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GENETICS

Whole-animal multiplexed single-cell RNA-seq reveals
transcriptional shifts across Clytia medusa cell types

Tara Chari't, Brandon Weissbourd'*>t, Jase Gehring*t, Anna Ferraioli*t, Lucas Leclére®,
Makenna Herl®, Fan Gao’, Sandra Chevalier®, Richard R. Copley’*, Evelyn Houliston®*,

David J. Anderson’?3#, Lior Pachter'3*

We present an organism-wide, transcriptomic cell atlas of the hydrozoan medusa Clytia hemisphaerica and describe
how its component cell types respond to perturbation. Using multiplexed single-cell RNA sequencing, in which
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individual animals were indexed and pooled from control and perturbation conditions into a single sequencing
run, we avoid artifacts from batch effects and are able to discern shifts in cell state in response to organismal per-
turbations. This work serves as a foundation for future studies of development, function, and regeneration in
a genetically tractable jellyfish species. Moreover, we introduce a powerful workflow for high-resolution,
whole-animal, multiplexed single-cell genomics that is readily adaptable to other traditional or nontraditional

model organisms.

INTRODUCTION

Single-cell RNA sequencing (scRNA-seq) is enabling the survey of
complete transcriptomes of thousands to millions of cells (1), re-
sulting in the establishment of cell atlases across whole organisms
(2-6), exploration of the diversity of cell types throughout the ani-
mal kingdom (3, 7-9), and investigation of transcriptomic changes
under perturbation (10, 11). However, scRNA-seq studies involving
multiple samples can be costly and may be confounded by batch
effects resulting from multiple distinct library preparations (12, 13).
Recent developments in scRNA-seq multiplexing technology expand
the number of samples, individuals, or perturbations that can be
incorporated within runs, facilitating well-controlled scRNA-seq
experiments (11, 14-18). These advances have created an opportunity
to explore systems biology of whole organisms at single-cell resolu-
tion, merging the concepts of cell atlas surveys with multiplexed
single-cell experimentation.

Here, we apply this powerful experimental paradigm to a planktonic
model organism. We examine the medusa (free-swimming jellyfish)
stage of the hydrozoan Clytia hemisphaerica, with dual motivations.
First, Clytia is a powerful, emerging model system spanning multiple
fields, from evolutionary and developmental biology to regenera-
tion and neuroscience (19-24). While previous work has characterized
a number of cell types in the Clytia medusa (21), a whole-organism
atlas of transcriptomic cell types has been lacking. Such an atlas is a
critical resource for the Clytia community and an important addi-
tion to the study of cell types across animal phylogeny.
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Second, emerging multiplexing techniques present new oppor-
tunities for system-level studies of cell types and their changing
states at unprecedented resolution in whole organisms. The Clytia
medusa offers an appealing platform for pioneering these studies. It
is small, transparent, and has simple tissues and organs, stem cell
populations actively replenishing many cell types in mature animals,
and remarkable regenerative capacity (19, 22, 24-27). Furthermore,
the 1-cm-diameter adult medusae used in this study contain on the
order of 10° cells, making it possible to sample cells comprehensively
across a whole animal in a cost-effective manner using current
scRNA-seq technology (fig. S1 and tables S1 and S2). In this study,
we generate a cell atlas for the Clytia medusa while simultaneously
performing a whole-organism perturbation study, providing the
first medusa single-cell dataset and an examination of changing cell
states across the organism. Our work also provides a proof-of-principle
for perturbation studies in nontraditional model organisms, using
multiplexing technology and a reproducible workflow with lessened
reliance on functional annotation, from the experimental imple-
mentation to the data processing and analysis.

RESULTS

We compared control versus starved animals, as this strong, natural-
istic stimulus was likely to cause notable, interpretable changes in
transcription across multiple cell types. Laboratory-raised, young
adult, female medusae were split into two groups of five animals,
one deprived of food for 4 days, and the second fed daily (see Mate-
rials and Methods). We observed numerous phenotypic changes in
starved animals, including a marked size reduction reflecting two-
to threefold fewer cells (Fig. 1, fig. S2, and see Materials and Methods)
(28), and a notable reduction in gonad size. Correspondingly, the
number of eggs released per day decreased (fig. S3) (29).

For scRNA-seq, single-cell suspensions were prepared from each
whole medusa and individually labeled with unique ClickTag bar-
codes (14) using a seawater (SW) compatible workflow (see Materials
and Methods, tables S2 and S3, Supplementary Methods, and fig. S4).
All labeled suspensions were pooled and processed with the 10X
Genomics V2.0 workflow and Illumina sequencing, allowing con-
struction of a combined dataset across organisms and treatments,
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Fig. 1. Overview of whole-organism multiplexed experimentation. Experimen-
tal design of the starvation experiment showing (1) images of control versus 4-day
starved animals (scale bars, 0.5 cm), (2) dissociation of individual medusa and
chemical tagging of cells with ClickTags to enable multiplexed scRNA-seq, (3) pooling
of cells and library generation from lysed cells to generate (4) sequencing libraries
for the multiplexed cDNA and ClickTag data and create (5) single-cell resolved
gene expression count matrices from all animals (see Materials and Methods).

without requiring batch correction (Fig. 1, fig. S4, A to D, and table
S1). A total of 13,673 single-cell profiles derived from 10 individuals
(5 control and 5 starved) passed quality control, with high concor-
dance in cell type abundance and gene expression among animals in
the same treatment condition (see Materials and Methods and fig.
S5). From this gene expression matrix, we (i) derived a Clytia me-
dusa cell atlas and (ii) generated a high-resolution resource of the
transcriptional impact of starvation across all observed cell types.
To validate the cell atlas and assess technical variability across
and within multiplexed experiments, we performed an additional,
independent round of sequencing from 12 individuals. We found
that cell types were highly concordant between experiments and
confirmed a reduction of batch effect-induced variability within
multiplexed experiments (see below). During this second sequencing
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run, we took advantage of our multiplexing approach to perform an
experiment designed both to search for transcripts with “immediate
early gene (IEG)”-like behavior in Clytia and to test its sensitivity
for detecting more rapid or subtle gene changes than those of the
extreme starvation perturbation. For this, we exposed Clytia medusae
to multiple transient, ionic stimuli and dissociated ~1 hour later. This
paradigm allowed us to identify candidate genes with IEG-like proper-
ties across many cell types, including neurons (figs. S6 to S8 and
table S4) (30). IEGs are valuable tools in neuroscience, to identify
neurons that are active following a specific stimulus or behavior (30).
This methodology is thus able to detect transcriptional responses
across diverse stimulus-response paradigms (table S5).

A Clytia cell atlas

To generate the cell atlas, we clustered the cells using the gene
expression matrix, extracting 36 cell types and their corresponding
marker genes (see Materials and Methods; Fig. 2, A and B; figs. S9 to
S11; and table S5). Each of the cell types was present in each of the
individual animals sequenced (fig. S12). We then generated a low-
dimensional representation (31, 32) of these cell types (Fig. 2A). We
could group the cell types into seven broad classes (Fig. 2A) that
correspond to the outer epidermis, the inner gastrodermis, and to
likely derivatives of the multipotent interstitial stem cell population
(i-cells). I-cells are a specific feature of hydrozoans, and are particu-
larly well characterized in Hydra, where they generate neural cells,
gland cells, and stinging cells (nematocytes), as well as germ cells
(8, 20, 33). Our dataset was derived from female medusae so it lacks
male germ cells, and late stage oocytes are expected to be too large
for capture by the dissociation procedure.

