On the other hand, Cluster 3 neurons 

projected to a similar area of the leg neuropil as the anterior proximal mechanosensory neurons.  

The synaptic connectivity profile of these neurons was also different from the rest of the 

chemosensory population. Firstly, they did not exhibit any sensory-to-sensory connectivity 

whereas other clusters had as high as 50% of their synaptic input from other chemosensory 

neurons. Notably, Cluster 3 neurons made on average 33% (Fig. 2b) of their synaptic outputs 

directly onto descending neurons as compared to the other clusters which made little to no synapses 

onto this class of neurons. This direct connection to descending input from the brain may suggest 

that these neurons are involved in shorter sensorimotor circuits compared to the other clusters 
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where most output synapses were onto ascending neurons e.g. that information is sent up to the 

brain before it reaches the motor circuits in the VNC. Lastly, many of the postsynaptic neurons 

that received input from Cluster 3 did not receive input from other chemosensory types further 

suggesting that Cluster 3 neurons provide some unique sensory signal as compared to the rest. 

Spatial somatotopy of chemosensory neurons 
 

In this study we sought to understand how chemosensory information is organized in the 

fly VNC with respect to both the chemosensory modality and the spatial position of the stimulus. 

At first glance, all the chemosensory neurons project to a similar region of the leg neuropil, they 

contact the same types of postsynaptic neurons, and these postsynaptic neurons are largely 

intersegmental or ascending neurons with dendrites in every leg neuropil (unilateral and bilateral). 

This level of convergence and integration across neuropil might suggest that the spatial resolution 

of chemosensory signals is at the level of body segments e.g. legs, mouthparts, proboscis etc.3 An 

alternate hypothesis could be that spatial information is carried by the mechanosensory neuron at 

the base of each chemosensory hair. However, we found that mapping synapse location was critical 

to uncovering a finer spatial map of the leg in several ways. With exact synapse position we were 

able to see that different groups of axons made synapses within limited regions of the 

chemosensory neuropil (Fig. 1c). Moreover, despite the homogeneity in cell-type targeting, the 

individual neurons postsynaptic to each cluster of chemosensory neurons were distinct (Fig. 2c). 

Our synapse based leg mapping approach predicted that the neurons from different clusters project 

from distinct but overlapping bands along the leg with the vast majority of axons predicted to come 

from the distal leg (Fig. 3b). This corroborated anatomical studies of the distribution of different 

types of chemosensory neurons on the leg.10,48,49 Finally, by quantifying the receptive fields of 



 127 

individual postsynaptic neurons, we predicted that there is in fact a finer map of the leg represented 

within the organization of chemosensory neurons and their downstream targets (Fig. 3).  

Does the fly need to distinguish the spatial location of chemosensory stimuli? For example, 

if a mosquito turns right upon detecting sucrose on its right legs, does the behavior change if it 

was detected on the proximal tarsus versus the distal tarsus? Just as flies can localize mechanical 

stimuli to remove pests or dust, one might imagine that a finer resolution of chemosensory 

information would aid in the removal of chemical irritants as well. In fact, the same chemosensory 

stimulus can result in distinct behaviors from an insect depending on the spatial location of the 

stimulus.48 While our results posit that the wiring diagram of the chemosensory circuit maintains 

a spatial map of the leg, further investigations into the functional role of this mapping are necessary 

to understand how this spatial organization directs the behavior of the fly.  
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Methods 
Morphology Assignment 

Morphological assignments were based on characterization of both previous studies in the 

literature as well as a collection of sparsely labeled cells that we collected. Based on these two 

sources, chemosensory neurons were defined as thin axons that entered the VNC through the front 

left leg nerve and projected along the ventral surface. All our chemosensory annotations were 

corroborated by similar annotations completed from a public dataset of the male adult nerve 

cord.46,47 This resulted in 106 axons which were subsequently reconstructed. Reconstruction 

involved manual editing of the automated segmentation to remove any falsely merged segments 

and add any false split branches. Due to the variability in shape and branching patterns among 

chemosensory neurons, we used NBLAST to agnostically cluster the neurons by morphology.39 

Briefly, this method uses the skeletonized representation of neurons to compute a distance matrix 

based on the position and branching pattern of each neuron. We then applied Agglomerative 

Clustering to achieve five distinct morphological clusters.  

