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ABSTRACT

Single-cell RNA-sequencing (scRNA-seq) of the
Caenorhabditis elegans nervous system offers the
unique opportunity to obtain a partial expression
profile for each neuron within a known connectome.
Building on recent scRNA-seq data and on a molec-
ular atlas describing the expression pattern of ∼800
genes at the single cell resolution, we designed an
iterative clustering analysis aiming to match each
cell-cluster to the ∼100 anatomically defined neu-
ron classes of C. elegans. This heuristic approach
successfully assigned 97 of the 118 neuron classes
to a cluster. Sixty two clusters were assigned to a
single neuron class and 15 clusters grouped neuron
classes sharing close molecular signatures. Pseu-
dotime analysis revealed a maturation process oc-
curring in some neurons (e.g. PDA) during the L2
stage. Based on the molecular profiles of all iden-
tified neurons, we predicted cell fate regulators and
experimentally validated unc-86 for the normal differ-
entiation of RMG neurons. Furthermore, we observed
that different classes of genes functionally diversify
sensory neurons, interneurons and motorneurons.
Finally, we designed 15 new neuron class-specific
promoters validated in vivo. Amongst them, 10 repre-
sent the only specific promoter reported to this day,
expanding the list of neurons amenable to genetic
manipulations.

INTRODUCTION

The human brain comprises around 100 billion neurons.
Early classification based on morphology already distin-
guished pyramidal, stellate, granule, bipolar, Purkinje or

basket cells (1). Additional knowledge about their neu-
rotransmitters, functional and electrophysiological proper-
ties further improved this classification. Recent progresses
in molecular profiling using single-cell RNA-sequencing
(scRNA-seq) allowed exploring neuronal diversity at the
molecular level in human and mouse brain (2–4). In com-
parison, the nervous system of Caenorhabditis elegans adult
hermaphrodite has a simple and well-described structure
composed of only 302 neurons. Despite its anatomical sim-
plicity, the neuronal diversity of C. elegans encompasses 118
neuron classes identified by the examination of their com-
plete diagram of connectivity as revealed by serial sections
and electron microscopy (5–7). Based on expression pat-
terns at the single-cell resolution, the 118 anatomically de-
fined neuron classes in the adult hermaphrodite would cor-
respond to 118 or more unique molecular identities (8,9).
However, the transcriptional profiles are only known for a
few neuron classes purified by FACS-sorting (10–12).

The exquisitely described small circuits composed by few
neurons in C. elegans allow exploring how cell-to-cell com-
munication can shape behavior. The function of several C.
elegans neuron classes has been defined using laser ablation,
genetic and optogenetic methods (13,14). These later meth-
ods, however, rely on reliable promoters driving transgene
expression in a single neuron class to be characterized. Cur-
rently, cell-specific promoters are described for only 29 neu-
ron classes. This current lack of cell-specific promoters has
limited the optogenetic and chemogenetic analysis of the
neuronal functions to a fraction of the C. elegans nervous
system.

Recently, scRNA-seq of the full C. elegans organism at
L2 larval stage was delivered (15). Out of the 42,000 se-
quenced cells, the author yielded ∼7,000 single neuron tran-
scriptomes. Based on gene co-expression patterns, a semi-
supervised clustering analysis segregated these 7,000 neu-
rons into ∼40 clusters and assigned 23 neuronal classes
to 16 clusters; 10 clusters being assigned to single neurons
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classes. However, 112 out of the 118 adult neuron classes are
theoretically present in the L2 larval stage (16).

Therefore, our aims were (i) to define molecular pro-
files for the remaining neuron classes and (ii) to determine
new neuron-specific promoters. To these ends, a heuristic
approach was used where we matched a molecular atlas
made of ∼800 neuron class-specific marker genes (8) to the
scRNA-seq dataset generated by Cao et al. (15). We per-
formed a clustering analysis aiming to segregate ∼100 cell-
clusters assigned to the expected ∼100 neuronal identities.
Through several clustering iterations, we segregated 81 neu-
ronal clusters and assigned 62 clusters to a single neuron
class, from which we extracted the enriched genes. Based
on these expression profiles, we designed 15 new neuron-
specific promoters validated in vivo. We extracted enriched
key transcription factors in three different lineages as poten-
tial terminal cell-fate selector. Finally, we explored whether
and how differentially expressed genes drive neuronal di-
versity in C. elegans. We observed that sensory machinery
genes generate diversity in sensory neurons, neuromodula-
tory genes in interneurons while genes involved in mem-
brane potential tuning generate diversity in motor neurons.

MATERIALS AND METHODS

Dataset pre-processing

As starting dataset, we used the neuron clusters defined
in (15) and containing 7,603 cells. This dataset is a sub-
selection of clusters coming from a whole worm dataset
using the neuroendocrine markers egl-21, egl-3, ida-1 and
sbt-1. We added 1475 cells included in clusters expressing
the neuron markers unc-104, unc-31, ric-4, snt-1 or unc-10
(17), further expanding the dataset to 9,078 cells. Most of
these added cells end up in non-neuronal cluster far away
from the neuronal clusters (Supplementary Figure S1C).
The dataset clustering was performed using Seurat v3, and
visualized using t-SNE or UMAP plots (see below). Lou-
vain algorithm was used for all clustering settings after per-
forming a PCA dimension reduction using Seurat v3 with
default parameters, unless otherwise stated. All analysis de-
scribed below are accessible on https://github.com/lorenzo-
jr/ce-neuronclusters.

Clustering parameters

Two parameters strongly affect Louvain algorithm cluster-
ing output in Seurat: the number of PCs used and the res-
olution used. Each PC essentially represents a ‘metagene’,
combining information across a set of correlated genes. The
resolution parameter sets the ‘granularity’ of the cluster-
ing: increased resolution facilitates clusters segregation. The
process of Selection for clustering parameter is available on
GitHub, point 1. We first ranked the PCs according to the
percentage of variance explained but did not observe any
obvious elbow. To determine the optimal number of compo-
nents and the appropriate resolution for the first iteration,
we repeated the clustering analysis with 40–100 PCs and a
resolution ranging from 1 to 8. To evaluate the quality of
each clustering output, we designed an automatic assign-
ment of neuronal identities for each cluster using specific
genes signatures (see cluster assignment method). We finally

selected the PCs and resolution parameter pair able to max-
imize the proportion of clusters with unique identities. The
clustering parameters were set to 92 PCs and a resolution
value of 4 (Supplementary Figure S1A and B). Using those
parameters, the dataset was divided into 64 clusters includ-
ing 20 directly assigned to only one neuron class (Figure
3). The first clustering iteration (PCs = 92, resolution = 4)
was used as input for DoubletFinder, an algorithm using ar-
tificial nearest neighbors (pANN) to detect doublets (18).
nExp was calculated assuming a 3.1% doublet formation
rate (15), pN was set to 0.25; pK was set to 0.3 based on
(18,19) (script details on GitHub, point 8). As a result, 274
cells doublet cells were removed from the gene expression
analysis (Supplementary Figure S1C).