The 36 cell types (see Materials and Methods and Fig. 2, B to D)
were concordant between the two separate multiplexed experiments
(see “Starvation” and “Stimulation” sections in Materials and Methods)
and robust to different transcriptome annotations (figs. S6 and S13).
For some of them, cell type identity could be assigned on the basis of
published information on gene expression in Clytia and/or of homol-
ogous genes in other animals, while for the others we performed in situ
hybridization for selected marker genes (Fig. 2C, figs. S11 and S14,
and table S3). Previously known cell types apparent in our data in-
cluded i-cells (34) and nematocytes at successive stages of differen-
tiation (35-37), as well as oocytes (38), gonad epidermis, manubrium
epidermis, and bioluminescent cells in the tentacles that each express
specific endogenous green fluorescent proteins (GEPs) (39).

In situ hybridization for a selection of diagnostic muscle cell type
genes allowed us to describe cell types making up the smooth and
striated muscles, for instance, distinguishing the striated muscle cells
lining the bell (subumbrella) and velum (Fig. 2, C and D, and fig.
S14) (23, 27). Within known cell types, clustering revealed an unap-
preciated degree of cell heterogeneity, yielding novel subtypes. For
example, eight cell types could be distinguished within the gastro-
dermis, six of which were designated gastro-digestive (GD A-F) on
the basis of a largely shared set of marker genes (Fig. 2B), including
enzymes associated with intracellular digestion, such as CathepsinL
(40). Unlike most other clusters, the GD clusters differ primarily in
their relative levels of gene expression, rather than by unique marker
genes. They thus likely represent variations on a similar digestive-
absorptive epithelial cell type with different functional specializations, dis-
tributed across the main digestive compartments of the gastrodermis—
the manubrium, gonad, and tentacle bulb—and the gastrovascular
canals that link them (figs. S11 and S14). Comparison of gene modules
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Fig. 2. The Clytia Medusa Cell Atlas. (A) Two-dimensional UMAP embedding of cells labeled by seven cell type classes. Class colors are retained in (B) to (D). (B) Heatmap
of top marker genes from the sequencing data with 36 Louvain clusters comprising the seven cell type classes. (C) In situ hybridization patterns for a selection of cluster
marker genes providing spatial location on the animal (comprehensive set in fig. S14). The label GD denotes general markers for GastroDigestive cell types. Scale bars, 100 um.
(D) Schematics of Clytia medusa, manubrium, gonad, and tentacle bulb showing the main cell types. Abbreviations of cell class names: GD, GastroDigestive; BC, bioluminescent
cells; EM, epidermal/muscle; GC, gland cells; SC, stem cell/germ cell; NY, nematocytes; NE, neural cells.
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discriminating these gastrodermal clusters (fig. S15) indicates that
GD-B may have a particular role in transforming growth factor—f
signaling, likely involving the ligands BMP2/4 and BMP5/8. GD-D
is enriched for a module associated with cell-cell junctions, while
GD-F shows relative depletion, suggesting poorer integration into
the gastrodermal epithelium (fig. S15) and possible involvement in
GD cell mobilization during starvation and regeneration (19). GD-C
cells, localized closest to the endodermal plate, are enriched for
transcripts associated with extracellular matrix and mesoglea (jelly)
production (Fig. 2, C and D, and figs. S11 and S14). Expression of
these and other genes implicated in mesoglea production, such as
fibrillar collagens, is also a characteristic of endodermal plate cells
(cluster 33) and proximal tentacle-bulb endoderm cells (cluster 16).

Digestive gland cells fell into five types expressing different mix-
tures of enzymes for extracellular digestion. These showed overlapping
distributions in the mouth and stomach regions of the manubrium.
Two subtypes of gland cells (type C and E) were also present within
the gonad gastroderm. Four broad clusters corresponding to neural
cells each appeared to represent mixed populations and could be
subdivided by further analyses to define 14 likely subpopulations of
neurons (see below). Seven major clusters could be assigned identi-
ties as nematocytes at different developmental stages, comprising
two groups with highly distinct transcriptional signatures. Four of
these we designate “nematoblasts” on the basis of high levels of
transcripts related to formation of the nematocyst (stinging capsule)
(35, 36, 41). The other three, designated as differentiating and mature
“nematocytes,” show no enrichment of these nematocyst transcripts
but strongly express highly conserved proteins of the actin-rich
“stereovilli” of vertebrate hair cells, including Whirlin, Harmonin,
and Sans/USH-IG. This is consistent with observations of similar
actin-based protrusions surrounding a central cilium in many of the
mechanosensory cell types described in other cnidarian species (42).
Related but more elaborate actin structures are associated with the
cnidocil of mature nematocytes, but it had not previously been known
to share functional hair-cell components (42, 43). Nematocilin, a
hydrozoan-specific component of the nematocil (ciliary trigger for
nematocyte discharge) (44), is also expressed in these clusters (fig.
S14, table S5, and see below). In situ hybridizations revealed marker
expression in morphologically distinguishable nematocytes, notably
including two lines along the oral face of each tentacle (Fig. 3E and
fig. S14), a notable arrangement overlooked in previous studies.

A remarkable feature of the Clytia medusa is that it constantly
generates many cell types, notably neural cells and nematocytes from
prominent i-cell pools in the tentacle bulb epidermis (36) and at
other sites (34). Within our dataset, we thus expected to be able to
capture dynamic information relating to the development of i-cell-
derived cell types, similar to that extracted from Hydra polyp single-
cell transcriptome data (8). As in Hydra, our cell atlas revealed clear
connections between the neuronal and nematocyte populations and
the i-cell population (Fig. 2A and figs. S11 and S14) (3, 8), likely
corresponding to differentiation trajectories (35, 36). In contrast, we
found no clear developmental connection between i-cells and gland
cells and little to no expression of markers of the common neuronal-
gland cell precursors identified in Hydra (8) (fig. S16). In Hydra,
gland cells are generated not only from the i-cell lineage but also by
processes of self-renewal and position-dependent transdifferentia-
tion (8). In the Clytia medusa, digestive gland cells show widespread
distribution across distinct regions of the manubrium and gonad
compartments of the gastrovascular system, spatially separated from
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i-cell populations positioned proximally in both these organs (fig.
S14). It is possible that these alternative pathways may dominate
over direct differentiation from the i-cell lineage in this system.

To address the developmental relationships between the different
neural and nematocyte clusters and identify developmental markers,
we assigned pseudo-time values to the cells and ranked genes in each
trajectory (see Materials and Methods and Fig. 3A). This revealed
trajectories consistent with these cell types both deriving from
i-cells (Fig. 3, A and B) (8). Examination of the nematocyte trajectory
revealed the early expression of genes previously not associated
with this process, including Znf845 and Mos3 (Fig. 3, C and D) (45).
Nematocyst-related genes—such as minicollagens, polyglutamate
synthases, Dkk3, and NOWA—were then expressed during a first
major phase of nematogenesis, consistent with previous reports
(Fig. 3, C and D; corresponding expression domains in Fig. 3E and
fig. S14) (35-37, 41). The trajectory analysis confirmed continuity
between the “nematoblast” clusters and the distinct and under-
appreciated nematocyte differentiation phase, characterized by ex-
pression of putative nematocil structural proteins and nematocilin
expression at the end of the trajectory (Fig. 3, C and D, and figs. S11
and S14) (see above). The two phases of nematogenesis were linked
by the expression of rare specific marker genes for cluster 17 (e.g.,
M14 peptidase in Fig. 3E and fig. S14). Consistent with this linking
of the nematoblast and differentiation phases revealed in trajectory
analysis, in situ markers showed distinct expression territories in
the tentacle bulb and tentacle, respectively (Fig. 3E). Furthermore,
we found that markers of both phases and their respective orthologs,
including the “hair cell” gene set, were appropriately distributed
among transcriptomes derived from dissected Clytia bulb and ten-
tacle regions (35) and between developing and mature nematocyte
scRNA-seq clusters in Hydra (8).