Cell Identification 

All neurons were assigned three levels of labels, flow class, hemilineage, and putative 

neurotransmitter. The flow class assignment denotes the overall projection pattern of each 

individual cell. Ascending neurons have a cell body around the VNC and send at least one 

projection to the brain through the neck connective. Descending neurons consisted of sole axons 

that descended through the neck connective. Intersegmental neurons had a local soma, local axon, 

and had a dendritic arbor that spanned more than one neuropil e.g. dendritic arbors in T1L and 

T2L. Local neurons were similar, but their dendritic arbor was restricted to only one neuropil. 
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Finally, all axons incoming from peripheral nerves were labeled as sensory neurons. Hemilineage 

labels were assigned by morphology and neurite bundle. These annotations were cross referenced 

with those assigned in another public dataset from the male ventral nerve cord to ensure consistent 

labeling.46,47 Finally, a putative neurotransmitter was assigned based on previous literature that 

experimentally quantified neurotransmitters released for each hemilineage.43  

Connectivity Analyses 

All connectivity-based analyses utilized the predicted synapse counts and positions made 

available with the FANC dataset.36–38 Due to the homogeneity in synapse size, the raw synapse 

count between any two neurons was used as the connection weight. To minimize the impact of 

false positive synapses and very weak connections, all connections were filtered with a synapse 

threshold of >= 4 synapses. Note that for all the instances where proportion input or output was 

calculated, the total unfiltered synapse count was used in the denominator to more closely reflect 

the true connection weight.  

Similarity matrices were calculated using the cosine similarity of the weighted connectivity 

matrix. All matrix rows were ordered by morphology cluster and cosine similarity (Fig. 1d-e, Fig. 

2c-d). If the columns in a matrix represented chemosensory neurons, they were also ordered by 

morphology cluster and cosine similarity (Fig. 1d-e). In matrices where the columns represented 

postsynaptic targets, columns were ordered by cell class (ascending, descending etc.), hemilineage, 

and presynaptic cluster preference (i.e. the cluster it received the most input from) (Fig. 2c-d).  

Selectivity Index 

To calculate the selectivity index of 5B/9B neurons (Fig. 2e) each neuron was categorized 

based on the chemosensory cluster that it received the most input from. For example, a neuron that 
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received 0.6, 0.2, 0.2 input from clusters 2, 4 and 5 respectively would fall under cluster 2. The 

reported distributions of selectivity accounted for the maximum selectivity of each neuron (Fig. 

2e bottom) while the breadth and variability of chemosensory input was reported separately (Fig. 

2e right).  

Spatial Mapping  

To map the proximal to distal somatotopy of the leg in the VNC we adapted the methods 

described in Chapter 2. A reference line was placed in the middle of the left foreleg neuropil, T1L, 

that ran parallel to the angle from the leg nerve towards the middle of the VNC that is observed by 

all bristle neuron axons (chemosensory and tactile). For each chemosensory neuron, we calculated 

the distance between the reference line and each individual synapse. To ensure that individual 

axons referred to only one location on the leg, each axon was represented by the average distance 

of its synapses. All distances were capped by the 5th and 95th percentile to account for potential 

outliers. As all the distances are calculated in voxel space and represented a relative position, we 

then normalized the distances by the 95th percentile so that neurons with a value closer to 1 

represented the most proximal neurons and values closer to 0 represented more distal neurons. 

Receptive Fields 

Receptive fields of postsynaptic neurons were calculated with respect to the proximal-to-

distal axis of the leg. For each postsynaptic neuron we calculated the weighted spatial prediction 

of all the chemosensory input synapses. Thus, the receptive field was represented by the 

distribution of input synapses multiplied by the predicted spatial location on the leg of each sensory 

axon. For example, a neuron that received 10 input synapses from an axon with a spatial index of 
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0.5 and 20 synapses from an axon with a spatial index of 0.1 had a receptive field of 10(0.5) + 

20(0.1). 

To probe the spatial variability within clusters the receptive fields reported in Fig. 3d were 

filtered for within cluster connectivity only. This means that a neuron that received input from 

multiple chemosensory clusters was represented once in each cluster and the receptive field was 

limited to the synaptic input from that cluster alone. 