z-scores assignment method

More than 800 gene expression patterns at the single cell
resolution were extracted from Wormbase.org and curated
manually through literature screening. For each of the 112
neuron classes present in L2 stage, a combinatorial gene ex-
pression atlas was generated (Supplementary Table S1). A
neuron class signature is defined by a set of 19–116 marker
genes specifically expressed in this neuron class. The expres-
sion of marker genes in each cluster was used to assign
clusters to the best matching neuronal class. For each cell
in a given cluster, 112 combined z-scores were calculated
by comparing the expression of marker genes to the neu-
ron class signatures from Supplementary Table S1. For a
given gene, each individual cell z-score was computed us-
ing standardized expression level of that gene (expression
in the cell – mean expression/var expression). For a given
cell and a given neuron class k, the individual z-scores were
aggregated using Stouffer’s method (20), according to the
formula:

Zk =
∑n

i=1 ωi Zi
∑n

i=1 ω2
i

where Zk represents the combined z-score for a particular
cell in a cluster for a specific neuron class signature k, Zi the
individual z-score for a cell for a particular gene, n the genes
composing the neuron class and ωi a gene specific weight
calculated as 1 minus the fraction of the cells expressing that
gene. The Zk scores were computed for all the cells within
a cluster.

Hence, for each cluster a distribution of z-scores was cal-
culated for the 112 neuron classes using all the cells present
in the given cluster. For each cluster, the combined z-scores
for all the 102 classes were ranked using their median val-
ues. A sequential t-test from the highest to lowest ranked
neuron classes was applied iteratively to the successive pair
of classes. The most specific neuron classes occurring before
a significant break was detected (P < 0.05) and assigned to
the cluster. A second independent filter was applied by com-
puting a one sample upper-tailed t-test over the z-sores of
each identity. Resulting P-values were adjusted by the false
discovery rate method (21) and only statistically significant
identities with adjusted P-values lower than 0.05 were kept.
Finally, only the neuron classes selected by both methods
were assigned to a cluster. Assignment of the first iteration
clusters is available on GitHub, point 2. For each cluster, the
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corresponding boxplot with automatic assignment of neu-
ronal identities is available (in red).

Clustering iterations

We performed a second and a third round of clustering
on the 64 parent clusters obtained above. These additional
iterations potentially segregate non-homogenous clusters,
allowing the assignment of more clusters to their neu-
ron class. Single-cell profiles coming from parent clusters
were independently re-clustered with Seurat v3. Multiple re-
clustering trials were generated for resolution values from
0.1 to 3 and for PCs values from 3 to 92. These conditions
generated a total number of clustering trials over each par-
ent cluster ranging from 151 to 330, depending on the cell
number within the parent clusters. For each trial, the identi-
ties of the daughter clusters were assigned using the z-score
assignment method (see above). Neuron class assignments
were counted (in GitHub point 3 and 5). The neuron classes
most often detected in the parent cluster represent a con-
sensus on the identity(ies) present in the parent clusters (as
shown in Figure 2). The consensus on the identities present
in each parent cluster was used to detect the neuron class
most likely present in each parent cluster. We chose the low-
est PCs and resolution among the most representative clus-
tering parameters to represent clustering results. Clustering
iterations are available on GitHub, points 3, 4, 5 and 6.

Pseudotiming

Monocle 3 was used to infer trajectories on five sets of neu-
ronal clusters (0 2, 16.0 16.1, 3.0 3.1, 4.0 4.1 and 42.2 56).
Monocle 3 implements a principal graph-embedding pro-
cedure described in (22–24) using UMAP algorithm (25)
to reduce data into low-dimensional space. First, in a
pre-processing step the digital gene-count matrix was log-
transformed after adding a pseudocount, and then scaled
to unit variance and zero mean. The matrix was then pro-
jected into 100 top principal components. Selection of prin-
cipal components was performed by visual inspection of
the elbow on the explained variance plot. Before Graph-
embedding takes place, two steps are required: UMAP di-
mensional reduction and clustering on UMAP space. Mon-
ocle 3 default parameters were used for the dimensional re-
duction step: number of neighbors to use during kNN graph
construction set to 15, distance metric to be used when cal-
culating UMAP was set to cosine and minimum distance
set to 0.1. Clustering step was performed using Leiden al-
gorithm (26), where k-nearest neighbor graph k value was
set to 20 and resolution parameters were set to match the
cluster partitions produced by our method. Finally, Mono-
cle 3 principal graph-embedding procedure to learn trajec-
tories was used with default parameters. Starting points for
the trajectories were set manually. Genes selected for pseu-
dotime analysis were selected based on the neuronal identi-
ties we wanted to differentiate. More details on markers and
pseudotime on GitHub, point 9.

Differentially expressed TF

For each of the lineages, differentially expressed transcrip-
tion factors (TF) were extracted from C. elegans embryoge-

nesis visualizer (VisCello) from (27) (Supplementary Table
S6). For each neurons, we extracted from our dataset the TF
within the 20 most enriched genes against all neurons.

Comparison between gene lists

The read count for each gene was extracted for each clus-
ter. We also computed lists of enriched genes compared to
all other neuronal clusters of our dataset. The AVK bulk
sequencing profile was generated by FACS-sequencing and
compared to all neurons to compute the enriched genes
(12). The comparison between the top 100 P-value ranked
genes for each neuronal cluster versus AVK bulk sequenc-
ing was calculated by running a hypergeometric test for
the overlap between lists considering a total of 5589 genes
found in both datasets. The multiple comparisons between
our enrichment lists and the enrichment lists from (27) and
(28) were done similarly for the top 100 P-value ranked
genes and considering a total of 13 988 and 5968 genes re-
spectively, found in both datasets.