Cnidarian nervous systems represent both valuable points of
phylogenetic comparison and tractable platforms for systems neuro-
science (3, 8, 20). However, the molecular heterogeneity of neural
cell types and their developmental progression remains largely
unexplored, particularly in the more complex medusa forms. We
therefore extracted genes expressed during neural development
that included those encoding bHLH, Sox, and other transcription
factors with potential roles in neurogenesis or fate specification and
numerous other genes of interest in neuronal development, such as
cell adhesion molecules (Fig. 4, A to C, and table S5) (36, 46-48). In
mature neurons, neuropeptides are thought to be the dominant
neurotransmitters in cnidarians (49, 50) but are challenging to
identify because of rapid sequence evolution (51, 52). In conjunc-
tion with sequence-based analysis, we were able to identify 10 new
likely neuropeptides on the basis of their inclusion as marker genes
for the four basic neural clusters (6, 9, 26, and 31 in Fig. 2, Band D),
increasing the number of predicted Clytia neuropeptides to 21
(table S3). Our pseudo-time ranking revealed that many of these
predicted neuropeptides mark the later stages of neural cluster
trajectories, likely defining distinct, mature neural subpopulations
(Fig. 4D).

We extracted and reclustered the neural supergroup (“Neural;”
Fig. 2, A and B) to characterize neural subtypes. This distinguished
14 subpopulations of neurons and a progenitor population, ex-
pressing cell cycle and conserved neurodevelopmental genes including
the bHLH transcription factor Neurogenin (subcluster 0; Fig. 4D).
Notably, the neuronal subpopulations show combinatorial neuro-
peptide precursor expression, often with a distinct and identifying
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neuropeptide (Fig. 4D). Expression of putative neuropeptide pro-
cessing enzymes was detected across the subpopulations and in the
nematocytes and gland cells (fig. S17). The UMAP (uniform mani-
fold approximation and projection) expression embedding for neuro-
peptide precursors suggest that further complexity remains to be
discovered within these subpopulations; for instance, subpopulation
4 includes cells either expressing pp1 or pp11. In situ hybridization for
a set of neuropeptide precursors indicated that some were broadly
distributed across the animal, while others had highly specific spatial
locations, suggestive of distinct functions in regulating physiology and
behaviors relating to swimming, feeding, and orientation (Fig. 4E and
fig. S18). For example, pp5* (GRFamide precursor) cells were widely
detected across the tentacles, bulbs, nerve rings, subumbrella, and
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mouth, while pp11" (GLWamide precursor) cells were detected pre-
dominantly in the manubrium and nerve ring. Pp7* cells were lo-
cated both around the rim of the mouth and in patches of the nerve
ring, close to the statocysts (vestibular organs). Subpopulations of
neurons also occupied different expression domains within the ten-
tacles: pp25, which generates distinct RFamide family neuropeptides
(fig. S18 and table S3), distinguishes a subpopulation of the pp5"
neurons positioned on the aboral side of the tentacle, pp17 labels
distinct cells in the same region, and pp20 labels a small group of
cells at the base of each tentacle (Fig. 4, E and F, and fig. S18).
Unlike cells using neuropeptides, the transcripts for which are
directly assayable in scRNA-seq data, cells using classical chemical
neurotransmitters are identified by enzymatic or transporter proxies.
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Cells using glutamate as a neurotransmitter are usually inferred via
the presence of vesicular glutamate transporter markers (vGluts; in
human SLC17A6/7/8) (53). Of the closest Clytia homologs of
human vGluts, one was expressed in neurons and non-neural cell
types, and several were marker genes for nematocytes. However, in
common with nearly all cnidarian genes annotated in silico as vesicular
glutamate transporters, Clytia sequences lack an arginine residue, con-
served in all bilaterian vGluts, and recently shown to be required
for vGlut function (54). Furthermore, we detected no neuronal ex-
pression of the closest homologs of glutamate decarboxylase (GAD), a
marker for gamma-aminobutyric acid-ergic (GABAergic) neurons in
Bilateria. GAD homologs were instead detected in some gastrodermal
subtypes. There were a number of other interesting neuron subtype-
specific genes potentially involved in “chemical” neurotransmission,
for example, a possible nitric oxide synthase, a choline (SLC5A7-like)
transporter, a gene encoding a taurine dioxygenase-like domain, and
a member of the Slc6 family of transporters (table S5).

Cell state shifts in response to starvation across the cell atlas
To assess the transcriptional impact of starvation, we mapped indi-
vidual cells to their corresponding control or starved labels. As there
are around 60% fewer cells in a starved animal (fig. S2), we first
asked whether there were significantly different numbers of cells
per cluster between control and starved conditions. We found that
only one cluster had a significant difference (cluster 11, early nemato-
blasts in fig. S5B), suggesting a nearly uniform reduction across cell
types in the starved condition. In contrast, the distribution of cells
from control versus starved animals across the atlas embedding
showed marked shifts in the local density of cells from the two con-
ditions within most clusters (Fig. 5A).

Given the cell type resolution of the atlas, as determined opera-
tionally by clustering, we then asked how marked the transcriptional
changes incurred by perturbation were in comparison to the transcrip-
tional differences defining the cell types, i.e., are the perturbation-
induced changes encompassed within these cell type designations
or are they larger in magnitude. We thus compared distances be-
tween control and starved cells within clusters to the distances be-
tween clusters. As a metric, we used the L; distance (see Materials
and Methods), the sum of the absolute differences between centroid
coordinates in principal components analysis (PCA)-reduced space.
We found that the L; distances between control and starved cells
within a cell type, versus between cell types (regardless of condition),
formed nearly nonoverlapping distributions (see Materials and
Methods and Fig. 5B). This suggests that, overall, in Clytia, the tran-
scriptional responses to starvation are defined by cell state shifts,
and their cell type repertoire is well represented by the original clusters.
However, the impact of starvation was variable across cell types, as
reflected by the range of internal (state) distances (Fig. 5B). Starvation
produced the largest perturbations in cells of the gastrovascular sys-
tem, causing control-versus-starved distances large enough to over-
lap with the smallest inter-type distance, i.e., that between the stem
cells and nematocyte precursors (Fig. 5B). This distinction between
state shifts and type was also clearly visible in the lack of overlap
between the distributions of inter- and intracluster distances within
the second multiplexed experiment (fig. S6E). Although classifica-
tion and distinction of cell state and type is a complex task (55), this
analysis, based on relative distance in transcriptional space, provides
a quantitative basis for delineation of type/state effects that may be
useful in other contexts. We additionally validated the ability of this
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Fig. 5. Starvation-induced shifts in cell types. (A) Density map of control and
starved cells across cell types (see cell types across conditions in fig. S5B), with each
cell colored by the number of its 15 nearest neighbors that are control cells to high-
light the clusters most affected by starvation, i.e., most clearly separated from their
control neighbors. Clusters 14 and 19, with particularly dense and separated control/
starved regions are circled. (B) Histogram of L, distances between centroids of con-
trol and starved cells within cell types versus pairwise L; distances between cen-
troids of the 36 cell types. Clusters 14 and 19, with largest internal distances, are
highlighted, and clusters with small pairwise distances are also noted for compari-
son. Inset illustrates inter- and intra-L; distance calculations.

method to recapitulate the magnitude of state shifts in response to
graded stimuli and state-versus-type distinctions, on two other
published, multiperturbation datasets (see Materials and Methods;
fig. S19).