Receptive Field Variability 

To measure the RF variability downstream of different chemosensory clusters we took the 

mean spatial index of the receptive field of each postsynaptic neuron and calculated the standard 

error of the mean across all postsynaptic neurons within a chemosensory cluster. To compare the 

SEM across clusters we normalized each value by the maximum variation for intersegmental and 

ascending neurons respectively (Figure 3dii).  
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Extended Data 

 

Extended Data Figure 1: Synapses from individual neurons are spatially limited within the 
chemosensory neuropil. a) Points represent all output synapses from chemosensory neurons colored by 
morphology cluster. b) Each plot represents synapses from one example neuron (colored points) compared to all output 
synapse points (gray). Five example neurons shown for each cluster.  
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Extended Data Figure 2: Chemosensory neurons from the tarsus project centrally relative to tibia 
chemosensory neurons. a) Confocal image of the fly foreleg leg stained with rhodamine (magenta), chemosensory 
neurons labeled with GFP (green) from the fifth tarsal segment. (left). Inset represents 40X zoom of the same image. 
VNC from the same fly, GFP expressing chemosensory axon (green), and an antibody against the neuropil marker 
bruchpilot (magenta)(right). b) Confocal image of the fly foreleg leg stained with rhodamine (magenta), chemosensory 
neurons labeled with GFP (green) from the distal tibia (left). Inset represents 40X zoom of the same image. VNC from 
the same fly, GFP expressing chemosensory axon (green), and an antibody against the neuropil marker bruchpilot 
(magenta)(right) c) Axon reconstructions from a composite of 16 VNCs with single axon GFP labeling. Axons from 
tarsus chemosensory neurons (blue) and tibia chemosensory neurons (red). 
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Conclusions and Future Directions 
 

In this dissertation, I present three investigations of neural circuit structure. In the first 

chapter, I explore the cell-type diversity of circuits in the mouse visual cortex. At its core, this 

work presents an efficient, scalable solution in response to a technical hurdle – automated cell-

type predictions for large-scale datasets that are agnostic to proofreading. Yet it also brings into 

question the definition of a cell-type. Mammalian neuronal cell-types have long been described by 

the structure of dendritic arbors, axonal projection patterns, and cell-type specific targeting.1–9 All 

features which require near complete reconstruction of any given cell. Here I describe a method 

that utilizes information around the cell-body alone and predicts commonly accepted cell-types 

with 91% accuracy. Notably, this view of the cell-body enables efficient search for rare cell-types 

like the Chandelier cell, a cell-type classically defined by its unique post-synaptic targeting 

patterns.  

From these findings, I propose a new framework. One that builds on the study of entire cell 

morphologies and acknowledges that cell-type identity may be evident at the compartment level. 

A framework that recognizes that small segments of a cell contain unique morphological and 

ultrastructural characteristics that signal something about the cell’s role within the circuit. 

Alternative methods that identify cell-type from small segments of dendrite or axon and identify 

neurotransmitter from electron microscopy images of individual synapses corroborate this idea 

that cell-type identity is expressed at multiple levels.10,11  

Our efforts to identify and describe cell-types are ultimately efforts to characterize the 

functional role of cells within the system. In this vein, I investigate this relationship between 

structure and function more directly in Chapter 2. Utilizing the genetic toolkit of the fly, 
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connectome analyses, and behavioral experiments, I examine how sensory information is 

transmitted through the fly nerve cord to produce spatially targeted behavior. Knowing that flies 

could accomplish spatially targeted grooming,12–18 I reconstructed the tactile bristle neurons in the 

fly leg and all their downstream targets. Based on the circuit structure, I hypothesize that a specific 

class of interneurons encode spatial information from the leg. I show that upon activation of these 

interneurons, the spatially targeted grooming patterns of the fly match the connectome derived 

receptive fields. Finally, I propose that these interneurons form parallel sensorimotor pathways 

that may facilitate this spatially targeted behavior. In Chapter 3, I go on to examine the leg 

chemosensory circuit and postulate how an entirely different circuit structure might also relay 

spatial information in the fly VNC. While I delve into the biological value and implications of 

these two circuits below, it is important to note that the speed and precision with which these 

insights were made were enabled by the connectome.  

Just as the first human genome required immense time, collaboration and funding from 

around the world. Just as the creation of bioinformatics as a field was an attempt to make sense of 

the genome and this new type of data. I view connectomics as the beginning of a fundamentally 

new way of doing neuroscience. The initial datasets referenced in this dissertation were made 

possible by the incredible resilience and motivation of hundreds of scientists and the myriad of 

federal and private funding sources that enabled the research. I cannot stress enough that many of 

these datasets are made free to the public; to scientists, to classrooms, to anyone interested in 

exploring the brain. These datasets are an example of how supporting large-scale, collaborative, 

moonshot projects can result in exceptionally rich resources that keep on giving - to the scientific 

community and beyond. As such, it is with pride that I note that the insights in this body of work 

are a mere drop in the sea of knowledge we have gained from mapping the nervous system and 
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will continue to gain in the decades to come. With eyes pointed forward, I outline below some of 

the promising directions and exciting applications of connectome research. 