Reporter strain generation

The primers used to generate the promoters collection
and the amplified regions size are described in Supple-
mentary Figure S2. The promoter sequences were ampli-
fied from N2 genomic DNA, purified from gel extraction
then fused with mKate or mEGFP sequence followed by
the 3′UTR sequence of unc-54 or let-858, respectively. 30
ng/�l of the fusion PCR, 30 ng/�l of 1kb Plus DNA
mass ladder (Invitrogen) and 30 ng/�l of the injection
co-marker punc-122::mKate were co-injected in D1 ani-
mals to generate transgenic animals. Injections were car-
ried out in N2, OH12312, OH13083, CZ13799, OH15262
and/or OH12734. After injection, three to five indepen-
dent transgenic strains were maintained for at least three
generations before imaging. To validate unc-86 involve-
ment in RMG cell fate, we injected the transgene Ex[Pnlp-
56::mKate::unc-54 3′UTR] in the OH12734 strain. Progeny
of Ex[Pnlp-56::mKate/YFP] transgenic animals are either
unc-86(n846) mutant or unc-86 rescued by a UNC-86 fos-
mid. We counted mKate expression in RMG neurons in
unc-86(n846) mutant or based on YFP expression in unc-86
rescued. The quantification was divided as follow: YFP+/−
& RMG WT, YFP+/− & RMG faint, YFP+/− & no
RMG.

Microscopy

In order to identify the neurons expressing the reporter
transgene, we performed confocal microscopy imaging
(Zeiss LSM 510 and Zeiss LSM 780) with 20× or 40× objec-
tive. Animals were anesthetized with 25 mM sodium azide
in M9 solution, transferred to 2% agarose mounting slides
and imaged within 30 min of mounting. The images were
analysed using Fiji imaging software. The expression pat-
terns were analysed at L2, L4 and YA developmental stages
for three to five independent transgenic strains. In order to
identify the expression pattern, we used cell position, mor-
phology and/or the NeuroPAL strain (OH15262), used as
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described (29). The images obtained are available in Sup-
plementary Figure S2 together with the detailed evidences
used to identify the neurons.

Gene ontology (GO) analysis

We generated gene ontology lists for the genes enriched in:

• 28 sensory neurons/24 clusters: 4.1: ALM, PLM, 16.0:
FLP, 20.0: ALN, PLN, 22.0: OLQ, 22.1: ADE?, 22.2 3:
CEP?, 22.4: IL1, 26.0: AWC, 26.1: AWB, 26.2: AFD,
27.2: URY?, 28.1: ASH, 31.0: ADL, 34.0: ASG, 36.0:
AQR, PQR, URX, 38.0: ASJ, 40.0: ASK, 44.0: BAG,
46.0: IL2, 49.0: AWA, 50.0: ADF, 51.0: ASEL, 61.0: ASI,
62.0: ASER.

• 21 interneurons/20 clusters: 8.2: PVP, 10.0.1 4: AVH?,
10.2: AVJ, 12.0: AVA, 12.1: RIG, 14.0: AVK, 17.1: RIH,
29.0: AIB, 29.1: AIZ, 30.0: RIA, 33.0: AVL, DVB, 35.0:
AIM, 35.1: AIY?, 41.0: DVA, 43.0: AVB, 45.0 AIN, 52.0:
AVG, 53.0: RIC, 55.0: PVQ, 87.0: PVT?. We did not in-
clude 1.1 URB, 8.1: RID, 10.1.1: ALA, 39.0: RMG, 11.4:
RIM, 37.1: AVF, 48.0: RMH that are mixed modalities.

• 15 motorneurons/8 clusters: 0 2: DA, DB, VA, VB, SAB,
PDB, 3.1: VD, DD?, 5.0: SIB, 5.1: SIA, 7.0: SMB,
11.0 1 2: RMD, SMD, 11.3: SAA, 27.0 3: RME.

To get an equivalent number of genes per modality (∼200
genes per modality), we extracted the top 10 most enriched
genes from each sensory neuron class, the top 10 most en-
riched genes from each interneuron class and the top 25
ones from each motor neuron class (8).

Nematode strains

The primers used to generate the reporter strains are de-
scribed in Supplementary Figure S2.

OQ180: CZ13799; ulb180 Ex[psrsx-18::mKate; unc-
122p::mKate]

OQ181: CZ13799; ulb181 Ex[pttr-39::mKate; unc-
122p::mKate]

OQ182: N2; ulb182 Ex[pC18F10.2::mEGFP]
OQ183: N2; ulb183 Ex[pC41A3.1::mKate]
OQ184: N2; ulb184 Ex[pC50F7.5::mKate]
OQ185: N2; ulb185 Ex[pflp-33::mKate]
OQ186: N2; ulb186 Ex[pnlp-56::mKate; unc-122p::mKate]
OQ187: N2; ulb187 Ex[pocr-3::mKate; unc-122p::mKate]
OQ188: N2; ulb188 Ex[pY48G10A.6::mKate; unc-

122p::mKate]
OQ189: OH12312; ulb189 Ex[pC18H7.6::mKate; unc-

122p::mKate]
OQ190: OH12312; ulb190 Ex[pnlp-17::mKate; unc-

122p::mKate]
OQ191: OH12312; ulb191 Ex[pT09B9.3::mKate; unc-

122p::mKate]
OQ192: OH12312; ulb192 Ex[pY48G10A.6::mKate; unc-

122p::mKate]
OQ193: OH13083; ulb193 Ex[ptwk-47::mKate; unc-

122p::mKate]
OQ194: OH15262; ulb194 Ex[pC42D4.1::mEGFP]
OQ195: OH15262; ulb195 Ex[psem-2::mEGFP]
OQ196: OH15262; ulb196 Ex[pttll-9::mEGFP]

OQ197: OH15262; ulb197 Ex[pY58G8A.5::mEGFP]
CZ13799: juIs76 [unc-25p::GFP + lin-15(+)] II
N2 CGC
OH 12734: unc-86(n846) III; otEx5851 [unc-86(fosmid)::

NLS::mChopti + lin-44::YFP].
OH15262: otIs669 V [NeuroPAL]
OH13083: otIs576 [unc-17(fosmid)::GFP + lin-44::YFP];

him-5(e1490) V
OH12312: pha-1(e2123); otIs388 [eat-4(fosmid)::SL2::

YFP::H2B+pha-1(+)]III; him-5(e1490) V

RESULTS

Matching the clustering analysis to a molecular atlas

Each neuron class is theoretically detectable by a specific
combinatorial gene expression signature. To assign each cell
cluster to an anatomically defined neuron class in C. ele-
gans, we designed an automated assignment strategy where
the genes expressed in each cell cluster are compared to a
molecular atlas made of 19–116 marker genes (Supplemen-
tary Table S1). While these expression patterns do not nec-
essarily capture the accurate expression of each of the re-
spective gene loci, this atlas provided us a unique proxy to
assign objectively each cell-cluster to a neuron class.