To characterize gene-level responses underlying these starvation-
induced shifts, we then asked whether responses are shared or unique
across the cell types and compared the extent of the responses, in
terms of gene quantity and expression level, across the atlas. For
each cell type, we collected genes that were differentially expressed
under starvation (“perturbed genes”; Fig. 6A) (see Materials and
Methods). For a high-level view of the general functions and pro-
cesses affected by starvation and their cell type specificity, we clus-
tered perturbed genes into apparent “gene modules” (56) by their
patterns of coexpression across cells (see Materials and Methods
and Fig. 6A). We assigned putative functions to these gene modules
through Gene Ontology (GO) term enrichment, giving a global view
of affected processes (fig. S20), and examined the distribution of cell
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Fig. 6. Perturbation responses in the oocyte and digestive cell types. (A) Workflow for extracting perturbed genes per cell type and clustering on genes to extract
coexpressed groups or modules of genes (fig. S20). (B) Each gene in module embedding colored by number of cell types in which the gene was differentially expressed
under starvation. (C) Visualization of locations of perturbed genes (among the embedded modules) of the two highly perturbed GD cell types (clusters 14 and 19) and
(D) early oocytes (cluster 35). Violin plots showing expression profiles for several perturbed (differentially expressed) genes in “functional” categories of interest. *P < 0.05
from nonparametric Wilcoxon test. Horizontal lines show quartiles and width of violins denote density of points in that region. (E) UpSet plot visualization for intersecting
sets of perturbed genes. The barplot in (1) shows the number of genes that are differentially expressed under starvation (perturbed genes) for each cell type. This is the
cardinality or size of each cell type’s set of perturbed genes. (2) The connected dots represent intersections (overlaps) between the sets of each cell type’s perturbed
genes. Genes with starved differential expression in only one cell type are denoted by the red, unconnected dots. (3) The top bar plot is the number of perturbed genes
within these sets of shared perturbed genes, i.e., the cardinality of the intersections in (2).

Charietal., Sci. Adv. 7, eabh1683 (2021) 26 November 2021 8of17



SCIENCE ADVANCES | RESEARCH ARTICLE

types across modules by asking in how many cell types is a given
gene a perturbed gene (Fig. 6B). We found that certain gene mod-
ules were broadly shared across cell types, while others were almost
entirely cell type-specific (fig. S20). Notable examples include gene
module 5, which is enriched in proteolytic genes (Fig. 6C and
fig. S20) and has shared expression across multiple GD cell types
(Fig. 6C). Notably, there is also divergent gene expression between
GD types (Fig. 6C). In comparison, gene module 3 is largely com-
posed of early oocyte gene expression (~70%) and is enriched in cell
cycle and developmental genes, which are commonly enriched in
growing oocytes (Fig. 6D). Changes in expression of these genes
likely reflect the processes of oocyte phagocytosis activated in the
gonads of starving animals (see below). Overall, these modules thus
provide an overview of which processes affected by starvation are
shared across cell types and reveal divergent expression potentially
reflecting different motility (19), locations, or as-yet-undescribed
functional differences between the cell types (fig. S21).

To examine how individual perturbed genes are distributed
across cell types, we visualized, for each cell type, how many per-
turbed genes it had, and how many of these genes are unique versus
shared with other cell types (Fig. 6E). We found a large number of
perturbed genes (~72%) were cell type specific (Fig. 6E). For the
most perturbed cell types, we examined whether the state shifts that
we had observed were due to changes in a large or small number of
genes, and how highly these genes were expressed. Consistent with
the marked shrinkage of the gonads during starvation treatment
(Fig. 1), early oocytes contained the highest number of perturbed
genes, which were spread across many gene modules (Fig. 6D). In
contrast, the GD cell types had fewer perturbed genes that were ex-
pressed at higher levels and localized to more specific gene modules
(Fig. 6C), highlighting the diverse logic used by cell types under
starvation (fig. S22).

In accordance with these distinct responses in GD cells and
oocytes, comparison of the cellular organization of gonads from
control and starved medusae revealed major reorganization of both
the gastrodermis and the oocyte populations (Fig. 7). Most notably,
the population of midsized, growing oocytes, which progress daily
through vitellogenesis under conditions of normal feeding (29), was
largely depleted following starvation, leaving a majority of pre-
vitellogenic oocytes (Fig. 7A). A sparse population of large oocytes
in starved gonads likely results from growth of a minor subpopula-
tion of oocytes fueled by recycling of somatic tissue and oocytes
(disintegration and phagocytosis of smaller oocytes visible in Fig. 7A,
asterisks). Consistently, GD cells in many parts of the gonad lost
their regular epithelial organization and, despite the absence of any
external food supply, showed evidence of active phagocytosis involving
variably sized vesicles (arrows in Fig. 7A). Changes in organization
and activity of the gonad gastrodermis were also evident from in
situ hybridization images for the GD cell marker CathepsinL, while
reduced expression was confirmed for a protease (ShKT-TrypA) ex-
pressed in gland cell types A and B positioned within the manubrium
gastroderm, which is down-regulated during the starvation treat-
ment (Fig. 7B). Shifts between gonad gastrodermis organization
and transcriptional profiles induced by starvation thus accompany
activation of tissue autodigestion programs and likely the mobiliza-
tion of GD cells [termed MGD for mobilizing gastro digestive cells
(19)] from the gonad through the gastrovascular canal system, which
has been observed both under conditions of starvation and during
regeneration of the feeding organ (19).

Charietal., Sci. Adv. 7, eabh1683 (2021) 26 November 2021

DISCUSSION

The Clytia medusa single-cell atlas presented here is an important
addition to the growing number of single-cell atlases across the an-
imal tree of life. It is available for easy interrogation by the commu-
nity through the UCSC Genome Browser (see Data and materials
availability). This provides the first cell-level transcriptomic charac-
terization of a pelagic medusa stage, the most complex of the life
cycle forms within the large and diverse phylum Cnidaria. Reflect-
ing this complexity, we found greater cell type diversity in the Clytia
medusa than in its polyp-only hydrozoan cousin Hydra (8). The
outer, epidermal body layer could be subdivided into seven clusters
encompassing all of the described Clytia muscle types, including two
types of fast-contracting striated swimming muscle (23, 27). Rich
diversity was also uncovered in the inner gastroderm layer, which is
elaborated in the medusa into distinct digestive compartments (mouth,
stomach, gonad, and tentacle bulb) and generates the thick mesoglea
(jelly) characteristic of the medusa form. Of the eight gastroderm
cell clusters, four could be mapped to distinct sites by marker gene
in situ hybridization including three likely involved in mesoglea/
extracellular matrix production and thus in modulating the medusa
structure. Only two of the four clusters belong to the “GastroDigestive”
cluster set, characterized by a largely shared transcriptomic profile
(Fig. 2B and table S5), with the other GD clusters distributed more
uniformly across the digestive compartments (fig. S14), suggesting
a dominant role in intracellular digestion but with functional spe-
cializations that remain to be fully understood. Our starvation
experiment analyses revealed that these clusters were maintained
operationally as distinct “cell types” rather than “cell states” between
the two extreme conditions tested, but we cannot rule out that re-
sponses to other environmental or physiological perturbations may
reveal plasticity between these clusters; for instance, transdifferentia-
tion between muscle and nerve cell types is well documented in hy-
drozoan medusae [overview in (27)].