Comparative Connectomics  

As the number and diversity of available connectomes has increased (Introduction Fig. 1), 

researchers are delving into comparative connectomics; examining the extent to which features of 

neural circuits are present across connectomes and which features are unique per individual. This 

is evident within the C. elegans and fly neuroscience communities as multiple connectomes from 

the same species are already available. Studies comparing adult connectomes in C. elegans 

reported that the more synapses between pairs of neurons, the more stable those edges were across 

animals. These strong connections accounted for 42% of the edges but 72% of all synapses.19 

Similarly, a comparison of the first two fly brain connectomes reported that strong connections 

(16% of edges and 79% of all synapses) were 90% likely to be present across both brains.20 In both 

C. elegans and the fly, weaker connections were more variable between individuals.19,20 One 

potential hypothesis from this is that the strongest connections provide a rudimentary roadmap of 

the nervous system and that the rest of the connections offer the flexibility to tune, develop, and 

refine circuits based on an animal’s experience. Future research utilizing connectome constrained 

simulations, targeted perturbation experiments, and comparing larger numbers of connectomes 

will allow us to test hypotheses like this one and probe the degree to which connectomes are 

hardwired.  

The question of connectome variability extends beyond a single species. We know from 

the study of evolution and bioinformatics that we share 98% of our genetic code with non-human 

primates.21 To what degree is this similarity maintained in the wiring diagram of the nervous 

system and how does that support our cognitive and behavioral variability? Insects and small 
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marine animals are a current boon in the study of comparative connectomics across species.20,22–27 

Their complex behavioral repertoires offer interesting biological questions while their small 

nervous systems are more tractable to analyze. In Drosophila, the central complex is a well-studied 

area of the brain that facilitates fly heading direction and navigation.28–32 Interestingly, the central 

complex is conserved across insects including beetles, butterflies and locusts despite the fact that 

they all use different navigation strategies.22 Comparing the wiring diagrams of these central 

complexes may elucidate which aspects of the circuit are maintained across species and which 

aspects have evolved to support the divergence in navigation behaviors. These different nervous 

systems are all incredibly powerful, flexible, and plastic networks that solve complex problems 

and facilitate life in a range of environments. If we understand the benefits and limitations of 

different wiring patterns and how certain aspects of a circuit support specific behaviors, we can 

apply those elements to solve complex problems in our lives today.  

Biomimicry of Neural Architectures 

Biomimicry is a growing field that utilizes models, systems, and designs from nature to 

help solve complex problems. These solutions range from pollinating machines that mimic the 

vibrations of bumblebees and other pollinator strategies,33 to healable materials that repair 

themselves after a break like latex forming plants,34 to sustainable textiles produced by a process 

that recapitulates the creation of spider silk.35 As such, can we take inspiration from the 

architectural solutions found in the nervous system to better design systems more generally? In 

chapters 2 and 3 I analyzed the structure of two sensory systems that originated from hairs on the 

left foreleg of the fly. In the tactile system, hundreds of bristle neurons fanned out across the ventral 

surface of the VNC to create a map of the leg that recapitulates the anatomical distributions 

(Chapter 2, Fig. 2c). The strongest downstream partners of these tactile neurons were local 



 143 

excitatory neurons that imbricated the leg map with distinct but overlapping receptive fields (RFs) 

(Chapter 2, Fig. 3). In turn these excitatory neurons fed into distinct premotor populations across 

the VNC (Chapter 2, Fig. 5). From an engineering perspective, the degree of overlap in the RFs of 

the local excitatory neurons may seem redundant. However, based on the behavioral experiments 

presented in Chapter 2 (Fig. 4), I believe that this redundancy in RFs results in multiple 

representations of the leg, each independently facilitating different sensorimotor circuits. These 

parallel streams of overlapping spatial information in turn increase the flexibility in the system and 

ultimately the behavioral repertoire with which the fly can respond to tactile stimulation.  

