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ABSTRACT

The extraordinary regenerative capacity of planarians is derived from their large
population of pluripotent stem cells called neoblasts. Neoblasts are a heterogenous
population of stem cells that begin unspecified, but are rapidly specified within a single
cell cycle and give rise to every cell in the animal. In this work, we characterize the
different types of specified neoblasts in the planarian Schmidtea mediterranea by using
single-cell RNA sequencing. We also profile their post-mitotic descendants that serve as
migratory progenitors. Through these analyses, we uncover many novel neoblast and
post-mitotic progenitor types, and the genes that define them. Because neoblasts
subtypes are often specified by their unique expression of Fate Specific Transcription
Factors (FSTFs), we computationally identify planarian transcription factor genes and
characterize neoblasts and post-mitotic progenitors by their expression of these putative
transcription factors. We find that many cell types can be identified through their unique
expression of FSTF modules, which can be used to connect cells with the same fate
across neoblast, post-mitotic progenitor, and differentiated cell stages. Through gene
inhibition studies, we discover that many of the FSTFs discovered for these novel
precursor types have a functional role in their specification. We note that transcriptional
signatures of some cell-type fates become apparent at different stages in the lifetime of
the progenitor and propose a model where cellular diversity arises at different times for
different tissue classes.

To better uncover the genes signatures that define different cell-types, we
develop methods that use neural networks to learn patterns in gene expression in
planarian post-mitotic progenitors. We find that neural network classifiers are powerful
predictors of cell-type based on gene expression and the network’s learned weights can
be examined to uncover gene signatures that define different progenitor types. We find
that autoencoders, a class of neural networks made for the efficient representation of
data, can be used to learn gene signatures in cells in an unsupervised manner. We find
that cells close together in UMAP space, but belonging to different cell clusters through
traditional clustering, are often difficult for the neural networks to distinguish. From this,
we hypothesize that cells in different clusters may be transcriptionally similar and cells
existing across continuous UMAP space may exist across continuous gene-expression
space, and so assigning cells to discrete clusters may not always be appropriate. We
propose autoencoders, which can encode gene-expression signatures through a
continuous, latent-space encoding, may be more appropriate and can be used to
uncover novel gene and cell relationships.
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Title: Professor of Biology
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Chapter 1

Introduction



Introduction
Regeneration
Regeneration is an evolutionary strategy for repairing damaged and missing tissues that
is widespread throughout the animal kingdom. While different species have different
regenerative capabilities, most are able to regenerate to some extent (Bely & Nyberg,
2010). Studies and surveys of regeneration across species have revealed different
types of regeneration employed by animals of different phyla. At the cellular level, some
damaged cells can regrow processes, such as mammalian axonal regeneration
following retrograde, Wallerian degeneration of peripheral neuron axons (Ramén y
Cajal, 1928; Waller, 1851). Tissues like the mammalian epidermis and intestine can
regenerate homeostatically (Leblond, 1981; Leblond & Stevens, 1948), resulting in their
constant turnover, and can also regenerate after injury (Hageman et al., 2020; Martin,
1997). In animals with complex body plans, whole organs can regenerate like the
mammalian liver after partial excision (Pack et al., 1962).

In its popular context, regeneration often refers to the replacement of complex
structures. Structural regeneration is present throughout bilaterians (Bely & Nyberg,
2010), but is often specific to the environmental pressures on the animal. Zebrafish, for
example, can regenerate their caudal fins (Pfefferli & Jazwinska, 2015). This is
ecologically-relevant as fish can experience ‘fin rot’ (Khan et al., 1981), which results in
the decay of fins from infection, and ‘fin erosion’ resulting from injuries from fighting,
failed predation, abrasion, or nutrient deficiencies (Latremouille, 2003) (95+% of salmon
have damaged dorsal fins (Petersson et al., 2013)). Some amphibians and lizards can

regenerate their tails and limbs (Alibardi, 2018; Thornton, 1968), which is useful for



regenerating after sublethal predation and allows for the emergent survival strategy of
tail dropping to escape predators (Clause & Capaldi, 2006).

Less commonly, some animals are also capable of whole-body regeneration.
These animals, which include planarian flatworms, hydra, and sea stars, are able to
regenerate whole organisms from small fragments missing entire organ systems (Bely &
Nyberg, 2010)Cary, 2019 #5702}. T.H. Morgan reported that a planarian regenerated
from a fragment he predicted was 1/279™ the size of an intact animal (Morgan, 1898).
This type of regeneration allows for asexual reproduction strategies like budding in
hydra and fissioning in planarians and starfish.

The relevance of regeneration to the fitness of the animal is obvious: if you make
an organism, why wouldn’t you maintain it? However, the benefits conferred by
regeneration are balanced by the complexity and energy required to perform it. August
Weismann hypothesized in the late 1800s that the regenerative abilities of an animal’s
systems are positively influenced by how necessary the system is for the animal’s
survival and how likely and often it is injured (Elchaninov et al., 2021; Weismann et al.,
1893). This is negatively balanced with how difficult it would be to regenerate the tissue,
which he hypothesized was based on its complexity. With increasing complexity of the
system, it is possible that evolution would optimize for its maintenance by preventing

damage instead of regeneration (Elchaninov et al., 2021; Needham, 1952).

Regeneration in Planarians
Planarians are flatworms with a high whole-body regenerative capacity. The planarian

model species Schmidtea mediterranea is able to regenerate whole worms from small



body fragments in about a week. Planarians have a complex anatomy with different
organs distributed throughout the body (Hyman, 1951). The nervous system comprises
an anterior, bilobed brain extending into a pair of ventral nerve cords that run the
anterior-posterior length of the animal (Figure 1). A pair of eyes lie dorsal to the brain.
The brains and ventral nerve cords consist of shell-like layers of different neuron types
(Cebria, Kudome, et al., 2002), which send projections through the interior and form a
neuropil core (Okamoto et al., 2005). The neuropil of the brain and ventral nerve cords
contain glial cells (Roberts-Galbraith et al., 2016; Wang et al., 2016). Outside of the
central nervous system, planarians also have many neurons scattered throughout the
body, forming a peripheral nervous system. Planarians also have multiple classes of
muscle cells with different orientations along the body (Cebria & Vispo, 1997; Orii et al.,
2002), a single layer of epidermal cells covering the surface of the animal (Glazer et al.,
2010; Tazaki et al., 2002), germline-associated cells (Issigonis et al., 2022; Khan &
Newmark, 2022; Newmark et al., 2008), and a feeding organ near the center of the
animal on the ventral side called the pharynx, which is primarily a mix of specialized
muscle, epithelial, and neural cells (Fincher et al., 2018). Small excretory organs called
protonephridia are interspersed throughout the animal and consist of tubule and ciliated
flame cells that pump liquid from the animal through pores in the epidermal surface
(Scimone et al., 2011). Planarians also have a diverse population of gland cells (also
called parenchymal cells) and phagocytic cells (Fincher et al., 2018; Scimone et al.,
2018), although their functions have been less studied. These cell types are all
generated by a heterogenous population of neoblasts, a pluripotent stem cell population

responsible for generating all cell types in the animal, including other neoblasts. Since
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planarians have a complex anatomy of many cell types that are unevenly distributed
across the animal, planarians must be able to regenerate entire organ systems after
injuries that completely remove them from the animal.

The regenerative capabilities of planarians give them the ability to reproduce
through asexual fissioning. A chromosomal translocation in a recent ancestral
Schmidtea mediterranea individual is thought to have caused the loss of sexual
reproduction and generated the ‘asexual’ strain commonly used as a model today
(Baguna et al., 1999). This strain reproduces purely by fissioning and generates ‘clonal’
individuals with each division. However, since each individual inherits a different
population of neoblasts which can have unique mutations, and because neoblasts can
accumulate different mutations over time, it's possible that there is some genetic
diversity among clonal planarians descended from the same individual.

Between 1-6 hours following fission or an injury, planarian cells near the wound
site express early wound-induced genes that help initiate regeneration (Petersen &
Reddien, 2009b; Wenemoser et al., 2012). This coincides with a global increase in
mitoses and a local increase in cell death around the wound site (Bagufia, 1976; Sal6 &
Baguna, 1984; Wenemoser & Reddien, 2010). This early response to wounding is
called the generic wound response and it occurs independent of the extent of injury. At
injuries that remove substantial tissue, wound-induced genes trigger a second response
that occurs 24-48 hours after injury termed the ‘missing tissue response’ (Wenemoser &
Reddien, 2010). This includes a local increase in neoblast mitosis at the wound site and
a global increase in cell death (Pellettieri et al., 2010; G, 2010). The missing tissue

response requires expression of the gene follistatin, and inhibiting it through follistatin
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RNAI decreases the speed of regeneration , potentially by blocking an increase in
proliferation of neoblasts and their descendant cells, which are post-mitotic progenitors
that give rise to new tissues (Gavino et al., 2013; Roberts-Galbraith & Newmark, 2013;
Tewari et al., 2018).