From the original dataset generated by Cao et al. (15),
we extracted 9,078 cells from all clusters expressing the neu-
ron markers egl-21, egl-3, ida-1, sbt-1, unc-104, unc-31, ric-4,
snt-1 and unc-10 (17). Our clustering was realized using the
Louvain algorithm implemented in Seurat R package (30).
Clustering parameters were optimized in order to identify
a maximum of clusters automatically assigned to a single
neuron class.

Using Louvain algorithm over 92 PCs and a resolution of
4, we identified 64 cell-clusters visualized with t-distributed
Stochastic Neighbor Embedding (t-SNE) (Figure 1a). Each
cluster was assigned to a cell identity –neuron class or
tissue– based on a comparison with the 112 molecular sig-
natures of L2 neuron classes (Supplementary Table S1).
From genes expressed in all cells in a given cluster, we com-
puted and ranked 112 combined z-score (Stouffer’s method)
corresponding to the comparison with the 112 molecular
signatures. For example, cluster 20 is assigned to PLN and
ALN, but not SDQ (Figure 1B and C). These 64 identified
cell clusters included 53 clusters corresponding to neurons
and 11 clusters corresponding to glial, hypodermal, pha-
ryngeal and muscle cells (Figure 1A). The automatic assign-
ment allowed us to automatically assign 20 clusters to a sin-
gle neuron class (Figures 1D and 3). Among clusters not
automatically assigned, some could easily be assigned man-
ually: ASI or ASJ passed our threshold for assignment sig-
nificance in clusters 38 and 61, but ASJ matched noticeably
better with cluster 38 and ASI with cluster 61. We assigned
ASI and ASJ to clusters 61 and 38, respectively (Figure 1E).
We also observed that 7 first iteration clusters matched well
with a subset of molecularly similar neuron classes (Figure
1E, purple shade). For example, cluster 28 is assigned to
three nociceptive neuron classes (ASH, PHA and PHB) co-
expressing many chemosensory GPCRs and responding to
similar cues (31). Similarly, cluster 36 and cluster 4 contain
a subset of sensory neurons sharing sensory machineries for
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oxygen or touch, respectively (32,33). Many other clusters
were poorly or not assigned automatically by the first clus-
tering iteration (Figures 1D and 3).

Altogether, 3 clustering iterations assign 62 clusters to a sin-
gle neuron class

To validate the automated assignment of the first clustering
iteration and to assess if a better cluster segregation could be
obtained for the 24 poorly assigned clusters, each of the 64
parent clusters were isolated and treated independently for
a second clustering iteration. Theoretically, this second iter-
ation starting from a molecularly less complex collection of
cells is expected to further divide each parent cluster. As we
could not predict the best clustering parameters, we exam-
ined the results of all combinations of parameters from 3 to
92 PCs and resolution from 0.1 to 3. These ∼300 combina-
tions often reached a consensus on the neuron classes’ con-
tent of the parent clusters: e.g. for cluster 40, 241 out of 310
combinations identified one to many clusters assigned to the
ASK neuron class. The quality of this re-clustering consen-
sus as well as the z-scores for the neuron classes assigned to
the parent clusters offers two ways to measure the assign-
ment confidence (Figures 2 and 3). Interestingly, 93 ± 19%
(SD) of the re-clustering trials confirmed the neuron class of
the 20 clusters automatically assigned by the first iteration.
We applied the same logic for a third iteration of clusters 8
and 10.

In addition to cluster assignment validation, second and
third re-clustering also succeeded to segregate poorly as-
signed parent clusters into better-assigned second iteration
clusters. For example, the parent cluster 26 displayed a
high z-score for AWC and AFD sensory neurons, suggest-
ing it might contain several neuron classes. We observed
that 285, 275 and 247 combinations of parameters segre-
gated cluster 26 into 3 sub-clusters assigned to AFD, AWC
and AWB/AWC, respectively (Figure 2A). This consensus
is well represented by 23 PCs and a resolution of 1, splitting
cluster 26 into AFD, AWC and a third sub-cluster assigned
to both AWB and AWC (Figure 2A). Differential expression
analysis shows AWB/AWC sub-cluster expresses AWB spe-
cific markers (e.g. srab-24 and srab-4), suggesting this sub-
cluster should have been assigned to AWB. A lack of dif-
ferentially expressed genes between AWB and AWC in Sup-
plementary Table S1 potentially explains this inadequate as-
signment. Moreover, the re-clustering improved the z-score
of AFD between the first and second iteration, suggesting
the AFD sub-cluster is more homogeneously composed of
AFD cells than the original parent cluster 26 (Figure 2A).
This example above illustrates how re-clustering allowed us
to split the poorly assigned clusters and/or to remove con-
taminating cells from the parent clusters. Altogether, the
two clustering iterations coupled with the z-score assign-
ment strategy automatically assigned 44 clusters, including
35 clusters assigned to a single neuron class and 2 clusters to
ASER and ASEL. Manual intervention including removal
of the previously assigned neuron classes and re-examining
the genes enrichment lists for cell-specific markers allowed
the assignment of another 25 clusters to a single identity.
Fifteen clusters remained assigned to a set of two to six neu-
ron classes molecularly too similar to be segregated (Fig-

ure 3 and Supplementary Table S2). Five clusters remained
non-assigned: cluster 1.0 likely corresponds to immature
neurons, 19.0 to many pharyngeal neuron classes, 27.1 to a
cholinergic neuron expressing ceh-32, 42.0 to a glutamater-
gic neuron expressing vab-7, 10.0.5 contains only nine cells
and was not assigned. We observed that cluster 42.1 and
56 could be assigned to PDA, a neuron that appears in L3
stage (see below, Figure 6). Based on markers, we also ob-
served that cluster 17.0 potentially correspond to HSN an
embryonically born neuron that acquire its final identity in
the adult hermaphrodite (34) (Supplementary Figure S1E).
Therefore, we took into account the 118 neurons present in
the adult, although not all of them might be mature enough
to be identified at the L2–L3 stage sequenced. Accordingly,
21 neuron classes are not confidently assigned to any cluster
(e.g. AUA, URA). We assume the neurons of these 21 miss-
ing neuron classes populate the five non-assigned clusters
or contaminate the assigned clusters (Supplementary Table
S2).