In addition to the epithelial cell types of the epidermis and gastro-
derm, our single-cell atlas confirms the presence of an i-cell popula-
tion in Clytia providing a similar set of somatic cell types to that
described in Hydra, as well as the germ cells (8, 34). In these medusa
data, we do not find strong evidence for direct progression from
i-cells to gland cells or for the shared neural-gland cell progenitors
described in (8). In contrast, our pseudo-time analyses provide tran-
scriptional signatures of the progressive stages of nematogenesis
and neurogenesis from i-cells that will guide future studies of their
developmental regulation. The large representation of nematogenic
stages in this Clytia medusa scRNA dataset allowed us to link two
distinct phases of nematocyte formation with extremely different
transcriptional profiles. The initial phase covering nematocyst for-
mation has been the focus of many studies (35-37, 41), but the
terminal phase has been largely overlooked in previous transcrip-
tomics studies, likely due to the relatively low mRNA content (8, 35)
and the extremely abrupt degradation of nematocyst-related mRNAs
before the terminal phase (37). We uncovered 14 mature neuronal
subtypes in Clytia, which is similar to the number reported in Hydra
and Nematostella (3, 8). It is likely that further heterogeneity exists
within these 14 subpopulations. Spatial expression analysis of neuro-
peptides that contributed to the signatures of one or more sub-
populations revealed a wide variety of neuronal populations either
associated with specific anatomical structures—such as the tentacles,
nerve rings, and manubrium—or distributed across the medusa
(Fig. 4, D and E, and fig. S18). How molecular cell type maps to
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Fig. 7. Perturbations to gastroderm cell types in response to starvation. (A) Confocal sections through gonads from control and starved medusae with cell morphol-
ogy revealed by phalloidin staining of cell boundaries (magenta/gray). The first panel of each row shows costaining of nuclei with Hoechst (blue) and endogenous GFP4
(green) in the outer epidermis (epi). Vitellogenic oocytes (vo) are largely absent during starvation, leaving mostly previtellogenic oocytes (po). The gastroderm (g) is
heavily reorganized, with evidence of active phagocytosis (vesicles arrowed) and disintegrating oocytes (asterisks). The third panel in each row is a higher magnification
of the boxed area in the second panel, and the fourth panel shows a second example gonad for each condition. Scale bars, 50 um. (B) In situ hybridization visualization of
example cell-types (left) and genes (right) affected by starvation. The general GD cell marker CathepsinL confirms extensive reorganization of the digestive gastroderm
in starved animals, especially its collapse into central regions of the strongly reduced, oocyte-depleted, gonad, and fragmentation in the circular canal; expression of the
gland cell A/B marker “ShKT and trypsin domain protein A” (ShKT-TrypA) in the manubrium consistent with its strong down-regulated following starvation. Gonads, go;

manubrium, m; tentacle bulbs, tb; gastroderm, g; circular canal, cc. Scale bars, 200 um.

function both within and across body parts, the roles of these pep-
tides as primary transmitters and/or neuromodulators, and the
uses, if any, of classical, small-molecule neurotransmission remain
unknown. Moving forward, with this cell atlas as the foundation,
the ability to perform whole-organism, multiplexed scRNA-seq, in
combination with emerging genetic tools and advantageous life his-
tory traits, makes Clytia a powerful, tractable platform for high-
resolution systems biology.

This work further serves as a case study in using multiplexed single-
cell transcriptomics to assess cellular responses to whole-organism per-
turbations and provides a guide for deployment in other organisms.

Charietal., Sci. Adv. 7, eabh1683 (2021) 26 November 2021

We anticipate that whole animal multiplexed scRNA-seq (WHAM-seq)
will benefit researchers studying various biologies, from developing
embryos to organoids to nonmodel organisms. The techniques for
multiplexed experimentation that underlie this study are also well
suited to large-scale perturbation studies (such as temperature, pH, or
other environmental disturbances) in other marine organisms given
the SW compatible workflow. Although the inclusion of multiple
animals and conditions may currently limit the detection of very rare
cell populations (fig. S1), as sequencing costs drop and cell throughput
in scRNA-seq grows, WHAM-seq should become tractable for larger,
more complex systems. The lack of library-induced batch effects
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demonstrates how large-scale experiments can be conducted without
introduction (or minimizing introduction) of confounding factors
from multiple experiments, which can be highly nonlinear and
difficult to account for (13). The second perturbation dataset also
demonstrates both how batch effect variability is reduced within
multiplexed experiments (see Materials and Methods; fig. S11)
and the utility of this multiplexed approach in discerning cell type-
specific activity markers (see Materials and Methods; fig. S11).

The fully reproducible framework we have presented, which in-
cludes code that can be run on a laptop or for free in the cloud (see
“Code availability” in Acknowledgements), will further assist in ex-
tending this expression-based analysis to other organisms. By relying
on expression, our strategy reduces the reliance on prior gene func-
tional annotation using specificity of expression to identify genes of
interest, allowing for targeted annotation. This includes determina-
tion of strong diagnostic markers for cell type definition, cell type-
specific and shared transcriptional responses to starvation, and
“modules” of coexpressed genes underlying these responses. The
extent of these expression-based changes additionally highlights areas
of the organism’s biology that are strongly or uniquely affected by a
perturbation. By applying simple and interpretable quantitative
analyses to the various cell type-specific perturbation responses, we
revealed the large-scale down-regulation of gene expression in two
GastroDigestive cell types and severe disruption of oocyte develop-
ment under starvation. Together, this approach markedly lowers the
barriers for working with nontraditional models and affords oppor-
tunities to match uniquely suited organisms to specific questions.
Moving forward, the combination of scRNA-seq and other sequencing-
based genomics techniques with multiplexing and annotation-agnostic
analyses could foster comprehensive high-resolution molecular
studies of diverse organisms and their responses to numerous envi-
ronmental perturbations.

MATERIALS AND METHODS
All animal experimentation performed did not require Institutional
Animal Care and Use Committee approval.

Animal culture and experimental setup

Starvation

Culture of the Clytia life cycle was carried out as previously described
(57), with some modifications to the tank design. The system used
in this study to culture polyps uses zebrafish tanks (Pentair), with
polyp slides held in glass slide racks (Fisher, catalog no. 02-912-
615). Medusae used in this experiment were raised in 4-liter beakers
with a circular current generated by stirring with a constant speed
of 5 rpm DC motor (Uxcell), attached to the lid of a multiwell tissue
culture plate. Artificial SW for culture and experiments was made
using Red Sea Salts (Bulk Reef Supply, catalog no. 207077) diluted
into building deionized (DI) water to 36 parts per thousand. Exper-
iments used ~1-cm female medusa of the Z4B strain.

For the experiment, baby medusae were collected overnight and
then cultured together until they reached ~1 cm (about 2 weeks).
Animals were fed once per day using 2- to 4-day old brine shrimp.
Before the experiment, animals were split into two beakers. Feeding
continued as before for one beaker, while the other was starved for
4 days. The “control” group was not fed on the day of the experi-
ment. The 4-day time point was chosen as animals show strong
phenotypic changes (Fig. 1), but it is far from their survival limit
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following starvation, as Clytia medusae can survive for more than
3 weeks with no food.

Stimulation

Rearing of the medusae before the experiment was performed as
described above. On the day before the experiment, each Clytia
medusa (3 to 5 weeks old) was placed in a separate container (~150 ml
of SW), which was covered with foil and moved to the experimen-
tation area to acclimate overnight in the dark. The morning follow-
ing overnight acclimation, lights were turned on for ~2.5 hours to
allow for spawning to complete (58). Each animal was then given
repeated bouts of stimulation over a period of 30 min, with each
stimulus administered every 2 min. One hundred microliters of each
stimulant [150 mM KCl, DI water, or SW as a control] was gently
added just below (or just above for KCI) each medusa by pipette
(fig. S7A). Stimuli were chosen on the basis of their ability to reliably
induce crumpling behavior, a protective response in which the bell
is drawn in toward the mouth using the radial muscle (59). Animals
were dissociated 30 min following the last stimulation.