The proliferation of neoblasts and coinciding generation of post-mitotic
progenitors near the wound site creates a front of largely undifferentiated and newly-
generated cells called a ‘blastema’. This unpigmented tissue is characteristic of
planarian regeneration and regeneration in some other species, such as limb
regeneration in amphibians (McCusker et al., 2015). The blastema allows for the rapid
replacement of missing tissues by concentrating neoblasts near the site of injury. If
blastema formation is prevented by follistatin RNAI, regeneration is dramatically slowed
(Tewari et al., 2018). Irradiation to selectively kill neoblasts also prevents regeneration,
indicating new cells generated from neoblasts are required to regenerate missing
tissues (Bardeen & Baetjer, 1904; Dubois, 1949; Reddien et al., 2005). The exact logic
of planarian regeneration is unknown. Planarians may employ an intercalative filling of
missing tissues, where all missing tissues are gradually specified and incorporated,
rather than a distal outgrowth method of regeneration where progressively more distal
tissues are specified and incorporated (Vogg et al., 2014). It is also unclear to what
extent epimorphosis (regeneration primarily through new tissue incorporation) and
morphallaxis (the reorganization of existing tissue to re-establishment proper
proportions) are employed. Though, because new cells are required for regeneration,
old cells die and are replaced normally by homeostatic turnover (Pellettieri & Sanchez

Alvarado, 2007) which is accelerated in regeneration, and because there is a period of
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time following regeneration where the animal tissues are out-of-proportion, it is likely

regeneration is primarily conducted through an epimorphosis process.

Planarian Neoblasts

Neoblasts are planarian stem cells that are the only cycling cell type in the asexual
animal and give rise to all planarian differentiated tissues. Neoblasts exist throughout
the animal and are marked by the expression of smedwi-1, a planarian homolog
encoding the gene for the widely conserved RNA-binding protein PIWI (Reddien et al.,
2005). Previous work has identified and characterized many classes of specialized
neoblasts, neoblasts that are fated to become specific tissues and can be identified by
their unique expression of fate-specific transcription factors (FSTFs). The planarian eye,
for example, consists of photoreceptor neural cells and pigment cells, and are specified
by the shared expression of the FSTFs ovo, six1/2-1 and eya (Lapan & Reddien, 2011,
2012). Photoreceptor neurons specifically express the FSTF otxA and pigment cells
express the FSTFs sp6-9 and dIx. Inhibition of the shared FSTFs ovo, six1/2-1, and eya
halt the specification of new eye cells, whereas the specific FSTFs only prevent the
generation of their corresponding cell type (Lapan & Reddien, 2011, 2012).

Recent work by Raz et al. has suggested that fate specification of a neoblast
generally happens within a single cell division, starting with an unspecialized neoblast in
the beginning of the cell cycle (G1) and showing more specification (through the
expression of unique FSTFs) as a cell progresses through the cell cycle towards
division (Raz et al., 2021) (Figure 2). The specialized neoblast can divide

asymmetrically to produce a new, unspecialized, pluripotent neoblast that will re-enter
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the cell cycle and a specialized post-mitotic progenitor that is no longer a neoblast and
will migrate and differentiate into a mature cell without further divisions. Neoblasts can
also divide symmetrically to generate two neoblasts, or potentially two specialized post-
mitotic progenitors. Previous work analyzing neoblast colonies following sub-lethal
irradiation have shown that neoblasts likely do not retain memory of previous divisions
(the probability of specifying a fate is not strongly influenced by the prior fates of that
neoblast lineages) (Raz et al., 2021). This ‘single-step fate model’ precludes the
necessity of a complex hierarchy of progressive fate specification seen in other
systems.

Previous work looking at fate specification in neoblasts has identified many
classes of specialized neoblasts for many tissues. These specialized neoblasts often
correspond to specific cell subtypes, instead of for broader classes of cells. For
example, specialized neoblasts have been identified for almost every class of muscle,
but, unlike for the planarian eye, there is no evidence for a pan-muscle class of neoblast
that will further specify to a specific class of muscle (Scimone et al., 2020; Scimone et
al., 2017; Scimone, Lapan, et al., 2014; Scimone et al., 2018). Because of this, there
exist many classes of specialized neoblasts and there could in principle be a specialized
neoblast corresponding to each of the ~150 mature cell types in the animal. However,
specialized neoblast classes have been largely found though individual case studies
and a comprehensive characterization of specialized neoblast classes through high-

throughput methods like RNA-sequencing has not been conducted.
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Planarian Position Control Genes

Planarians express a group of regionally-specific genes with a role in patterning, or
predicted role in a planarian patterning pathway, called position control genes (PCGs).
These genes are differentially expressed in muscle cells along at least one major body
axis (Witchley et al., 2013) and several have been shown to have a role in setting the
positioning of different tissue and cell types within the animal (Cebria, Kobayashi, et al.,
2002; Hill & Petersen, 2015; Lander & Petersen, 2016a; Scimone et al., 2016; Sureda-
Gomez et al., 2015) (Figure 3). The most characterized PCGs are members of the Wnt
signaling pathway (Cebria et al., 2018; Reddien, 2018; Rink, 2018). Wnts are secreted
signaling proteins that are important in a wide range of developmental processes
(Wodarz & Nusse, 1998). Wnt signaling is considered ‘modular’ in that it is an
evolutionarily-conserved signaling pathway that is used for different processes in
different organisms and in different developmental contexts and times (Komiya &
Habas, 2008; Srivastava, 2021). In planarians, Wnt family members are constitutively
expressed, primarily in the posterior of the animal (Petersen & Reddien, 2009a). -
catenin, the main downstream transcription factor in Wnt signaling is also expressed in
a gradient across the anterior-posterior (AP) axis, with higher levels in the posterior
(Stackemann et al., 2017; Sureda-Gémez et al., 2016). In the anterior of the animal,
cells express notum (Petersen & Reddien, 2011), an extracellular inhibitor of Wnt
signaling and various soluble, non-signaling forms of the Wnt ligand Frizzled receptors
(Gurley et al., 2010; Petersen & Reddien, 2008), which also act as negative regulators

in Wnt signaling. Inhibition of Wnt signaling through RNAi of 3-catenin results in cells
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adopting anterior identity and leads to the formation of ectopic heads throughout the AP
axis of the animal (Gurley et al., 2008; Iglesias et al., 2008; Petersen & Reddien, 2008).

Cells in the anterior region of the animal express a separate system of PCGs, a
group of genes with homology to FGF receptors, but that lack the intracellular tyrosine
kinase signaling domain (FGF Receptor Likes; FGFRLs) (Cebria, Kobayashi, et al.,
2002; Lander & Petersen, 2016b; Scimone et al., 2016). The canonical member of this
family, nou-darake (ndk), has been shown to be necessary for proper positioning of the
anterior eyes and neural tissue, and inhibition of ndk by RNAI causes ectopic, posterior
eyes to appear (Cebria, Kobayashi, et al., 2002). Since these receptors lack the
intracellular signaling domain, it has been hypothesized that they are decoy receptors or
help to concentrate FGFs in the anterior of the animal, but the exact mechanism by
which they influence anterior patterning is not known (Cebria, Kobayashi, et al., 2002;
Gerber et al., 2009).