Conversely, the chemosensory system was highly convergent. Unlike the tactile neurons, 

the strongest downstream partners of chemosensory neurons were inhibitory intersegmental 

neurons, many of which projected to the brain. Chemosensory neurons that were morphologically 

similar converged onto the same downstream neurons. Furthermore, those downstream neurons 

received input from similar chemosensory neurons in other body segments suggesting even more 

convergence within the system. Again, contrasting the highly local tactile circuit, chemosensory 

information was in the brain by the second synapse in the circuit, suggesting a role for centralized 

or higher order processing of chemosensory signals.  
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Figure 1: Tactile and chemosensory circuit architectures from the fly leg. a) Local neurons in the VNC 
receive tactile sensory input from and leg and form parallel sensorimotor circuits. b) Chemosensory sensory neurons 
of the same type converge onto the same ascending neurons in the VNC. 

 

Here we have two systems that originate from the same sensilla. While the structure of the 

tactile system seems optimized for independent modularity, the structure of the chemosensory 

circuit pools information from all over the body to a centralized area in the brain. Two different 

circuit structures for two different sensory systems. This difference makes sense as the tactile and 

chemosensory systems offer distinct ethological value to the fly. The former facilitates the fly’s 

interaction with the physical world. A modular tactile circuit enables flexible limb movement to 

overcome physical obstacles, remove pests, or clean different body parts. On the other hand, the 

chemosensory system detects gustatory and pheromone signals that direct the fly towards 

appetitive signals and away from aversive signals. Here the fly moves its body more holistically 

(towards or away from the stimulus), thus pooling sensory information from around the body may 

be a more efficient network to discern appetitive versus aversive. This contrast in neural circuit 

structure and function could inspire a more curated approach to network design. Inspired by 

existing neural circuit architectures, engineers could optimize circuit design for the function and 

priorities of any given system. Example applications include the design of artificial neural 
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networks trained to excel in a specific task or brain-computer interfaces aimed to recover loss of 

function in disease. 

Connectomics in health and disease 

Beyond basic understanding, connectomics offers a new lens in the study of health and 

disease. Many of our current therapeutics are broad acting such as brain computer interfaces that 

act upon entire neuronal populations or drugs that increase global levels of particular chemicals. It 

is here that the groundbreaking resolution of connectome wiring diagrams can be utilized to design 

next generation therapies with increased target specificity. Several neurodegenerative diseases 

such as Amyotrophic Lateral Sclerosis (ALS) and Parkinson’s disease result in the loss of specific 

cell-types in the brain.36–40 In ALS, motor neurons that project from the motor cortex down to the 

spinal cord gradually degenerate, leading to complete paralysis of the patient. One of the early 

markers of this disease is the loss of inhibitory synapses onto motor neurons.41 However, we have 

yet to understand the cell-type specificity of this synapse loss and whether the circuits are altered 

more generally. The dense nature of connectome wiring diagrams offers an opportunity to measure 

changes in overall synapse density, cell-type specific targeting, and potential rewiring patterns as 

a function of disease. Comparing the wiring diagrams of healthy versus diseased tissue will not 

only elucidate which connections are lost but will also provide insight into the structural and 

morphological changes that occur within diseased circuits. In Alzheimer’s, studies suggest that 

synapse dysfunction in Layer 5 cortical cells occurs well before the physical loss of those 

connections.42,43 Utilizing the nanometer resolution of vEM connectomes, scientists can study how 

these synapses are altered structurally and whether these changes are ubiquitous or if they occur 

at specific synapses in the Layer 5 circuit. These few examples highlight how comparative 

connectomics can aid in neuropathological research.  
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Multimodal connectomics  

As with any method, connectomics comes with its set of limitations and drawbacks. Time 

is one of the inherent limitations of connectome data as they represent a snapshot in time of a 

dynamic and plastic network. To address this, scientists are developing multimodal techniques that 

pair electron microscopy with methods like calcium imaging, correlative imaging, x-ray imaging, 

and expansion microscopy. Foundational datasets from mouse and zebrafinch now provide 

electron microscopy ultrastructure, along with calcium imaging from neurons, and behavioral 

measurements during a range of naturalistic behaviors.44–46 With calcium imaging, researchers gain 

insight into the functional activity of cells that add context to when and how cells respond within 

a network.47 Correlative light and electron microscopy (CLEM) combines molecular insights from 

light microscopy with the ultrastructural and synaptic connectivity from EM. CLEM enables 

scientists to utilize results from the light microscopy images to efficiently target EM images of 

specific subsets of the data. Furthermore, scientists can label proteins associated with specific cell-

types, synaptic plasticity, learning and memory, and neurodegenerative diseases to better 

contextualize the structural circuit within its dynamic environment.48–50 

Despite the recent growth in dataset size, the volume and scale of connectome data is still 