Single-cell suspension and multiplexing

For the starvation experiment, animals were washed with hypertonic
phosphate-buffered saline [PBS; 500 mM NaCl, 2.7 mM KCI, 8 mM
Na,HPO,, and 2 mM KH,PO, (pH 7.4)] by serial transfer from SW
through three successive containers each with 150 ml of hypertonic
PBS to prepare cells for fixation and to avoid precipitation of SW
salts in methanol. The animals were then thoroughly homogenized
with a dounce. After homogenization, cells were collected by cen-
trifugation at 500¢ for 5 min and resuspended in 100 ul of hypertonic
PBS. Cells were then fixed by addition of 400 ul of ice-cold metha-
nol and stored at —80°C until sample indexing and library prepara-
tion. Each sample was labeled according to the ClickTag labeling
procedure described previously (14). ClickTags used for each animal
are outlined in table S2. Each sample was labeled with two distinct
and unique ClickTags, and samples were then pooled after addition
of the “blocking” oligo. Control and starved samples were counted
on a Countess, both to estimate cell numbers per animal and to de-
termine concentrations for 10x loadings. A total of 200,000 cells/ml
were counted for the starved sample and 1,000,000 cells/ml for the
control. Around 120 to 150,000 cells of the starved and 200,000 cells
of the control were then pooled. A loading of 20,000 pooled cells
was then used as input into two lanes of the 10X Chromium Con-
troller with v2 chemistry. Sample tag libraries were separated and
processed after an SPRI size-selection step as previously described
(14). cDNA samples were run on two lanes of HiSeq 4000 (two HiSeq
3000/4000 SBS 300 cycle kits), and tag libraries were run on two lanes
of MiSeq (using MiSeq v3 150 cycle kits).

For cell counting (fig. S2), the starvation experiment was repeated
with four animals per condition with animals dissociated and resus-
pended in 500 pl of SW, and then cells were counted on a hemo-
cytometer (InCyto DHC-B02) with a 10x objective. Two 16-square
grids were counted per sample.

The same protocol was followed for fixing and labeling cells
from the stimulation experiment. Each animal in this case was
assigned one unique ClickTag and one ClickTag per condition
(table S2). After the separation of the cDNA and ClickTag samples,
ClickTags were added at a 3% final concentration to the cDNA sam-
ples sequenced on the HiSeq, in addition to separate ClickTag
sequencing on the MiSeq. The full protocol is described in Supple-
mentary Methods.
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In situ hybridization
Colorimetric in situ hybridization (Figs. 2C, 3E, and 4E) was performed
as previously (60) with minor modifications. Briefly, 2-week-old
medusae (Z4B strain) were relaxed in 0.4 mM menthol in SW, and
tentacles were trimmed before fixation in a prechilled solution of 3.7%
formaldehyde and 0.2% glutaraldehyde in PBS on ice for 40 min.
Specimens were then washed thoroughly with PBST (PBS + 0.1%
Tween 20), dehydrated in methanol stepwise, and stored in 100%
methanol at —20°C. Hybridization (at 62°C for 72 hours) and washing
steps were performed with a robot (Intavis AG, Bioanalytical Instru-
ments) using 20x saline-sodium citrate pH adjusted to 4.7 throughout.
Acetylation steps using 0.1 M triethanolamine in PBST (2x 5 min)
and then 0.25% acetic anhydride in 0.1 M triethanolamine (2x 5 min)
followed by PBST washes (3x 10 min) were included before prehybrid-
ization to reduce probe nonspecific binding. Incubation with 1:2000
anti-DIG (digoxigenin)AP in 1x blocking solution was performed
for 3 hours before washing and the nitroblue tetrazolium-5-bromo-
4-chloro-3-indolyl-phosphate (NBT-BCIPP) color reaction at pH 9.5.
Following postfixation, washing, and equilibration of samples in 50%
glycerol/PBS, images were acquired using a Zeiss Axio Imager A2.
Probes were generated by polymerase chain reaction (PCR) from
c¢DNA clones corresponding to our expressed sequence tag collec-
tion (61) or from medusa cDNA; the Elav probe was synthesized as
a gBlock by Integrated DNA Technologies (details in table S3). For
probes against the Elav, the T3 polymerase recognition site (AAT-
TAACCCTCACTAAAGGG) was added to the 3’-end of the PCR
product, or gBlock, respectively. Products were TOPO cloned (Thermo
Fisher Scientific, catalog no. K280020) and sequence verified. All
probes were labeled with DIG RNA labeling mix (Sigma-Aldrich,
11277073910) and purified with ProbeQuant G-50 Micro Columns
(GE Healthcare Life Sciences, catalog no. 28-9034-08).

Confocal microscopy

Visualization of cell morphology within the gonads of control and
starved young adult female medusae (Z4B strain) by confocal
microscopy was performed as previously (58). Fixation used 4%
EM-grade paraformaldehyde in 0.1 M Hepes (pH 6.9)/50 mM
EGTA/10 mM MgSO,/80 mM maltose/0.2% Triton X-100 for 2 hours
at room temperature. Specimens were washed 3x for 15 min with
PBS/0.02% Triton and 3x for 5 min in PBS. Cell boundaries and
nuclei staining were performed by overnight incubation in 1:50
rhodamine-phalloidin (1 mg/ml; Molecular Probes) and 1:5000
Hoechst 33258 (1 mg/ml stock; Sigma-Aldrich) in PBS. Samples
were washed 3x for 15 min with PBS/0.02% Triton and 3x for 5 min
with PBS and equilibrated in 50% PBS/Citifluor (Citifluor AF1) before
imaging using a Leica SP5 confocal microscope. Control medusae
were fixed 24 hours after the last feeding, while starved ones were
fixed 4 days after the last feeding.

Generation of reference transcriptome
Assignments to PANTHER database entries (version 11) were made
using the “pantherScore2.0.pl” script available from the database
website (62). Human-Clytia orthologs were assigned using the OMA
(orthologous matrix) program (63) as described in (21) and taken
from the pairwise human/Clytia orthologs output, rather than the
orthologous groups.

To ensure highly sensitive transcriptome alignment, a new tran-
scriptome assembly for C. hemisphaerica was generated from bulk
RNA-seq data produced from Clytia medusae (organisms at the
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same life stage as in the single-cell experiments) (www.ncbi.nlm.
nih.gov/sra/ERX2868482%5Baccn%5D). We used the Trinity (64)
de novo assembler, with default parameters, to generate a tran-
scriptome (http://dx.doi.org/10.22002/D1.1824) and the Cufflinks
Cuffcompare utility (55) to merge the Trinity assembled transcripts
with any XLOC annotations from the MARIMBA v.1 (created on
30 May 2016; http://dx.doi.org/10.22002/D1.1830) transcriptome
assembly (21). Then, with the CD-HIT (clustering method), assem-
bled sequences with at least 95% were clustered and only one repre-
sentative sequence was kept for each cluster. With the published
MARIMBA v.1 genome sequence as a reference (created on 30 May
2016; http://dx.doi.org/10.22002/D1.1828) (21), the GMAP (genomic
mapping and alignment program) aligner converted the collapsed
Trinity fasta records to gff3 coordinate file (http://dx.doi.org/10.22002/
D1.1824). Most differentially expressed genes found in scRNA-seq
data from this study were previously identified and annotated (fig.
S$13). This annotation was used for the preprocessing and quantifi-
cation of scRNA-seq described below. Protein sequences were then
obtained by running TransDecoder (65) with default settings for the
Trinity transcriptome (http://dx.doi.org/10.22002/D1.1827).