The other major body axes of planarians express their own unique PCGs. The
mediolateral (ML) axis is guided primarily by slit medially (Cebria et al., 2007) and a
non-canonical Wnt (wnt5) laterally (Gurley et al., 2010). This non-canonical Wnt does
not signal through B-catenin like AP-expressed Wnts. The dorsoventral (DV) axis is
primarily guided by Bone Morphogenic Protein (bmp4), which is expressed dorsally in a
medial-to-lateral gradient (Molina et al., 2007; Orii & Watanabe, 2007; Reddien et al.,
2007). Anti-Dorsalizing Morphogenic Protein (admp) expressed laterally on the ventral
surface acts in opposition to bmp4. Many of these PCGs have been shown to influence
the patterning of the animal by the presence of ectopic, mistargeted tissue after their

inhibition.
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Planarian Regeneration and Turnover Involves a Coordination of These Concepts
All of these complex biological processes must coordinate during regeneration.
Neoblasts concentrating at injury sites allows for rapid regeneration of missing tissues.
Neoblasts must then specify to the identity of the missing cell types in order to generate
the post-mitotic progenitors to replace them. While neoblasts exist throughout the entire
animal, some neoblast classes are specified only in certain regions of the animal, such
as eye neoblasts that are specified only in the anterior half of the animal (Lapan &
Reddien, 2012). This regional specification means post-miotic migratory progenitors will
have to migrate less distance and can replace tissues faster. These specification zones
are also spatially course, which allows some specialized neoblasts and post-mitotic
progenitors to potentially remain after amputation of certain tissues (e.g., if the head
was removed, some existing eye progenitors would remain in the posterior piece)
(Reddien, 2019, 2021, 2022). Since some neoblast specification zones are spatially-
restricted, it is likely these neoblasts are using PCGs to infer their position in the animal
and choose their fate. This has only been shown clearly with bmp4 RNAI, which results
in the ventralization of the dorsal surface. After bmp4 RNAI, the dorsal epidermis begins
to contain ciliated cells expressing the marker kal1, which are normally restricted to the
ventral surface (Wurtzel et al., 2017). Irradiation depleting neoblasts prevents this
ventralization of the dorsal surface, suggesting this ventral conversion requires new cell
generation. At the same time, specialized neoblasts expressing the ventral epidermis
marker kal1 are now apparent on the dorsal side of the animal, suggesting that

neoblasts, and not just their descendant post-mitotic progenitor cells, are detecting
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bmp4 gradients. While the influence of PCGs on regional neoblast specification occurs
during homeostasis, it is also important during regeneration. Previous studies have
shown an increase in the proportion of specialized neoblasts for missing tissues after
selective tissue amputation (Bohr et al., 2020; LoCascio et al., 2017). Existing evidence
suggests this phenomenon is not the result of a complex feedback mechanism between
differentiated tissues signaling their presence (or lack of presence) to neoblasts, but a
coordination of local neoblast amplification near the missing tissue and the extracellular
PCG environment likely encouraging fates corresponding to the missing tissues (the
‘bystander effect’) (LoCascio et al., 2017).

While PCGs are constitutively expressed, they are also dynamic. Following
substantial tissue loss, entire domains of PCGs may be removed and these domains
would correspond to the cell types that need to be replaced. To solve this problem,
planarians rapidly rescale their PCG expression domains following injury (Petersen &
Reddien, 2009b; Reddien, 2018). This rescaling of PCG domains allows the animal to
quickly regenerate missing tissues and reestablish proper body proportions. Several
PCGs are also wound-induced before PCG rescaling and can quickly change the
extracellular PCG environment of the blastema. The posterior PCG wnt1 is expressed
rapidly after wounding in both anterior and posterior-facing wounds, favoring posterior
identity (Gurley et al., 2010; Petersen & Reddien, 2009b). The extracellular Wnt inhibitor
notum, is then specifically expressed in anterior-facing wounds, to favor anterior
identities (Petersen & Reddien, 2011; Wurtzel et al., 2015). Working in tandem, these
two wound-induced PCGs could rapidly regenerate anterior and posterior PCG

domains.
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Together these biological systems function to lend planarians the amazing ability
to homeostatically turn over tissue, dynamically grow and shrink an order of magnitude
in size in response to feeding state, asexually reproduce through fission, and

regenerate after a diverse range of injuries.

Cell Lineage Structure for Planarians is Currently Debated

In recent years, there has been substantial development in our understanding of
cell lineages in planarians. Previous work has identified neoblasts as the only dividing
cell in asexual planarians, but our ability to characterize possible heterogeneity among
neoblasts has been limited. Single-cell transplantation experiments have identified
‘clonogenic neoblasts’, single neoblasts that can reconstitute the neoblast population
and progenitors for all cell types in the animal, and rescue animals depleted of all
neoblasts (Wagner et al., 2011). Early single-cell RNA sequencing experiments have
identified broad classes of neoblasts, characterized by the common enrichment of
several fate-specific transcription factors (FSTFs) (van Wolfswinkel et al., 2014). These
broad classes generally correspond to tissues, such as zeta-neoblasts, which are
primarily epidermal-specified. Another class of neoblasts, sigma-neoblasts, were
thought to generate cell types of many lineages, including zeta-neoblasts. Since these
sigma neoblasts could give rise to neoblasts of other types, as well as cells making up
many tissue types, this class was thought to contain pluripotent or ‘clonogenic’
neoblasts. Case studies also exist characterizing more specific neoblast types as well,
such as for specific subtypes of neurons (Cowles et al., 2013; Cowles et al., 2014;

Currie & Pearson, 2013; Marz et al., 2013; Molinaro & Pearson, 2016; Roberts-
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Galbraith et al., 2016; Ross et al., 2017; Ross et al., 2018; Scimone, Kravarik, et al.,
2014; Wenemoser et al., 2012) or muscle, which are generally defined by the
expression more restricted FSTFs (Chen et al., 2013; Scimone et al., 2020; Scimone et
al., 2017; Scimone, Lapan, et al., 2014; Scimone et al., 2018; Vasquez-Doorman &
Petersen, 2014; Vogg et al., 2014). One example of this is the small population of
sensory neurons along the anterior rim of the head which has been found to require the
expression of the transcription factor kif4 for their specification (Scimone, Kravarik, et
al., 2014). Together, this work suggests that there exist neoblasts that are pluripotent
and neoblasts committed to broad or specific fates.

More recently, high-yield single-cell RNA sequencing has allowed for better
characterization of neoblasts and their lineage. Some studies have sought to more
specifically define the population of pluripotent, clonogenic neoblasts in the animal.
Zeng et al. proposed a population of neoblasts enriched in the transmembrane protein
Tetraspanin as the clonogenic neoblast that could self-renew and produce specialized
neoblasts of other types (Zeng et al., 2018). Other groups have proposed other classes
of pluripotent neoblasts (Cui et al., 2023), as well as differing lineage structures for
neoblasts based on different computation techniques applied to single-cell RNA
sequencing (Plass et al., 2018). The true cell lineage structure in planarians is still
debated.

In 2021 Raz et al. characterized specification in neoblasts at different stages of
the cell cycle (Raz et al., 2021). Surprisingly, they found low levels of specification
signatures (the expression of known FSTFs) in neoblasts at the beginning of the cell

cycle (G1) and an increase in FSTF expression as the cells progress through the cell
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cycle toward division. This suggested the neoblasts enter the cell cycle unspecified,
meaning specification would have to occur in a single cell cycle. This ‘single-step fate
model’ would not require a complex lineage structure of neoblast divisions. It doesn’t
preclude the presence of a clonogenic, unspecialized neoblast, but it does suggest that
specialized neoblasts could give rise to unspecialized neoblasts in G1. In this way, the
clonogenic, pluripotent neoblast class could be all neoblasts in the G1 phase of the cell
cycle. This is consistent with previous data identifying a population of clonogenic
neoblasts, because all neoblasts could be clonogenic, but presents an alternative model
supporting those results.

To come closer to a resolution between these alternative models for cell lineage
in planarians, a fuller characterization of planarian neoblasts is useful. Given that G1
neoblasts can be unspecified, do we see evidence for an unspecified neoblast in later
cell cycle stages? Since most neoblast characterizations have identified broad classes
of neoblasts specific to different tissues, but case studies have identified neoblasts for
more specific cell subtypes, are neoblasts more heterogenous than thought and consist
of unique progenitors for each cell subtype in the animal, or is identity diversified later

as cells progress towards differentiation (as post-mitotic progenitors)?

The Determinants of Fate Selection are Unknown
The logic of fate selection in neoblasts is also an outstanding problem in planarian
biology. While it is known that certain FSTFs are important for the specification of

specific neoblast types, it is likely that not all known neoblast types and their
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corresponding FSTFs have been discovered. It is also not known what causes specific
FSTFs to be expressed in different neoblasts.

In Drosophila neurogenesis, neuroblasts express a temporal series of
transcription factors that generate different types of ganglion mother cells, which then
give rise to different neural and/or glial subtypes. These transcriptional transitions
between sequential transcription factors are cell-intrinsic, with the first transition from
hunchback to Kriippel being dependent on cytokinesis and later transitions not being
cytokinesis-dependent (Grosskortenhaus et al., 2005). This intrinsic, temporal method
of fate specification is useful for embryogenesis, where the proportions of cell types can
be tightly controlled. However, in regeneration at a given wound, not all tissue types
need to be replaced, so temporal fate specification could generate unneeded precursor
types and could require more time since the generation of cell types generated later in
their lineage would have to be preceded by the generation of other intermediate cell
types.