Expression profile validation for cluster 14 assigned to the
AVK neuron class

We next extracted the genes expressed in each assigned clus-
ter and computed their most enriched genes (Supplemen-
tary Tables S3 and S4). To validate one of these lists, we
compared each of our clusters to the bulk sequencing of
the AVK neurons purified by FACS-sorting (12). Although
both scRNA-seq and bulk sequencing have their own bi-
ases, we expect a strong match between cluster 14 we as-
signed to AVK and the AVK bulk sequencing. Indeed, the
best match was observed between cluster 14 and the AVK
bulk sequencing with 38 of the 100 most enriched genes
present in both lists (p = 9.83e–40). This overlap included
the known AVK marker flp-1 as well as new potential AVK
markers such as twk-47 (Figure 4).

In C. elegans, intergenic regions containing the promot-
ers are short and in most case, a segment extending 1 kb
upstream the ATG was shown to drive expression of a flu-
orescent protein reporter. We designed a reporter strain ex-
pressing mKate (a monomeric red fluorescent protein) un-
der the control of a 250 bp twk-47 promoter. As expected,
we observed expression of mKate only in two neurons that
we could identify as the two AVK neurons, supporting the
accuracy of our gene enrichment list for cluster 14 (Figure
4).

Predictions of cell-fate regulators

Neuronal diversification in C. elegans mostly occurs during
embryogenesis. Most neurons derive from different lineages,
showing neither clonal expansion nor correlation of lineage
history with the terminal features of the neuron types ((35)
and Supplementary Figure S1H). Virtually all neurons dif-
ferentiate through asymmetric terminal cell division and
asymmetric expression of transcription factors between sis-
ter cells. To identify potential regulators of cell fate deci-
sions for neuron lineages not previously explored by (27), we
identified transcription factors (TFs) enriched within these
lineages and/or differentially expressed between mother,
daughter and sister cells (Figure 5A and Supplementary Ta-
ble S6). Based on these rules, one to three TFs are predicted
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Figure 1. t-SNE projection and neuron-class assignment principle. (A) Single cell profiles are projected in two dimensions using t-SNE. Cell-clusters
corresponding to non-neuronal cells or to neurons are distinguished by color and label. (B) Neuron classes assignment to clusters using the z-score method.
Gene’s z-scores from the centred scaled dataset are used to assign neuronal classes to the clusters. A combined z-score (Stouffer’s method) for all neuronal
classes is obtained for each cell in the cluster, in this case PLN, ALN, SDQ and cluster 20. (C) Neuron classes are treated as independent groups and
ranked by the median value of their combined z-scores. In the notched box plots, the notches display the 95th confidence interval around the median
(black horizontal line); the box contains the interquartile and the whiskers extend to the most extreme data points which are no more than 1.5 times the
interquartile range from the box. A sequential t-test from the highest to lowest ranked neuron class indicates where the assignment of neuron classes should
stop (P<0.05). An additional false discovery rate (FDR) filter of <5% is applied. (D) Clusters assigned to a single neuron class are labelled in green (e.g.,
DVA); clusters assigned to a subset of molecularly similar neuron classes are labelled in blue (e.g. 36, corresponding to URX, AQR and PQR). (E) Based
on their combined z-score, clusters 41 is assigned to the DVA neuron class; clusters 61 and 38 are assigned to ASI and ASJ, respectively; clusters 28, 36 and
4 are assigned to a set of molecularly similar classes of sensory neurons, which we could or could not further segregate with clustering iterations.
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Figure 2. Multiple iteration clustering approach and results. (A) Each parent cluster from the first iteration clustering was treated independently for re-
clustering for all combinations of parameters ranging from 3 to 92 PCs and resolution from 0.1 to 3. The neuron classes assigned to every sub-clusters
generated by this large number of re-clustering trials are analysed. A consensus is reached for parent cluster 26: it suggests the re-clustering of cluster 26
should generate 3 sub-clusters. These three sub-clusters should be assigned to AFD, AWC and AWB/AWC. This result is observed for PCs: 23/resolution:
1, used for representation and for gene expression lists. (B) Uniform Manifold Approximation and Projection (UMAP) projections are used to represent
the second or third iteration clustering from parent clusters containing multiple neuron classes. Several of sub-clusters can be assigned to a single neuron
classes using the combined z-scores.
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Figure 3. Clusters assignment by combined z-score and multiple iterations. For each cluster, the 10 best-ranked combined z-scores are displayed as well
as the quality of the assignment consensus (%) reached by the re-clustering iterations of the parent cluster. These two assessments helped us to assign
each cluster to one or several neuron class. The automated assignment by ranked z-scores is displayed by the red colour within the notched box, gray if
discarded for final assignment, green for manual assignment. The first iteration clusters automatically assigned to a single neuron class identity are shaded
in light green. Clusters assigned through iterations are shaded in pink. Clusters detailed in pseudotime are shaded in orange. Clusters poorly assigned to
any neuronal class are shaded in gray.

for each explored lineage to play some role in cell fate de-
cisions. Interestingly, 16 of these predicted TFs were pre-
viously proven experimentally to contribute to cell fate de-
cisions in these neurons (36). To provide additional confi-
dence in these predicted key transcription factors, we tested
one of them. The POU transcription factor UNC-86 is en-
riched in the FLP, AIZ, and RMG lineage and is required
for FLP and AIZ terminal differentiation (37). To evaluate
cell differentiation of RMG in unc-86 mutants, we used the
Pnlp-56::RFP marker identified by us and by (28) as specif-
ically expressed in RMG. Expression of Pnlp-56::RFP in
RMG required UNC-86, suggesting UNC-86 play a role in
RMG differentiation (Figure 5B).