technological constrained. Xray nano-holography is one method that contextualizes how high 

resolution circuits fit within the larger organism. In smaller organisms like Drosophila (larva and 

adult) XNH has connected motor neurons to muscles in the body, sensory neurons in the periphery 

to the nerve cord, and the interaction between the nervous system and internal organs in the 

animal.51,52 In larger organisms where whole brain connectomes are currently infeasible, 

correlative XNH and EM studies have verified the surprising degree to which fine ultrastructure 

of circuits can be measured with XNH alone.51,53 Groundbreaking advancements in expansion 
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microscopy have enabled synapse resolution imaging with widely accessible light microscopes, 

molecular annotation of ultrastructure within connectomes, and automated segmentation of larger 

and larger datasets.54 These developments aim to enable whole-brain connectomes in larger 

organisms such as mice and humans in the near future. 

A technical note 

In response to the growing demand for connectomes and the increasing robustness of the 

computational methods required to collect and analyze these datasets, we are already seeing the 

formation of several private companies to address this need. The outsourcing of different steps of 

the pipeline such as segmentation and proofreading will ultimately increase the accessibility and 

diversity of available connectomes. No longer will the collection and curation of connectome data 

be limited to the few groups who can accomplish the entire pipeline in house. Just as labs across 

the world send samples out to companies dedicated to sequencing and protein synthesis, I expect 

a similar rise in third party organizations to support connectome data collection and analysis. 
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who gently guided me away from doing everything, everywhere, all at once and inspired me to 

take the hard road as long as I was learning and opening doors for myself. To Dr. Anne Churchland 

who took a chance on me and offered me my first scientific research opportunity. To Professor 

Keane who taught me that brains could physically hurt from thought but that critical thinking was 

a skill worth the effort. 

 

To my friends who took me out of my bubble – Grad school can feel very isolating and grad school 

during a pandemic felt even more so. Thank you for feeling close at all times. For riding the waves 

with me, cheering me on in the highs and pulling me up in the lows. Thank you for always taking 

me seriously while also preventing me from taking myself too seriously. I have loved growing 

alongside you all, and now that this meaty chapter is over, I can’t wait to see where we go next.  
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To my in-laws, thank you for your endless support, career advice, and all the wonderful adventures 

along the way. Ann, I never imagined I would be lucky enough to have such an engaged and excited 

mother-in-law. Your enthusiasm and interest around my work have inspired me as a scientist and 

a creative. Making art together and transforming the science with clay, beads, wires, and paint has 

been incredible fun and I hope we continue this joint venture for years to come.  

 

To my parents Engy and Tarek and to my brother Hassan. I’m not even sure where to start. To my 

dad, thank you for being a constant inspiration. You instilled in us a persistent drive to learn, to 

innovate and to impact. Three traits I live by, and which got me here today. Thank you for always 

supporting me, whatever the venture. Now we can be ‘not real’ doctors together. To my mom, 

superwoman! When you do something, you don’t just do it well – you set an entirely new standard, 

you stick the landing, and you make it look easy. Thank you for your endless patience and wisdom 

in life.  Most importantly of course - thank you for teaching us that, figuratively and literally, life 

is better when you to stop to smell, admire, and eat the roses. To Hassan, I could not imagine a 

better partner from the start. I feel very lucky that we had so much fun as kids and got to explore 

so much of the world together as teenagers. Thank goodness you turned out to be such a cool, wise 

and caring adult because your presence and perspective have made all the difference. 

 

To Ian, I genuinely would not be here without you. Thank you for your patience, your perspective, 

and your all-around brilliance. Thank you for listening to my ideas and helping me brainstorm; for 

motivating me to focus and insisting I take breaks. Thank you for being my number one hype man 



 157 

- always. For the hidden jalapeno chips and for getting rid of all the beans. To properly thank you, 

I may need to write another dissertation, and I don’t think either of us is ready for that. Instead, 

please remind me to laud your efforts on our next hike, during our next culinary experiment, or 

any of the many life adventures we have ahead of us. Cheers to us, we made it! 

 

I know that I am on record for saying that it takes a certain kind of stupid to go to graduate school 

- and I still think it does. But now that I’ve joined the club, I must say I’ve learned that it also 

comes with wondrous excitement, adventurous fun, insatiable curiosity, and a persistence for the 

truth. Not to mention a lifetime network of inspiring, intelligent, and accomplished colleagues. 

 

Finally, to the trees. For slowing it down, putting it in perspective, and filling it with wonder. 

 