Cell specification in some systems also occurs temporally, but through extrinsic
mechanisms (Kohwi & Doe, 2013). For example, in mammalian brain development a
multipotent progenitor can give rise to deep and superficial neurons, as well as glia later
in development (Guillemot, 2007; Leone et al., 2008; Molyneaux et al., 2007; Rowitch &
Kriegstein, 2010). The switches between these stages are guided at least in part by
extrinsic cues. For example, newly differentiated cortical neurons will express and
secrete Cardiotrophin 1, which triggers a feedback mechanism in their progenitors to

switch to the specification of glial cells (Barnabe-Heider et al., 2005). This mechanism
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diverges from Drosophila neuroblasts because it is driven by extrinsic cues and
because fate switches are, at least locally, synchronized.

Models of fate specification support both deterministic and stochastic
mechanisms in fate determination (Zechner et al., 2020). These models can both be
applied to complex lineage hierarchies. A classic example of a complex deterministic
method of fate specification is C. elegans embryonic and neural development, where
each characterized neuron is generated at predictable times and in exact proportions
(Hobert, 2010; Sulston et al., 1983). Stochastic fate determination includes
hematopoiesis (Weinreb et al., 2020) and retinal progenitor specification in zebrafish
(Chen et al., 2012; He et al., 2012) and photoreceptor specification in Drosophila
photoreceptors (Mikeladze-Dvali et al., 2005), where symmetric fate divisions can favor
different fates along a complex lineage hierarchy.

Other methods directing fate-specification exist as well. Position and cell-cell
interactions can influence fate specification extrinsically. There is some evidence for
more niche methods of fate-specification. In rats, retrograde signals derived from post-
synaptic neurons can cause fate switches in some neural classes. For example,
retrograde Nerve growth factor (NGF) signaling is responsible for the neuropeptide
Calcitonin-gene related peptide (CGRP) to be expressed in nociceptive neurons through
activation and internalization of presynaptic Tropomyosin receptor kinase A (TrkA)
(Harrington & Ginty, 2013; Zweifel et al., 2005). There is some debate on whether
planarian neoblasts can detect the identity of missing tissues to specifically amplify the
generation of their progenitors. An increase in progenitors for a missing tissue is often

seen, but can be explained by the ‘bystander effect’, where the proliferation of neoblasts
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near wounds leads to an increase in progenitors for neighboring tissues, because there
are more neoblasts in the PCG specification zone for those cells (Bohr et al., 2020;
LoCascio et al., 2017). Unlike a more specific feedback mechanism, this involves the
proliferation of progenitors for neighboring tissues that were not removed. This was
shown by the surgical removal of the pharynx, which results in an increase in
progenitors for the pharynx, but also an increase in progenitor incorporation into the
neighboring ventral nerve cords (LoCascio et al., 2017).

Because regeneration is rapid and not all tissues need to be replaced, and
because neoblasts seem to be specified within a single cell division, it is unlikely that
neoblast specification occurs in a strict hierarchical lineage. Neoblasts are also often
specified far from the location of their differentiated tissue, like for neoblasts that give
rise to planarian eye which exist in a broad region posterior to the eyes (Lapan &
Reddien, 2012). This makes it unlikely that fates are determined by cell-cell interactions.
Since neoblasts infer their positions by PCG gradients, and this can influence fate, it is

possible fates are determined probabilistically based on a cell’s position.

Limitations of Techniques and Methods

Advancements in scientific methods have allowed for better and more thorough
characterization of cell classes and the fate decisions that generate them. One of the
highest throughput and least biased of these are single-cell sequencing techniques,
principally mRNA sequencing. Rapid microfluidic-based cell-sorting, mRNA library
preparation, and next-generation sequencing methods allow for the rapid detection of

MRNAs within tens of thousands of cells. These cells can be characterized in a biased
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or ‘supervised’ fashion, by looking at the expression levels of genes of predetermined
interest. However, the generation of large single-cell mRNA libraries allows for the use
of less biased, ‘unsupervised’ characterization methods as well.

Dimensionality reduction methods can reduce cells from gene-level expression
space (where each cell is represented in a high-dimensionality space equivalent to the
number of genes expressed), to lower-dimensionality space representing the
expression of many genes simultaneously. Classically, this was principal component
space, where linear combinations of genes maximizing the variation among cells could
be found. More recently, variations have been generated that casts principal
components onto a manifold for better visualization in two-dimensional space (Xiang et
al., 2021). Since these dimensions maximize variance across cells, they tend to visually
separate cell types, since they have different gene-expression profiles.

Data clustering methods can be used simultaneously to group cells with similar
gene-expression profiles into different distinct clusters. This approach has some pitfalls,
like deciding what constitutes a significant difference between cells to assign it a
different identity. Additionally, while most clustering methods group cells into discrete
clusters, some differences in cell types might not be discrete, but may be generated by
changes in gene-expression along a continuous distribution (Watson E.R., 2022). Often,
statistical tests are run to find genes that are expressed at different levels between cells
of different clusters. This is a useful approach to find marker genes for cells of different
clusters, but it has problems as well. Cells can be significantly enriched in genes also
expressed in other cell types. Complex relationships in gene expression can be lost as

well; for example, combinatorial or regulatory relationships that exist between multiple
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expressed genes cannot be detected by the enrichment of a single gene in a given

cluster.

Aims

In this work we seek to better characterize the full diversity of planarian neoblasts and
their descendent post-mitotic progenitors, which are cells that migrate to the location of
their mature tissue before differentiation. Using single-cell RNA sequencing, we
characterize the diversity in these two precursor cell populations, in the context of
regeneration, by using traditional clustering techniques and determining the modules of
transcription factors that define these cell types, and at which time in the cells’ lifetimes
we can detect these identifying signatures. We also develop machine-learning based
computational methods to infer how cells are defined by their unique combinatorial
expression of different genes. From these studies we characterize unknown neoblast
and post-mitotic progenitor populations and identify at what cell stages cell-type
diversity arises in planarians. The results of these studies will be useful in characterizing

planarian cell lineages in the context of planarian regeneration.
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Figure 1. Anatomy of the planarian nervous system.

The planarian central nervous system is delineated by chat-expressing neurons in the
anterior bilobed brain and ventral nerve cords on the ventral surface of the animal (A),
surrounded by smedwi-T1-expressing neoblasts. Brain branches extend from the brain
dorsolaterally and a pair of eyes lie on the dorsal surface of the animal above the brain.
The planarian central nervous system consists of a heterogenous population of neurons

which exist in different spatial regions (B).
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Figure 2
A Single-Step Fate Model
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Figure 2. Single-step fate model

The single-step fate model introduced by Raz et al. suggests that a neoblast enters the
cell cycle (G1) unspecified and express more FSTFs (a proxy for specification) as the
cell progresses towards division (A). The neoblast can divide asymmetrically to give rise
to another unspecialized G1 neoblast and a specialized post-mitotic progenitor.
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Figure 3
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Figure 3. Planarians express regionally-specific, position control genes
Planarians express different PCGs in different spatial domains within the animal (A).
nou-darake (ndk) and other FGFRLs (ndls) are expressed in the anterior (green) Wnts
signaling through canonical Wnt signaling are primarily expressed in the posterior
(blue), with their receptors expressed in cells in the anterior and posterior (magenta).
Non-canonical wntA is expressed up to the posterior of the head (grey). The Wnt
signaling inhibitors notum and sFRP-1 and sFRP-2 are expressed in the anterior (red).
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Whole-body regeneration requires the ability to produce the full repertoire of adult cell
types. The planarian Schmidtea mediterranea contains roughly 150 distinct cell types,
which can be regenerated from a stem cell population called neoblasts. Neoblast fate
choice can be regulated by the expression of fate-specific transcription factors (FSTFs).
How fate choices are made for many cell types and distributed across neoblasts versus
their post-mitotic progeny remains unclear. We used single-cell RNA-sequencing
(scRNA-seq) to systematically map fate choices made in S/G2/M neoblasts and,
separately, in their post-mitotic progeny that serve as progenitors. We defined
transcription factor expression signatures associated with all detected fate choices,
identifying numerous new progenitor classes and FSTFs that regulate them. Our work
generates an atlas of stem cell fate-specification paths with associated transcription

factor signatures for most cell types in a complete adult organism.
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Introduction

Adult stem cells in many regenerative organisms must be capable of making a large array of
possible fate choices. Planarians take this challenge to the extreme, where stem cells and/or
their post-mitotic descendant cells must choose between over a hundred possible fates (Fincher
et al., 2018). Planarians are a powerful model for studying how adult stem cells generate cell-
type diversity (Reddien, 2018). Planarians can regenerate any missing body part, including the
entire animal from small body fragments and also constitutively replace all tissues throughout
the body during homeostatic tissue turnover. Adult stem cells called neoblasts are responsible
for the production of all adult somatic cell types in both regeneration and homeostatic tissue
turnover (Baguna et al., 1989; Wagner et al., 2011).