Preprocessing and clustering of sequencing data
Initial cell ranger demultiplexing for ClickTags
Initial demultiplexing of ClickTag libraries was done using output
from the 10X Cell Ranger pipeline using Cell Ranger 3.0 count and
aggr functions with the MiSeq ClickTag fastqs as input () and com-
bining the counts from the two lanes using the denoted sample IDs.
A ClickTag count matrix (cell-by-ClickTag) was generated by count-
ing ClickTag barcodes that had high sequence similarity to the de-
signed sequences using the Python fuzzywuzzy package to identify
targets within Levenshtein distance 1. We additionally quantified
gene expression with the kallisto-bustools workflow (66), which re-
produced concordant results described below.
Initial cell ranger demultiplexing and clustering for cDNA
Initial processing of starvation cDNA libraries was performed with
the 10X Cell Ranger pipeline using Cell Ranger 3.0 count and aggr
functions to align and quantify the HiSeq reads and combining the
counts from the two lanes using the denoted sample IDs. This was
followed by filtering cells for the high-quality cells chosen during
ClickTag analysis, in addition to filtering cells by thresholding the
rank-unique molecular identifier (UMI) versus cell barcodes plot.
Values were logl p-normalized, mean-centered, and scaled for down-
stream dimensionality reduction and visualization using Scanpy (67).
We then conducted Louvain clustering (68) on the data mapped
to a lower dimensional space by applying PCA to the expression data
filtered for highly variable genes, initially using Scanpy’s filter_
genes_dispersion on only the log-normalized data. This resulted in
the identification of 36 clusters (Fig. 2B and figs. S9 to S11), which
we also refer to as cell types. The marker genes were selected by
analyzing the top 100 markers extracted by Scanpy’s rank_genes_
groups using default settings (P values adjusted with the Benjamini-
Hochberg method for multiple testing). The clusters were annotated
and validated with marker genes previously identified in the litera-
ture and manually categorized into the seven classes in Fig. 2A
based on the marker gene patterns and their functional annotations.
Kallisto bustools for demultiplexing and clustering:
Standardization of workflow
To integrate and update the analysis using a platform with streamlined
ClickTag demultiplexing and count matrix generation workflows,
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we used the kITE demultiplexing protocol, which is based on the
kallisto-bustools workflow and is described in the ClickTag demul-
tiplexing protocol (14). Briefly, MiSeq reads are aligned to possible
tag sequences (Hamming distance 1 away from designed oligo se-
quence whitelist) by building a kallisto index and pseudo-aligning
reads to this index. Counts for these sequences were then collapsed
into counts for their respective ClickTags, creating a cell-by-tag count
matrix. We used Louvain clustering of cell barcodes based on the
observed ClickTags to filter for clearly delineated cells (clusters
strongly marked by the individual’s two corresponding tags) and
exclude sample doublets (14). We also followed similar preprocessing
to standard cell-by-gene workflows using the inflection point in
rank-UMI versus cell barcodes knee plots to filter cell barcodes based
on their tag UMI counts. We do find, similar to findings in the original
ClickTag multiplexing publication (14), that the number of ClickTags
per fed cell is higher than for the starved counterparts, possibly sup-
porting the previous observation of ClickTag number per cell in-
creasing with cell size (fig. S4E, shown for oocytes).

For the stimulation experiment, we concatenated sequencing
data from the MiSeq and HiSeq as input to the previously described
kallisto-KITE workflow. With the same clustering procedure, we se-
lected cell barcodes in clusters with strong overlapping expression
of both individual and condition ClickTags.

To standardize the cDNA analysis workflow, we reprocessed the
starvation data using the kallisto-bustools workflow to generate gene
count matrices for each lane, which were then concatenated. Cells
were also filtered on the basis of the ClickTag analysis. Values were
loglp-normalized, mean-centered and scaled, and filtered for highly
variable genes using the same procedure described above for down-
stream dimensionality reduction and visualization (e.g., PCA) using
Scanpy. We found that with the kallisto-processed data (with the same
Cell Ranger clustering applied to the cells), the top 100 markers for
each of the 36 clusters determined with Scanpy’s rank_genes_groups
function (table S5) (using the nonparametric Wilcoxon test) overlap
with markers in the Cell Ranger expression data, verifying that the
cluster labels were concordant (fig. S10). To ensure that we additionally
detected low expression marker genes, we extracted low expression
markers in table S5, which consist of genes with at least 10 counts over
all cells and with 90% of those counts deriving from the same cell type.

We used the PAGA partition-based graph abstraction method (31)
to generate an underlying graph representation of the connectivity
between cells (determining connectivity by the number of inter-edges
between cell groups compared to the number of interedges under
random assignment). We then generated a two-dimensional UMAP
(32) embedding initialized with the PAGA graph structure for cell
atlas visualization (Fig. 2A) using Scanpy. For Fig. 2B, 100 cells were
randomly subsampled from each cell type to generate the heatmap.

The stimulation cDNA data were processed with the same kallisto-
bustools workflow and commands as the starvation experiment data.
We initially used Louvain clustering to also filter low UMI count
clusters that were then removed from downstream analysis.

Distance-based comparative analysis of clusters

We first used L; distances between starved and control cells (within
each cell type) to assess how comprehensive our cell type designa-
tions were (Fig. 5). Centroids for a given cell type were calculated
for starved and control cells separately in PCA-reduced space (60PC
coordinates for each cell as opposed to the raw gene expression
matrix). The centroid vectors are represented as ¢, and ¢ for the
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starved and control cells, respectively. The L; distance (d) between
them was calculated as the sum of absolute difference between the
centroid coordinates

d=2i6£0|cs,-_cc,| (1)

These intracluster distances were then compared to the pairwise
L, distances between the cell types, with centroids calculated for all cells
in a given type (c; and ¢, for cell types 1 and 2) in the same manner as
described above. The L, distances were then calculated for all possible
pairs of these cell type centroids using (Eq. 1). The distributions of
the inter- and intracluster distances are shown in (Fig. 5B). We chose
to use the L; distance metric as it tends to better retain relative dis-
tances in high dimensions, particularly in comparison to the com-
monly used Euclidean distance or other higher L-norms (69, 70).

We validated this method of transcriptional distance measure-
ment on the multiplexed perturbation of mouse NSCs in (14) and
the multiple immunomodulatory drug treatments across hetero-
geneous cell populations in human peripheral blood mononuclear
cells (PBMCs) in (71). For (14), we calculated centroid distances
between perturbed and control populations, in PCA space (14), as
well as pairwise distances between individual perturbed and control
cells in (14) to demonstrate the ability of the L; distance to reca-
pitulate the graded response to a perturbant, with larger distances
representing greater perturbant impact (with respect to the control
cells) (fig. S19, A and B). We additionally compared all pairwise L;
distances between perturbed and control cells within the monocyte
population or “T cell” PBMC populations in (71) using the oONMF
space. We then compared these measurements against the magni-
tude of cell type distances (between control monocyte and T cell
populations) to highlight “state”-versus-“type”-level transcriptional
differences (fig. S19C). To then extract the most perturbed mono-
cyte populations, we calculated centroid distances between the cen-
troid of each perturbation condition and the CTRL1 (control) condition
to rank populations by perturbation “distance” (fig. S19D).

We then used the stimulation dataset to assess the validity of the
clusters/cell types generated with the starvation data. We created a
joint representation of the two datasets by using a concatenated
cell-by-gene matrix including only the genes highly variable in both
the control and starved datasets and used 70% of the starvation data
to train a k-nearest neighbor (KNN) classifier (using sklearn’s
KNNClassifier with k = 15) to assign cluster labels to the remaining
starvation cells and to the stimulation dataset. This showed that the
stimulation cells’ labels from their neighbors in starvation data were
assigned at the same accuracy as the test starvation data, meaning
that clusters from the starvation data are applicable to the stimula-
tion dataset and capture the main features of the stimulation dataset
to the same extent (fig. S6A).

We also examined batch effects in the stimulation experiment.
As with the starvation experiment, the L; metric was used to visualize
the magnitude of batch effect within the multiplexed experiments
compared to between experiments (fig. S8). We used the merged
representation (used for the KNN assignment) between both exper-
iments to find the average pairwise distances between cell types of
control condition individuals within the starvation experiment, within
the stimulation experiment, and across both experiments. We found
that cell type distances between organisms were reduced within
multiplexed experiments compared to distances across experiments.
The merged atlas was also used for determination of strong in situ
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markers, mainly for gastrodermal cell types, since these highly related
types share many marker genes.

RNA-seq analysis and clustering with MARIMBA annotation
To make our dataset more easily searchable with the MARIMBA v.1
(created on 05/30/2016) transcriptome annotation (21), we generated
single-cell gene count matrices with respect to transcript sequences
distributed via the MARIMBA website (http://dx.doi.org/10.22002/
D1.1830). The gene count matrices were generated using the same
kallisto-bustools workflow. We compared the application of the
previous clustering/cell type assignment (including the overlap in
differentially expressed genes delineating these clusters) to validate
the quantification derived from the Trinity/Cuffcompare assem-
bled transcriptome (fig. S13).