Maturation of neurons classes during the L2 stage

The hermaphrodite L1 hatches with 222 differentiated neu-
rons corresponding to 96 neuron classes. However, 80
postembryonic neurons corresponding to 22 neuron classes
are later added to the nervous system (16). As previously ob-
served for the DD neuron class (38,39), postembryonic neu-

rons might follow a remodelling process during early larval
stages and this maturation process might be captured in our
dataset. Therefore our clusters assigned to postembryonic
neurons classes were interesting to explore for the poten-
tial occurrence of a dynamic process. Rather than cluster-
ing cells into discrete clusters, pseudotiming algorithms ar-
range cells based on their progression along a continuous
path that represents dynamic changes in gene expression
along a process (neuronal maturation here). We attempted
pseudotiming for each postembryonic cluster. Most inter-
estingly, pseudotiming connected cluster 42.1 to cluster 56.
Markers allowed us to assign this trajectory to the matu-
ration process of the PDA neuron (Figure 6A). During the
L2 stage, the Y cell (an epithelial cell initially part of the
rectum) migrates away from the rectum and becomes a mo-
tor neuron named PDA at the L3 stage (40). The ceh-6,
cog-1 and cha-1 markers suggested one side of the pseu-
dotime trajectory would correspond to the matured cholin-
ergic PDA neuron. The other side would correspond to a
late stage of the Y cell, posterior to trans-differentiation:
the cells still carried markers of Y cell such as egl-20, had



Nucleic Acids Research, 2020, Vol. 48, No. 13 7127

twk-47 promoter 

250 bp 3’ UTR
mKate

AVK

35umL2
YA

A

2 4 6

2
4

6
8

10

Log 2 FC Cluster 14 (AVK)

Lo
g 

2 
FC

 A
V

K
 (O

ra
nt

h 
et

 a
l)

flp-1

nlp-49

zig-2
F23F1.7

nhr-6

twk-47

F53C3.4

48/RMH?
60/M1

19.1/M5, MI
5/SIB
63/I5

10.0/BDU?
10.1/ALA

27.0_3/RME
37.0AS
59/RIS
35/AIM

35.1AIY?
33/AVL, DVB

45/AIN
37.1/AVF

41/DVA
53/RIC

39/RMG
43/AVB?
54/AIA?
29.1AIZ
8.1/RID
55/PVQ

29.0/AIB
14/AVK

0 10 20 30
Overlap (%)

1.08e−30
2.61e−23
6.30e−16
1.52e−08

Adj p_value

B C

Figure 4. AVK profiling overlap and reporter strain design strategy. (A) We observed an overlap of 35 genes between the 100 most enriched genes in
cluster 14 assigned to AVK neuron class and the 100 most enriched genes from the AVK neuron bulk sequencing (adj. pv = 9.82e–40; P-value adjusted by
Bonferroni correction). (B) The fold change comparison highlights the genes co-enriched in cluster 14 and in AVK bulk sequencing profile. The expression
of nlp-49 and flp-1 mRNA in AVK were previously described (purple) (12,48). Several new potential AVK markers are highlighted in red, including twk-47.
(C) Generation of a reporter strain expressing a 250 bp twk-47 promoter fused to the mKate sequence. The confocal image shows the specific expression
of mKate in the AVK neurons.

lost epithelial markers such as che-14 and gained neuronal
markers such as sad-1. The maturation process appeared
to involve increased expression of the guidance proteins
MADD-4/Punctin and UNC-5/Netrin receptor as well as
the presynaptic protein UNC-64/Syntaxin. Pseudotiming
placed DD and VD on each side of a trajectory within clus-
ter 3 (Figure 6B), ALM/PLM and PVM on each side of a
trajectory within cluster 4 (Figure 6C), and FLP and PVD
on each side of a trajectory within cluster 16 (Figure 6D).
The increased expression of markers of potential matura-
tion such as kcc-2 in cluster 3 (41), alr-1 in cluster 4 (42),
suggest––but do not prove––we capture the progression to-
ward VD and toward PVM mature neurons, respectively.
Despite its large number of cells, cluster 0 2 was not segre-
gated through multiple iterations but assigned to DA, VA,
DB, VB, SAB, AS and PDB. Among those classes VA, VB,
and AS are generated at the end of the L1 stage. Pseudo-
timing organized motorneurons classes along a continuum,
placing the embryonic born DA, SAB and DB at the end
of 2 trajectories, while VA and VB might show some signs
of maturation (e.g. increasing expression of cho-1) (Figure
6E).

Gene enrichment lists provide 15 new neuron class-specific
promoters

Identifying suitable promoters to specifically drive the ex-
pression of genetic tools in a given neuron class is an im-
portant step toward its functional characterization in vivo.
Currently, only 29 neuron classes can be targeted using spe-
cific promoters (Table 1). Theoretically, each of the clus-
ters assigned to a single neuron class could deliver potential
specific markers within enriched genes. To validate the ap-
proach, we designed short (<1 kb) and medium (<2 kb) size

promoters upstream the ATG of 17 genes highly enriched
in clusters of interest (Figure 7 and Supplementary Figure
S2). These promoters were fused to a monomeric EGFP
(mEGFP) or mKate sequence in order to visualize their
expression patterns in vivo (Figure 7 and Supplementary
Figure S2). We confirmed the expression patterns of these
promoters based on their cellular position, morphology,
and/or with NeuroPAL, a polychromatic strain express-
ing four fluorescent proteins under overlapping drivers, de-
signed to unambiguously identify individual neurons (29)
(Supplementary Figure S2). First, we confirmed the valid-
ity of the clustering prediction by designing two promot-
ers for cluster 31, poorly assigned to ADL. We designed
promoter-mKate fusion for two enriched genes: T09B9.3
and C18H7.6. Both constructions showed mKate expres-
sion in the two ADL neurons, confirming the identity of
cluster 31 (Figure 7 and Supplementary Figure S2). We
next designed promoters for a set of parent clusters in or-
der to identify new promoters for neuron classes lacking
specific promoters: AIM, AVK, CAN, FLP, PVQ, IL2L/R
and RMG neurons. Indeed, all the seven designed reporter
strains showed a specific expression of the fluorescent pro-
tein in their corresponding neuron classes (Figure 7 and
Supplementary Figure S2). Finally, we designed promoters
for a set of clusters assigned after the second clustering it-
eration. Among those, we identified new specific promoters
for DD, OLQ, PVP and RIS neurons (Figure 7 and Sup-
plementary Figure S2). Interestingly, no specific promoters
were described until now for FLP without PVD, or IL2 D/V
without IL2 L/R (Table 1).