In many developing animals, the enormous challenge of generating dozens to hundreds
of different cell types is accomplished gradually and can involve progressive fate restriction,
sometimes with a long lineage hierarchy (Sulston et al., 1983). In regeneration, by contrast, new
tissues can return quickly and concurrently (King and Newmark, 2012; Reddien, 2018). For
instance, in planarians, new cell types can differentiate to replace missing tissues within three
days of amputation despite cell division of neoblasts taking 12-24 hours (Newmark and Sanchez
Alvarado, 2000; Wenemoser and Reddien, 2010; Reddien, 2018). Furthermore, the identity of
missing cell types at wounds is unpredictable, potentially making a strict hierarchical lineage
from a multipotent progenitor impractical for tailoring production to the identity of missing cell
types. Therefore, addressing the mechanisms of fate choice specification in stem and progenitor
cells is central for understanding regeneration.

Substantial data indicate that neoblasts are a major site of fate specification in
planarians (Reddien, 2018). Neoblasts are molecularly and functionally heterogenous, being
comprised of distinct subsets called specialized neoblasts (Adler et al., 2014; Scimone et al.,
2014a; Zhu and Pearson, 2016; lvankovic et al., 2019). Specialized neoblasts express

transcription factors associated with particular fates, termed fate-specific transcription factors
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(FSTFs) (Raz et al., 2021). Many FSTFs are required for the formation of different mature cell
types (Lapan and Reddien, 2011; Scimone et al., 2011; Lapan and Reddien, 2012; Wenemoser
et al., 2012; Cowles et al., 2013; Currie and Pearson, 2013; Marz et al., 2013; Adler et al., 2014;
Cowles et al., 2014; Scimone et al., 2014a; Scimone et al., 2014b; van Wolfswinkel et al., 2014;
Vasquez-Doorman and Petersen, 2014; Vogg et al., 2014; Molinaro and Pearson, 2016;
Roberts-Galbraith et al., 2016; Wang et al., 2016; He et al., 2017; Ross et al., 2017; Scimone et
al., 2017; Fincher et al., 2018; Ross et al., 2018; Scimone et al., 2018). Specialized neoblasts,
therefore, serve as the precursors for the mature cell types of the animal. FSTF expression is a
frequent feature of S/G2/M neoblasts and neoblast specification can commonly occur as cells
transit through the cell cycle (Raz et al., 2021). Previous work supports a non-hierarchical model
for the neoblast lineage called the single-step fate model, in which neoblasts can specify one of
a diverse set of possible fates during the cell cycle and can divide with an asymmetric outcome
with a neoblast descendant able to specify a new fate, thus retaining potency (Raz et al., 2021).
Comprehensive adult planarian single-cell RNA sequencing (scRNA-seq) data estimated
that ~150 distinct mature cell types/cell states exist in adult planarians (Fincher et al., 2018).
Single-cell RNA sequencing (scRNA-seq) has also recently made it possible to identify neoblast
subtypes as clusters corresponding to the major tissue classes of the animal (Fincher et al.,
2018; Plass et al., 2018; Zeng et al., 2018; Niu et al., 2021). However, little additional structure
has been described for such stem cell clusters, leaving unclear the scope of specification that
happens in neoblasts. For instance, are all ~150 fate decisions that must occur in the adult
made in the neoblasts? Alternatively, are some or even many fate choices made in post-mitotic
neoblast descendant cells that serve as migratory progenitors? What transcription factor (TF)
signatures and dynamics characterize and regulate the generation of cell-type diversity as
progenitors mature and potentially diversify over time? To address these questions, we
performed scRNA-seq on dividing neoblasts (S/G2/M) and Go post-mitotic neoblast progeny

during regeneration and identified novel cell types and TF expression signatures in these
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stages. We find differences across several major tissue types in how cell type diversity is
generated. We assembled a curated catalog of all putative planarian transcription factors, and
utilized it in conjunction with scRNA-seq data to uncover new FSTFs and specialized neoblast
populations. Our results generate a stem cell fate-specification atlas for the majority of cell types

of a complete adult animal.

Results

Single-cell RNA-sequencing of S/G./M neoblasts identifies diverse specialized neoblast
classes

Recent work showed that FSTF expression is high in S/G2/M neoblasts, suggesting that the
complete set of neoblast fate choices could be investigated in the 4C neoblast stage (Raz et al.,
2021). S/G2/M neoblasts can be isolated with Hoechst labeling and fluorescence-activated cell
sorting (FACS) based on their 4C DNA content (the X1 gate) (Figure 1A) (Hayashi et al., 2006).
We purified 4C neoblasts 72 hours after amputation that removed either the anterior or
posterior, yielding neoblasts involved in anterior and posterior regeneration, respectively (Figure
1A). This time point involves substantial neoblast amplification and reestablishment of zones of
positional information that influence regeneration outcomes (Reddien, 2022). 23,873 S/G2/M
neoblasts that formed 12 distinct clusters were analyzed (Figure 1B).

Planarian tissues can be categorized into nine major classes: neoblasts, epidermis,
muscle, neurons, intestine, protonephridia (a filtration organ system), phagocytic/cathepsin+
cells, glandular/parenchymal cells, and pharynx (feeding tube) (Fincher et al., 2018; Plass et al.,
2018). Within each major tissue class there exists numerous cell types with distinct features and
functional roles. We clustered single-cell neoblast transcriptomes and found neoblasts for all
eight major differentiated planarian tissue types were represented by at least one large cluster

(Figure 1B, 1C; Supplemental Figure 1A). Specialized neoblasts for rare cell types, such as

48



photoreceptor neurons, were present in the S/G2/M neoblast transcriptomes, indicating that
even the rarest specialized neoblast classes should be present in this dataset.

Because multiple FSTFs often characterize a cell type, we hypothesized that ensembles
of correlated transcription factors could be used to identify new cell types or states as well as to
identify FSTFs associated with previously known or new states. We computed pairwise
correlation values between previously identified FSTFs across all sequenced 4C neoblasts and
performed hierarchical clustering to group correlated/coexpressed FSTFs into modules (Figure
1D). FSTFs known to be associated with fate specification of the same tissue type from prior
work displayed correlated expression and clustered together into modules representing the
different tissues they mutually specify. We then identified cells coexpressing components of the
transcription factor (TF) ensembles to annotate regions of cells in the scRNA-seq UMAP
visualizations as associated with distinct fates (Figure 1E). This approach also identified spatial
regions containing specialized neoblasts for the intestine, epidermis, protonephridia,
parenchyma, muscle, eyes, and neurons. By identifying cells through the shared expression of a
module of transcription factors instead of individual canonical transcription factors, cells could
more precisely be classified to a specific cell type, because many individual transcription factors
were expressed in multiple cell types. For example, epidermal-specialized neoblasts express
the FSTFs zfp-1, p53, and soxP-3, but cells expressing each individual gene were not all
epidermis fated (70%, 67%, 86% were epidermal-fated, respectively; Supplemental Figure 1B-
D). However, 97% of cells expressing all three FSTFs were epidermis fated. This approach is
applied broadly below in ascribing identity to cells and for identifying FSTFs associated with

particular neoblast states.

Defining the transcriptomes of post-mitotic progenitor cells with scRNA-seq
4C neoblasts produce post-mitotic (post-neoblast) Gy cells that are progenitors for differentiated

cell types. Whether all cell-fate decisions are made in the neoblasts or whether decisions
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continue to be made in post-neoblast Go stages is unknown. Investigating these Gq cells is
therefore critical for understanding how the complete complement of ~150 adult cell fate choices
for planarian anatomy emerge. We used FACS to isolate G1/Go cells (the X2 gate) (Hayashi et
al., 2006) during head and tail regeneration (Figure 1A). Go cells were computationally isolated
from G cells as previously described (Raz et al, 2021). 31,084 Gy cells resulted in 26 cell
clusters (Figure 1F), which broadly represented progenitors for the known tissue types of the
animal (Figure 1G). FSTFs and differentiated cell-type-specific markers were often co-
expressed in distinct subsets of cells within Gq clusters (Supplemental Figure 1E). Furthermore,
post-mitotic progenitors for rare cell types such as photoreceptor neurons were present,
suggesting that this dataset, like the neoblast dataset, contains even the rarest progenitor

classes.