We also produced a notebook for visualization of gene expression
in this dataset to facilitate its use in future studies. This establishes a
code base for rapidly and transparently processing and comparing
single-cell datasets with future transcriptome annotations.

Neural analysis
We clustered all cells within the broad class of Neural with Louvain
clustering to obtain distinct subpopulations (labeled in Fig. 2A).
Markers were determined with Scanpy’s rank_genes_groups func-
tion (using the Wilcoxon test) for each subpopulation (table S5).
Marker genes from neural clusters, with predicted signal peptides
(72), were screened for candidate neuropeptide cleavages sites (regular
expression G[KR][KRED]). In cases where a sequence had more
than one match to this motif, the six residues immediately N-terminal
to the motif were inspected for similarity to each other—when simi-
larity was present, the protein was considered a neuropeptide can-
didate. Predicted sequences can be found in table S3.

Pseudo-time analysis

We selected cells from cell types of interest (i-cells, nematoblasts,
nematocytes, and neural cells) and used diffusion maps (73) to cre-
ate areduced dimension representation of cells, along with Scanpy’s
dpt function that uses geodesic distance along the graph of cells (in
the determined “diffusion component” space) to estimate pseudo-
time. We then computed a PAGA-based embedding to visualize the
cells in the context of the different trajectories with a ForceAtlas2 lay-
out. To determine which genes constituted the important features
in a given pseudo-time trajectory, we implemented a method based
on the random forest method used in the dynverse R package for
extracting “important” genes (74). A random forest regression model
implemented with sklearn’s random:forest_regressor was used to
identify genes that were good predictors of the generated pseu-
do-time values (grouped into quantiles). This was run for each of
the two inferred trajectories separately (stem cells to nematocytes,
and stem cells to neurons). The training set consisted of 80% of the
genes’ expression data, within which 80% was used for optimizing
the model, and 20% were used to evaluate the mean squared error
(MSE). Both trajectory models had an R*(coefficient of determina-
tion) of 0.85 or greater. The remaining 20% of data from the full
dataset were used to calculate the gene-wise permutation impor-
tance scores, providing a ranking of each feature (gene) in terms of
its contribution to the model’s predictive capabilities using sklearn’s
permutation_importance. In the ranking, positive scores indicate
importance, with the importance ifor gene j being the difference
between the original score s (MSE) calculated from the original
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model, and the average score across K = 5 random permutations of
the feature columns in the validation dataset

Genes with nonzero (positive) scores in the permutation test
were retained and ranked (table S5).

To assess the relationship of the gland cells to the neural popula-
tions, in the investigation of a neural-gland progenitor population,
we applied the URD tree construction pipeline (75) to create a pseudo-
time-biased dendrogram of the neural and gland cell types begin-
ning at the defined i-cell population. This included the i-cell, gland
cell, and neuron clusters. We additionally plotted expression along
the generated tree of Myb and Myc3 orthologs corresponding to
the neural-gland progenitor markers in (8) and other progenitor/
developmental markers from (8) for the gland and neural cell types
(fig. S16).

Perturbation response analysis

Extracting DE (perturbed) genes

We used a likelihood ratio test (LRT) with negative binomial-based
models of each gene’s expression in DESeq2 (76, 77), with the re-
duced model not including the condition label (control or starved)
and single cells treated as individual replicates. There are other ap-
proaches that can be used (78, 79); we found that this method yielded
many biologically relevant genes, which we could validate via the in
situ experiments. All nonzero-expression genes were used for
analysis. From the LRT, we obtained P values (corrected with the
Benjamini-Hochberg multiple testing correction method across the
number of genes tested) to determine whether the gene’s expression
was significantly affected by the condition and thus the perturbation.
Genes with o < 0.05 and [logoFC| > 1 were selected as significant.
We used the parameters sfType = “poscounts”, minmu = 1 x 10°,
and minReplicatesForReplace = Inf in the DESeq2 model. Clusters
with greater than 100 cells in each condition were subsampled even-
ly from fed and starved cells to reduce the effect of uneven cluster
sizes on differential expression analysis (fig. S5). Clusters with less
than 10 cells in any condition were not used for this analysis. To
create the UpSet Plot (80) in Fig. 6E, P values from the LRT analysis
were corrected for multiple testing (Bonferroni correction with
n = number of clusters, since the test is assessing the intersection of
genes across all cell types). All genes are included in table S5.

We additionally include low expression DE genes detected by
pseudo-bulk analysis in table S5. We applied the same methodology
as above, treating each animal as a replicate (five control and five
starved replicates) and summing the counts per gene for each or-
ganism. For the DESeq2 model, we used the default parameters, as
we were simulating bulk results.

Quantitative PCR validation for up-regulated,
stimulation-responsive genes

To further validate the gene candidates from the stimulation multi-
plexed experiment, which displayed immediate early gene-like ex-
pression under KCl or DI stimulation, we chose broadly expressed
candidates, i.e., DE genes in multiple cell types, for whole-animal,
bulk quantitative PCR (qPCR). Here, we looked for up-regulation
of these genes as compared to a “housekeeping” collagen marker,
XLOC_008048. Two organisms were housed together in 150 ml of
SW, with four animals total per each condition (SW, KCl, and DI)
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treated as described previously in Materials and Methods. The two
animals were homogenized together in 1 ml of TRIzol on ice with a
syringe. A total of 0.2 ml of chloroform were added per 1 ml of
TRIzol and shaken for 15 s. After spinning at 12,000¢ for 15 min at
4°C, the top phase is removed and, in a new tube, mixed with an
equal volume of 60% EtOH. The RNEasy Mini Kit (QIAGEN, cata-
log no. 74004) was then used for bulk RNA extraction from the
sample. Probes for the candidates and housekeeping gene were pro-
duced as previously described, and the LightCycler 480 SYBR Green
I Master Mix (2X) was used for 20 ul of qPCR reactions with 5 ul of
RNA template per reaction, using the standard cycling procedure
with a 62°C annealing temperature. For each RNA sample (n = 6),
three qPCR replicate reactions were done, resulting in a total of six
replicates for each perturbation condition. Fold-change (log,FC)
values presented in fig. S7E were calculated by first normalizing C;
values for each replicate to the average housekeeping gene C; value
in the same condition (ACiNorm = Cirep — CiHouse_avg). The log,FC
was then calculated as log(ZAACtNOrm) where AACiNorm = ACiNorm -
avg.(ACwNorm:sw) is the difference of each normalized C, from the
average normalized C; for the SW (control) condition. All primers
for qPCR can be found in table S3.

De novo perturbed gene clusters

To cluster genes affected by perturbation (table S5) and to obtain
information on their coexpression and possible functional similarity,
we transposed the cell-by-gene expression matrix (obtaining a
gene-by-cell matrix) for only the aggregated perturbed genes with
padj > 0.05 (adjusted across genes and clusters) from the DeSeq2
analysis. We used Louvain clustering on the gene expression matrix,
identifying both coexpressed genes and cell type-specific genes,
similar to Monocle’s procedure for detecting gene modules (56). We
then used the aggregated information from the modules to deter-
mine putative functions/response types. The topGO weight algorithm
(81) was used to determine GO terms that were significantly en-
riched in each gene module compared to GO terms in all other
groups, with significance threshold o < 0.05. The P values were also
adjusted for multiple testing over the number of different gene
modules using Bonferroni correction, and only significant GO
terms were used to label the response types among the modules (fig.
$20 and table S5). This analysis was replicated to determine gene
modules distinguishing the GD cell types by clustering groups of
coexpressed marker genes across the subtypes.

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abh1683

View/request a protocol for this paper from Bio-protocol.
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