This promoter screen also helped us to assign an iden-
tity to the poorly assigned cluster 48. A reporter strain for
sem-2, enriched in cluster 48, showed a strong expression
in RMH, suggesting cluster 48 can be assigned to RMH



7128 Nucleic Acids Research, 2020, Vol. 48, No. 13

Figure 5. Predictions of cell fate regulators. (A) We identified transcription factors enriched in neuron class and differentially expressed between sister cells.
Based on these rules, predicted cell fate regulators for neuron classes’ differentiation are displayed. The expression pattern of 16 of these predicted cell
fate regulators are indicated by color and gene name for three lineages. The 16 transcription factors in bold and underlined were also previously proven
experimentally to contribute to neuron class differentiation. (B) Expression of an RMG molecular identity marker (Ex[Pnlp-56::RFP] transgenes) was
analyzed in unc-86(n846) animals and in unc-86(n846) animals rescued by an UNC-86 fosmid. UNC-86 is required for expression of the RMG marker.
81% of the non-rescued unc-86(n846) had no or faint expression of Pnlp-56::RFP in RMG. Differential-interference contrast suggests neurons are present
at the position of FLP and RMG in unc-86(n846). Scale bar: 30 �m.

or does include RMH (Figure 7 and Supplementary Figure
S2). Some of the selected promoters highlighted more than
a single neuron class but confirmed our predictions. For
example, C50F7.5 was enriched in cluster 20, assigned to
the oxygen sensory neurons ALN and PLN. Accordingly to
our prediction, the C50F7.5-mKate reporter strain showed
a specific expression of mKate in both ALN and PLN neu-
rons, allowing us to define a new marker for ALN and PLN
(Figure 7 and Supplementary Figure S2). Similarly, flp-33
was expressed in the dopaminergic neurons ADE and CEP,
but more importantly enriched in the ADE neurons clus-
ter. In fact, the flp-33-mKate reporter strain strongly high-
lighted the ADE neurons and showed a weak expression
of mKate in the CEP neurons (Figure 7 and Supplemen-
tary Figure S2). Nevertheless, some of the selected promot-
ers failed to highlight a single neuron class: C42D4.1 was
enriched in a cluster assigned to SMD and RMD. The re-
porter strain showed indeed an expression in RMD but also

showed a weak expression in another non-identified neuron
(Figure 7 and Supplementary Figure S2).

Gene Ontology (GO) analysis reveals functional diversifica-
tion within neuronal modalities

Similarly to the mouse brain (43), we observed that genes in-
volved in sensory machineries, membrane potential, synap-
tic function and neuromodulation were over-represented
within the differentially expressed genes of each neuron
class (Supplementary Table S3). We reasoned that these
specific genes contribute to the functional diversity ob-
served between the 37 ‘sensory neurons’ classes, between
the 44 ‘interneurons’ classes and between the 23 ‘motorneu-
rons’ classes. To explore which classes of genes are in-
volved, we selected 200 neuron class specific genes for these
three neuronal modalities. The genes required for the sen-
sory machineries (guanylate-cyclases, chemosensory recep-
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Figure 6. Pseudotiming reveals the maturation of PDA neurons. (A) Pseudotiming connects cluster 42.1 (late Y cell) to cluster 56 (PDA neuron) by an
inferred trajectory (angled arrow). The expression level of some markers along this abstract trajectory is reported in RNA count. We report expression
of markers for the Y cell (egl-20, sem-4, unc-33 and egl-27) on one side and markers for the PDA neuron (ceh-6, cog-1 and cha-1) on the other side.
Markers for synaptic genes (sad-1/SAD kinase, unc-64/Syntaxin) and guidance genes (unc-5/Netrin Receptor, madd-4/Punctin) are also reported. (B) For
pseudotiming of cluster 3, we report expression levels for markers of DD (flp-13) and VD (oig-1) motorneurons as well as the gabaergic marker unc-47
and a potential maturation marker: kcc-2. (C) For pseudotiming of cluster 4, we report expression levels for markers of ALM PLM (mec-12 high) and
PVM (flp-8) neurons as well as a potential marker of maturation: alr-1. (D) For pseudotiming of cluster 16, we report expression levels for markers of FLP
(asic-1, lin-14), FLP PVD (dma-1, mec-10) or PVD (ser-2) neurons. (E) Pseudotiming connects clusters 0 to cluster 2 by an inferred trajectory along which
we report expression levels for markers for the DA, VA, VB, DB, AS, SAB motorneurons. For all pseudotiming, the location of the putative immature
precursors and their maturation is displayed on the trajectories by the green circle and arrow, respectively.

tors, Transient Receptor Potential channels etc.) mostly
contributed to the diversity of the sensory neuron classes,
while post-synaptic receptors are not highly diversified. The
genes involved in neuromodulation (bioamine synthetic
pathways, neuropeptides and their receptors) mostly con-
tributed to the diversity of the interneuron classes. Finally,
potassium channels contributed mostly to the diversity of
the motor neuron classes (Table 2). These observations sug-
gest the functional diversification of neurons involves dif-
ferent classes of genes, accordingly to neuronal modality.

DISCUSSION

Although neuronal classification is a useful abstraction to
neurophysiologists, the border between classes is difficult
to resolve. Contrasting with complex brains, the full diver-
sity of the C. elegans nervous system is already anatomi-
cally established at the single cell resolution. In order to

generate the molecular profiles for each neuron class in C.
elegans, we attempted to match the molecular information
from scRNA-seq data to these anatomically defined neuron
classes. Built on Cao et al. (15), our heuristic approach suc-
ceeded to assign 52 additional clusters to a single-neuron
class. However, the simple one-to-one correspondence be-
tween neuron classes and cell-clusters did not apply to 15
of our clusters, assigned to a subset of neuron classes. This
could be explained by several technical limitations in the
depth of expression profiling, in molecular signatures and in
the number of neurons sequenced, preventing us to identify
genes that might segregate these classes. Alternatively, some
neuronal classes might be molecularly too similar to each
other to be robustly separated despite known differences in
connectivity and functions (e.g. the motor neuron classes in
cluster 0 2). In contrast, we easily segregated the chemosen-
sory neuron class ASE in two sub-classes ASER and ASEL,
known to display symmetric morphology but asymmetric
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Table 1. Neuron class-specific promoters. As a resource to drive expression selectively in neurons of interest, we gathered all known neuron class-specific
promoters published by the C. elegans community as well as the ones we identified in this work