In silico identification of planarian transcription factors

Expression of transcription factors is one of the earliest features that distinguishes classes of
progenitors. We therefore generated an in silico catalog of all putative planarian transcription
factors (Supplementary Figure 1F) and utilized them to enable the identification of neoblast
types and the transcription factors that define them. Additional cataloging of planarian
transcription factors has recently been undertaken (Neiro et al., 2022). We first searched the
translated planarian transcriptome for genes encoding known eukaryotic DNA-binding domain
(DBD) motifs with 67 Pfam DNA-binding domain models using HMMER (Eddy, 2011; Wheeler
and Eddy, 2013). This identified 1,317 transcripts representing 970 unique genes with at least
one potential DBD. Many genes in this set were previously characterized, with sequences
deposited in GenBank. To classify uncharacterized genes, we performed BLAST analysis
against the human proteome. Genes with significant similarity to non-TFs, such as other classes

of DNA-binding proteins (e.g., histones, transposons) were removed, resulting in 716 unique
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genes with domains resembling characterized DBDs or that have been previously identified in
planarians.

Within our DBD-containing catalog, 77 genes (11%) were previously classified as FSTFs
in planarians and another 102 (14%) have been studied in other contexts in planarians
(Supplementary Figure 1F). The remaining candidate TF genes consist of those with BLAST
hits to human TFs (242 genes; 34%) and genes with no BLAST hit to any human protein (295
genes; 41%). Among known planarian FSTFs, homeodomains, zinc fingers, and forkhead
domains collectively made up the majority of domains within these gene products (63% total;
33%, 19%, and 11% respectively) (Figure 1H). Among known planarian TFs with no
characterized FSTF function, the homeodomain, zinc finger, and HLH domains were the most
abundant (15%, 18%, and 28%, respectively). Similarly, non-characterized genes with clear
blast hits to human TFs consisted of many homeodomain-containing proteins and zinc finger-
containing proteins (28% and 30%, respectively).

We calculated the expression specificity of each putative transcription factor for each
maijor tissue type in the neoblast data (Supplementary Figure 1G). In our TF catalog,
homeodomain transcription factor-encoding genes were the most represented family among
known FSTFs and many were expressed in neoblasts and enriched in different progenitor types
(Figure 1H). Previous work has shown that the complete set of all 118 C. elegans neuron
classes can be delineated by unique combinations of homeodomain protein expression (Reilly
et al., 2020). Most tissue type progenitor classes had enriched expression for at least one
homeodomain transcription factor (Supplemental Figure 1H), except for pharynx-specialized
neoblasts, which displayed highly enriched expression for only the forkhead transcription factors
foxD and foxA (Supplementary Figure 1G), overall indicating that neoblast classes could also be

delineated by their expression of transcription factors.

Muscle cell-type diversity emerges in the S/G./M neoblast stage
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To compare the degree of cell-type specification in the S/G,/M (4C) state and in the post-mitotic
progenitor stage, we performed subclustering of cells by tissue type. We first examined the
three clusters expressing PLOD1, which is known to be expressed in muscle and
phagocyte/cathepsin+ precursors. Muscle progenitors are some of the best understood
planarian progenitor classes (Scimone et al., 2017; Fincher et al., 2018; Scimone et al., 2018).
Planarians possess a diverse array of muscle subtypes with different roles in their physiology
and in regulating regeneration (Figure 2A) (Witchley et al., 2013; Cebria, 2016; Scimone et al.,
2016; Scimone et al., 2017; Scimone et al., 2018; Cote et al., 2019; Scimone et al., 2020). Body
wall muscle (BWM) is comprised of longitudinal fibers oriented on the anterior-posterior (AP)
axis, circular fibers oriented perpendicular to the AP axis, and diagonal fibers (Cebria, 2016).
Two dorsoventral muscle (DVM) fiber types (medial and lateral) connect dorsal and ventral
animal regions (Scimone et al., 2018). A supportive set of muscle surrounds the intestine and a
separate network of muscle exists within the pharynx. Finally, unique muscle-like cells at the
anterior tip of the animal (the anterior pole) and at the posterior tip (the posterior pole) function
as patterning organizers during regeneration (Reddien, 2018). Each muscle subtype has been
shown to be specified by distinct transcription factors (Scimone et al., 2017; Scimone et al.,
2018).

Subclustering of PLOD 1+ S/G2/M cells identified 13 total subclusters (Figure 2B) from
5,633 cells. Most subclusters had unique expression of TFs specifying the different muscle
subtypes, and almost all muscle cell types were represented by their own subcluster (Figure
2C). gata4/5/6-2 (specifying medial DVM (Scimone et al., 2018)) and nk4 (specifying lateral
DVM (Scimone et al., 2018)) expression was enriched in cluster 8 and cluster 10, respectively
(Figure 2C). nkx1-1 (specifying circular muscle (Scimone et al., 2017)) and gata4/5/6-3
(specifying intestinal muscle (Scimone et al., 2018)) were expressed in different regions of
subcluster 5. myoD (specifying longitudinal muscle (Scimone et al., 2017)) was expressed in

two clusters (cluster 12 and cluster 2; Figure 2C). Subcluster 2 had unknown fate and displayed
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enriched expression of multiple distinct TFs, including hesl-3, hesl-2, musculin, myoD, nk4, and
hnf4 (Supplementary Figure 2A). Clusters 6, 7, 9, and 11 collectively expressed markers
associated with pharynx muscle (Figure 2C) (Fincher et al., 2018). Each pharynx muscle cluster
also expressed separate TF sets, including musculin, dmd-3, ap2, coe, sim, foxC1, and zicA].
Anterior pole cells (defined by coexpression of foxD and prep) were also present, although not
as their own unique cluster (Supplementary Figure 2A). foxF-1 is expressed broadly across non-
BW muscle (Scimone et al., 2018) and, as expected, was expressed across multiple regions,
including the clusters specifying pharynx muscle and other non-BW muscle (Scimone et al.,
2018) (Figure 2C). Expression of positional control genes (PCGs), which constitute positional
information and are primarily expressed in muscle cells (Witchley et al., 2013), was detectable
in different muscle specialized neoblasts in the data (Supplemental Figure 2A). Finally, we used
the in silico-generated transcription factor catalog to define transcription factor modules for
different muscle subtypes (Figure 2D and 2E). Together, these data define transcriptomes and
TF modules for unique clusters of S/G2/M cells with fates specified to essentially each of the
different muscle subtypes of the animal.

We subclustered 2,823 post-mitotic Go muscle progenitor cells, revealing 17 distinct
clusters (Figure 2F). Most subclusters displayed enriched expression in both cell-type specific
FSTFs and post-mitotic markers (Figure 2G and Supplemental Figure 2E). Cluster 4 and 12
represented DVM and were enriched in nk4 and gata4/5/6-2. Cluster 13 represented intestinal
muscle and was enriched in expression for gata4/5/6-3 and the known intestinal muscle marker
PTPRD (Scimone et al., 2018). Clusters 0, 1, 6, and 15 expressed the known body-wall muscle
marker bwm-1, with cluster O being enriched for circular fiber marker expression and clusters 1
and 15 being enriched for longitudinal fiber marker expression (Figure 2G). Cluster 15 also
expressed the midline and dorsal PCGs slit and bmp4. Clusters 3, 8, and 10 collectively
represented pharynx muscle. Finally, a distinct cluster of anterior pole cells could be identified in

cluster 11 based on the enriched expression of foxD, prep, and zicA, along with PCGs known to
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be expressed in the anterior pole (e.g., SFRP-1) (Supplemental Figure 2E). These results are
consistent with known muscle cell-type specification events that indicate distinct fates emerge at
the outset of production from the earliest possible cellular stage (the neoblast, stem cell stage),

without intermediate branches of fate refinement.

Lack of neoblast diversity of cathepsin® cell populations
Subclustering of the PLOD1+ S/G2/M cells also identified a single population of cells (cluster 4)
putatively specifying the phagocytic/cathepsin+ cells of the animal (Figure 2B). The phagocytic
group of planarian cells is comprised of a diverse population of cell types (at least 9) with broad
phagocytic capacity and complex morphologies, including pigment and glial cells (Fincher et al.,
2018) (Figure 2H; adapted from Fincher et al. 2018). foxF-1 is broadly expressed across
phagocytic cells and is required for specifying many of these cell types (Scimone et al., 2018).
ets-1 promotes pigment cell specification (He et al., 2017), and its expression is broad
throughout the phagocytic population as well (Fincher et al., 2018), suggesting that it could
regulate multiple phagocytic subtypes. hnf4 is also expressed in neoblasts expressing
phagocytic cell markers (Fincher et al., 2018). S/G2/M cells associated with the phagocytic state
were enriched in expression for these three TF-encoding genes (foxF-1, ets-1, and hnf4), along
with zfp-1 and hunchback (Figure 2C and Supplemental Figure 2A). Expression of these genes
was broad throughout cluster 4, without overt substructure. Subclustering generated seven not
well-separated clusters and some of these cells expressed markers for phagocytic cell subtypes
(Supplemental Figure 2B-D). However, these markers largely had expression scattered broadly
across subclusters.

Subclustering of the post-mitotic Go phagocytic progenitor cells identified clusters more
specifically enriched in cell-type-specific marker expression, consistent with these clusters
representing progenitors for several of the known differentiated phagocytic cell subtypes (Figure

2l and 2J, Supplemental Figure 2F). However, not all phagocytic cell-type diversity was
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apparent in the Gy post-neoblast progenitors either. These findings raise the possibility that
diversification of states for cathepsin+ cells might not occur until after the S/G2/M stage in post-
mitotic progenitors, or is not clearly represented by distinct transcriptomes. These findings are in
stark contrast with muscle progenitors, for which transcriptome heterogeneity matching the

different classes of differentiated muscle was readily identified in the S/G2/M neoblast stage.

Parenchymal progenitor fate diversity emerges in neoblasts

The parenchymal cell population is a highly heterogenous collection of distinct cell types
scattered within a mesenchymal tissue surrounding major organs, and includes gland cell types
(Hyman, 1951; Fincher et al., 2018; Plass et al., 2018). Fate specification of these cells is poorly
understood. Recent scRNA-seq data identified 13 distinct differentiated parenchymal cell
clusters, associated with cell types with diverse spatial distributions (Fincher et al., 2018). In
Fincher et al. 2018, an additional eight clusters of putative transition states for different
parenchymal subtypes were also identified, with enriched TF expression (Figure 3A; adapted
from Fincher et al. 2018). It was unclear from this prior work whether these transition states
represented neoblasts or post-mitotic neoblast progeny.

We found two TF-encoding genes, RREB1 and RREB2, that had abundant and enriched
expression across mature parenchymal tissues and that were expressed in two S/G2/M neoblast
clusters (Figure 1C). These clusters displayed mutually exclusive expression of the transcription
factors NKX2-4 and foxA. foxA is required for pharynx regeneration (Adler et al., 2014) and
foxA+ neoblasts include pharynx progenitors in a broad domain surrounding the pharynx (Adler
et al., 2014; Scimone et al., 2014a). Two S/G2/M populations expressed foxA (Figure 1C), one
parenchymal cell-associated and the other being pharynx neoblasts.

We subclustered the 1,018 foxA+ 4C parenchymal neoblasts and the 647 NKX2-4+ 4C
parenchymal neoblasts separately (Figure 3B & Figure 3C). Multiple subclusters displayed

enriched expression for TFs specific to distinct differentiated parenchymal subtypes (Figure 3D,
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3E). foxA+ parenchymal neoblasts produced five subclusters. Cluster 3 had enriched
expression of fer3/-1, which is expressed in putative precursors for differentiated SSPO
(dd_9342) cells (Fincher et al., 2018). Cluster 1 had enriched expression of fer3/-2, a TF-
encoding gene expressed in the putative precursor population for mag-1+ cells (Fincher et al.,
2018). Cluster 1 also had enriched expression of ptf-1, but in a separate domain. ptf-1
expression was enriched in putative precursors for dd_8476 cells, a unique parenchymal
population localized to the planarian head (Fincher et al., 2018). Clusters 2 and 4 expressed the
non-TF-encoding dd_2 gene, which marks a parapharyngeal parenchymal population
(parenchymal cluster 9 in Fincher et al. 2018). Correlation analysis among all transcription
factors in the TF catalog identified several transcription factor modules corresponding to
identified parenchymal neoblast types (Figure 3F and 3G). Notably, this revealed two
transcription factor-encoding genes, dd_14712 and dd_17476, that were co-expressed in
clusters 2 and 4 of the foxA+ cluster. In total, of the 13 known differentiated parenchymal cell
clusters (Fincher et al., 2018), four were represented within the foxA+ S/G2/M parenchymal-
specialized neoblast cluster.

Subclustering of the NKX2-4+ S/G,/M parenchymal neoblasts identified several
subclusters corresponding to the other differentiated parenchymal cells (Figure 3C). Cluster 5
was enriched in the expression of IRX1 (Figure 3E). In prior data (Fincher et al., 2018), IRX1
expression was enriched in putative precursors for differentiated ZAN6+ (dd_238) cells (Figure
3A). Cluster 5 had enriched expression of the TF-encoding GCM2 gene (Figure 3E). In Fincher
et al 2018, GCM2 expression was enriched in putative parenchymal precursors; a subset of
these expressed KCP+ (dd_91) and another subset coexpressed IRX1. Finally, cluster 1
displayed enriched expression of the TF-encoding genes nkx2-like and nkx6-like. nkx2-like was
expressed broadly throughout cluster 1 and nkx6-like was expressed in a subset of cluster 1
cells. nkx2-like was expressed in several putative parenchymal precursors, as well as three

differentiated parenchymal clusters, including candidate precursors for the dd_515 population
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(Figure 3A). Within the NKX2-4+ S/G2/M parenchymal cell specialized neoblasts, we also found
a small fraction of cells (primarily in cluster 0) that expressed the TF-encoding gene ascl-2

(Figure 3E).

Taken together, these results suggest that during the S/G2/M neoblast state,
parenchymal cell diversity is generated through ten populations of specialized neoblasts that
can be grouped into two major categories: foxA+ cells that can be subdivided into subsets of
fer3I-1+, fer3I-2+, ptf-1+, and dd_2+ neoblasts and NKX2-4+ cells that can be subdivided into

IRX1+, GCM-2+, nkx2-like+, ascl-2+, and nkx6-like+ subsets.

To assess how this subtype diversity was reflected in the early Go stage, we combined
Go post-neoblast parenchymal progenitors (1,996 cells) and performed subclustering (Figure
3H). We found seven total clusters with six representing likely descendants of parenchymal
neoblast subtypes from the 4C state (Figure 3H and Supplemental Figure 3A-D). One cluster
(cluster 6) corresponded to the population of parenchymal cells marked by GATA3 expression
from Fincher et al. 2018 parenchymal clusters 6 and 10 (Figure 3A and 3l). These cells were
enriched in the TF-encoding genes GATAS3, pax6A, Post-2b, EVX1, and fer3/-3 (Supplemental
Figure 3A) — similar to a precursor state from Fincher et al. 2018. By contrast, no 4C
parenchymal population clearly expressed the combined transcription factor signature
corresponding to this population. However, low levels of GATA3 and Post-2b were present
sparsely in one subcluster (Supplemental Figure 3E). This raises the possibility that this
parenchymal cell type might be substantially matured through TF-encoding gene expression
post-mitotically.

We tested the functional requirement for parenchymal lineage-associated TFs in
specifying parenchymal subtypes using RNA interference (RNAI). Because of constant cell
turnover in planarians, RNAi of a TF-encoding gene required for fate specification of neoblasts

can lead to steady depletion of the cell type generated by the associated neoblast class
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(Reddien, 2018). Furthermore, amputation challenges the animal to produce missing cell types
in a blastema. RNAi animals were subjected to head and tail amputation and were fixed after
regeneration (>10 days post-amputation, dpa). Inhibition of many TFs led to reduced numbers
of parenchymal cells expressing cell-type-specific markers. This could reflect depletion of those
cells, or in some cases loss of marker expression without loss of the cell type. In many cases,
RNAI resulted in fewer cells robustly expressing the marker gene used, rather than lower levels
of marker gene expression throughout the cell population, consistent with cell loss (Figure 3J,
Supplementary Figure F-L). IRX1 RNAi and GCM2 RNAI led to depletion of ZAN6+ (dd_238)
and KCP+ (dd_91) cells, respectively. ZAN6 (dd_238) expression marks differentiated
parenchymal cluster 5 in Fincher et al. 2018 data and KCP (dd_91) expression marks
differentiated parenchymal cluster 12. RNAi of ASCL4 led to the depletion of dd_801+ cells,
which comprise two differentiated parenchymal subtypes: cluster 12 and cluster 5 of Fincher et
al. 2018 data (Figure 3J and Supplemental Figure 3J). ascl-2 RNAI eliminated cells expressing
glipr-1 (dd_924), as did RNAi of dd_10911, which encodes a zinc finger protein enriched in
glipr-1 cells (Figure 3J and Supplemental Figure 3F, 3H). We also found that whereas RREB1
and RREB?2 expression globally marked 4C parenchymal neoblasts, only RREB2 was
functionally required for forming any of the parenchymal subtypes tested (Figure 3J and
Supplemental 3I). Finally, RNAi of Post-2b, which was expressed in Gy cell-specific cluster 6
resulted in loss of dd_829-expressing parenchymal cells (Figure 3J and Supplemental Figure
3G). Overall, these results identify numerous FSTFs associated with new specialized neoblast
classes and show that specification of most-to-all of the cell-type diversity of planarian

parenchymal cells is independently generated in the 4C stem cell state.