Neuron Genes Ref Neuron Genes Ref

ADE CEP flp-33 us BAG gcy-9 (68)
ADF srh-142 (50) BAG flp-17 (69)
ADL svh-1 (51) CAN S pks-1 us
ADL T09B9.3 us DD S ttr-39 us
ADL C18H7.6 us DVA twk-16 (70)
AFD gcy-8 (52) DVC ceh-63 (71)
AIA gcy-28 (53) FLP Y48G10A.6 us
AIM nlp-70 us FLP+PVD deg-3 (72)
AIY ttx-3 (54) FLP+PVD des-2 (73)
ALN PLN C50F7.5 us IL1 aqp-6 (74)
ASEL gcy-6 (55) IL1 Y111B2A.8 (75)
ASEL gcy-7 (55) IL1 flp-3 (76)
ASER gcy-4 (56) IL2 klp-6 (77)
ASER gcy-5 (55) IL2LR C18F10.2 us
ASG gcy-15 (56) OLQ ocr-4 (78)
ASI str-3 (57) OLQ ttll-9 us
ASJ sptf-1 (58) PHA srg-13 (61)
ASJ ssu-1 (59) PHA gcy-17 (56)
ASJ trx-1 (60) PVD FLP F49H12.4 (73)
ASK sra-7 (61) PVD FLP dma-1 (79)
ASK sra-9 (61) PVP ocr-3 us
ASK srg-2 (61) PVQ nlp-17 us
ASK srg-8 (61) PVT zig-2 WB
ASK srbc-64 (62) RIA glr-3 (80)
ASK srbc-66 (62) RIA glr-6 (80)
AVJ hlh-34 (63) RIC tbh-1 (81)
AVK flp-1 (64) RIM gcy-13 (56)
AVK twk-47 us RIM cex-1 (82)
AWA odr-10 (65) RIS srsx-18 us
AWB srab-16 (66) RIS flp-11 (83)
AWB sru-38 (66) RMD C42D4.1 us
AWB str-44 (66) RMG nlp-56 (28) and us
AWB str-163 (66) RMH sem-2 (76) and us
AWC OFF srsx-3 (67) URX AQR PQR gcy-32 (55)
AWC OFF srt-26 (67) SAA rig-5? (76)
AWC OFF srt-28 (67)
AWC ON str-2 (67)
AWC ON srt-45 (67)
AWC ON srt-47 (67)

WB: described in Wormbase, sequence not known.

gene expressions and functions (15). These two examples
above illustrate the abstract border between neuron classes
and sub-classes from the molecular point of view.

We anticipate our work will serve as a resource to facili-
tate future works on C. elegans nervous system. Indeed, only
a few markers were available for each neuron class, and only
a few neuron classes were profiled in depth (10,12,44,45).
Our work provides a partial molecular profile for the 62
clusters we assigned to a single neuron class and 15 com-
bined profiles for clusters assigned to a subset of neuron
classes. Despite the shallow sequencing, zero-inflation ef-
fects and cluster size affecting the analysis (Supplementary
Figure S1G) (46), we confirmed the quality of the expres-
sion profiles by the comparison with bulk sequencing and
by the generation of neuron-specific promoters. Although
the regulatory cis-elements of every gene are not known, the
restricted expression patterns of the 17 promoters we tested
here support the strength of this approach to deliver addi-
tional specific promoters. Partly because of the lack of spe-
cific promoters, little is known about the functions of some
neuron classes (e.g. ALN, PLN, AIM and CAN). The 15
new markers we validated here already provide to the com-

munity a set of new specific promoters, of which 10 are for
neuron classes without any known specific marker to this
day. Some of these new promoters will be valuable tools to
manipulate neurons hard to access currently. For example,
optogenetic manipulation of RMG required to use specific
illumination method or to restrict the expression using over-
lap between two promoters (47).

Recently, two other datasets corresponding to ∼85,000
embryonic cells and to ∼52 000 L4 larval stage neurons were
sequenced by (27) and (28), respectively. In comparison to
our approach, the authors used a small number of specific
markers to assign each cell clusters to their corresponding
neuron classes but had access to the lineage information.
We observed an important overlap (80.5%) between our as-
signed clusters and the corresponding ones in the L4 stage
animal (28) (Supplementary Table S5), supporting the re-
sults of both assignment efforts and suggesting additional
markers for specific promoters (Supplementary Table S3).
Similarly, we observed an important overlap (82.8%) be-
tween our assigned clusters and the neuron classes emerging
at the end of the embryonic development (27) (Supplemen-
tary Table S5). Although, some neuron classes change their
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Table 2. Differential gene class enrichment between neuronal modalities. The molecular and biological functions of 200 neuron class specific genes were
analysed independently for 28 sensory neurons clusters, 21 interneurons clusters and 15 motor neurons clusters. Genes were grouped accordingly to their
putative or demonstrated functions in C. elegans

Figure 7. Confocal images of 17 designed reporter strains. The expression patterns of mKate (red) or mEGFP (green) driven by the corresponding gene
promoter were analysed by confocal microscopy. White arrowheads indicate the neuron-classes expressing the fluorescent proteins. The animals were
imaged between L2, L4 or young adult (YA) developmental stages. Details concerning neuron class identification, promoters’ size and primers’ sequences
are described in Supplementary Figure S2.
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expression profiles only after circuit assembly (27) or mature
through larval stage (38,39), these above observations sug-
gest most of the neurons are committed to their transcrip-
tomic identities at the end of the embryogenesis, and retain
their identities throughout post-developmental stages. An
interesting exception to such robust commitment at the end
of embryogenesis is the trans-differentiation of the Y cell
into PDA (40) that we partially observe in this dataset.

We extracted enriched transcription factors as potential
cell fate regulators within three specific lineages. We show
experimentally that unc-86 is necessary for the normal dif-
ferentiation of RMG neurons. We also analysed differen-
tially enriched gene ontologies between neuronal modal-
ities (sensory-, inter- and motor neurons). While it is in-
tuitively expected sensory machineries genes diversify the
sensory neurons, we observed that other specific gene fam-
ilies contributed to the diversity in interneurons and mo-
tor neurons. On one hand, genes involved in neuromodula-
tion were highly diverse between interneuron classes, sug-
gesting a complex neuromodulation soup is generated by
each interneuron and differentially controls these interneu-
ron classes. On the other hand, genes involved in the tuning
of membrane potential were highly diverse between motor
neurons classes, suggesting their diversity involves a tight
control of their membrane potential. Altogether, our work
will contribute to the molecular characterisation of the neu-
ronal diversity of C. elegans, a crucial step toward the un-
derstanding of its neuronal network.

DATA AVAILABILITY

All scripts and datasets used for the iterative cluster-
ing analysis plus the resulting outputs are available in
the GitHub repository (https://github.com/lorenzo-jr/ce-
neuronclusters). Representation of scatter plots using the
log2(fold change) of marker genes for matching clusters be-
tween Lorenzo et al., Packer et al. and Taylor et al. are avail-
able on the resource of our website.
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