Specification of fates in progenitors of the nervous system

The planarian nervous system contains more cell-type diversity than any other planarian tissue

(Fincher et al., 2018). Clustering of S/G2/M neoblasts revealed two distinct populations
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containing neural progenitors; one was labeled "Neural" and a separate cluster was unified by
expression of the transcription factor six1/2-1 (Figure 1B). We subclustered the 4C "Neural" and
six1/2-1* populations independently (Figure 4A, 4B). Two subclusters of the six1/2-1 population
were eye progenitors, expressing FSTFs for the eye such as ovo and eya (Figure 4B). The
six1/2-1 cluster also contained cells expressing the transcription factor-encoding MECOM and
dmd-1 genes, which are expressed in somatic support cells for the germline. Subclustering of
the 4C "Neural" population (6,526 cells) revealed six main clusters, with known neural FSTFs
expressed within them (Figure 4A). Cluster 2 had enriched expression of neural FSTFs such as
nkx6-like (Scimone et al., 2014a) and prox-1 (Figure 4A). Cluster 5 had enriched expression of
the neural FSTFs pou4l-1, neuroD-1, and nkx2-like (Cowles et al., 2013; Cowles et al., 2014;
Brown et al., 2018). Most other known neural FSTFs were expressed broadly across multiple of
the subclusters, including pax6A, ski-3, fli1, sp6-9, and scratch (Scimone et al., 2014a; Molinaro
and Pearson, 2016). These results indicate that at least some neural signatures emerge in the
4C neoblast state and that unique transcriptomes for the cells at these stages can be defined.
Correlation analysis between transcription factors among neural neoblast-containing
clusters (“Neural” and “six1/2-1+") identified several transcription factor modules (Supplemental
Figure 4A) associated with cells that occupied domains in the UMAP subclusters (Supplemental
Figure 4B). For example, a transcription factor-encoding gene with similarity to human GFI/1B
(dd_14824) had correlated expression with known neural FSTFs pou4/-1 and neuroD-1
(Supplemental Figure 4A). GFI1B was expressed in a small number of ciliated neuron
populations from Fincher et al. 2018, such as clusters 11 and 18 (marked by dd_28465 and
dd_29413, respectively) (Figure 4C). GFI/1B RNAi: led to loss of both of these differentiated
neuron populations (Figure 4E). ascl-2 (dd_14753) and dd_14712, which encodes an ETS-
domain containing transcription factor, had correlated expression with each other and the neural
FSTF prox-1 (Supplementary 4A). These TF-encoding genes were expressed in a subset of

non-ciliated peripheral neurons marked by dd_3069, and RNAI of asc/-2 resulted in the loss of
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peripheral neurons cells expressing dd_3069 (Figure 4E). Using scRNA-seq data from Fincher
et al. 2018, we found that IRX6 was expressed in a unique subset of non-ciliated neurons
marked by expression of the neural peptide-encoding npp-18 gene. RNAI of IRX6 resulted in a
loss of npp-18" cells (Figure 4E). INSM2 (dd_28888) had modestly correlated expression with
neural FSTFs, including tcf/lef and otxB (R=0.08 and R =0.12). INSM2 was expressed in a
subset of non-ciliated neurons marked by the expression of the secreted neural peptide-
encoding gene spp-4 and INSM2 RNAI resulted in reduction of spp-4+ cells (Figure 4E). These
results identify novel neoblasts classes for mature neural subtypes and FSTFs that delineate
them.

To study neural fate in neoblast progeny cells, we subclustered the 9,993 post-mitotic Go
neural progenitors (Figure 4D). A total of 77 Go neural progenitor clusters were identified — many
more than the eight neural X1 clusters identified above. In Fincher et al. 2018, at least 70
differentiated neuron clusters were identified (Figure 4C). There is therefore a similar scale of
identified heterogeneity in Go neural progenitor subclusters and mature neurons, but further
heterogeneity likely remains hidden in the clusters of both of these datasets. We were able to
assign 37 subclusters as candidate Go neural progenitors for distinct neural subtypes based on
the shared expression of unique markers between differentiated neuron subtypes and Gy neural
progenitor clusters (Figure 4D). An additional 30 subclusters could not readily be connected to a
differentiated cluster from Fincher et al. 2018, but displayed expression of unique markers
(mostly FSTFs). Therefore, in total at least 67 classes of post-mitotic neural progenitor states
were identified, with their transcriptomes and associated FSTFs defined.

Because the number of neural Go progenitor classes in this data was far greater than the
number of clusters of neural S/G2/M neoblasts (77 vs. 8), it is possible that fate heterogeneity
increases for neural progenitors in post-mitotic stages. To explore this possibility further, we first
assessed the expression of neural FSTFs that had enriched expression in Go subclusters within

S/G2/M neoblasts. Many of these genes were expressed in a similar number of both neoblasts
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and their post-mitotic descendants. However, whereas they were expressed in specific
subclusters within Gy cells, they were not expressed in a specific subcluster (or region of UMAP
space) in S/G2/M neoblasts (Supplemental Figure 4C). This differed from neoblasts for other cell
types, such as muscle, where cells expressing FSTFs clustered together. This could indicate
that neural neoblasts are more homogenous and less defined than Gy neural progenitors, even
when they express neural FSTFs. We next asked if FSTFs that are co-expressed in the Go
neural progenitor state tended to also be co-expressed in neoblasts even if the cells were not
clustered. It was previously shown that pitx and /hx1/5-1 specify serotonergic neuron
progenitors (Currie and Pearson, 2013; Marz et al., 2013), and these two transcription factors
were coexpressed in Gy cells (Supplemental Figure 4D). However, despite both being
individually expressed in some S/G2/M neoblasts, they were not coexpressed and their gene
expression correlation was lower than in Go progenitors (R=0 vs. R=0.29). We also found a
transcription factor-encoding gene, UNCX, that had highly correlated expression to pitx in post-
mitotic progenitors. In S/G2/M neoblasts, UNCX was expressed in a relatively similar number of
cells, but UNCX expression was less correlated to pitx in neoblasts than in Go progenitors
(R=0.07 vs. R=0.41) (Supplemental Figure 4E). Another example population of Go progenitors
(cluster 7; Figure 4D) expressed both ofxA and otxB, yet these genes were uncorrelated in
S/G2/M neoblasts (R=0.01 vs R=0.33) (Supplemental Figure 4F). Among pairs of correlated TFs
identified in Go neural progenitors, many showed a similar increase in correlation from neoblast
state to post-mitotic progenitor (Figure 4F). These examples indicate that at least some neural
progenitors did not express the full complement of transcription factors that define them in the
neoblast stage, but activate them as post-mitotic progenitors.

We next utilized the atlas of TFs expressed in different neural Go progenitors to identify
novel FSTFs required for the presence of neural populations. Expression of PHOX2A, which
encodes a paired-like homeodomain TF, defined a unique Go neural progenitor population with

a signature corresponding to dd_8060+ peripheral neurons (Supplementary Figure 4S). RNAI of
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PHOX?2A eliminated dd_8060-expressing neurons from the animal (Figure 4E). Another TF,
POU4F3, was specifically expressed in a Go neural progenitor population corresponding to
CALM2+ (dd_23127) neurons (ciliated cluster 21 from Fincher et al. 2018) and POU4F3 RNAI
led to loss of CALM2+ neurons (Figure 4E, 4G; Supplementary Figure 4T). PHOX2A was
expressed in 4C neural neoblasts, but in a scattered pattern. Similarly, POU4F3 was also
expressed in 4C neural neoblasts by sequencing data, and this was confirmed in uninjured
animals by FISH (Figure 4G). POU4F3 was coexpressed with the known neural FSTF scratch in
Go cells, but it was not in neoblasts. The neural population represented by CALM2 has been
shown to be regulated by the FSTF soxB7-2 (Ross et al., 2018). In the Fincher et al. 2018 atlas,
soxB1-2 is expressed in the cluster marked by CALM2, but also in several other clusters.
Tbx2/3b was expressed robustly in a Go neural progenitor population that is associated with
GLIPR1+ (dd_210) peripheral neurons (Figure 4H). RNAIi of Thx2/3b resulted in the loss of cells
expressing GLIPR1+, establishing Thx2/3b as an FSTF for this neural population (Figure 4E).
Tbx2/3b+ neoblasts were identified in uninjured animals by FISH (Figure 4H), but coexpression
of Tbx2/3b and Ihx1/5-1 (another TF-encoding gene enriched in this population) was relatively
rare in 4C neoblasts compared to post-mitotic progenitors. An additional eight examples of
FSTF-cell type ablation by RNAi were found. This included (i) IRX2 RNAI, which led to loss of
tyrosine hydroxylase (th)-positive dopaminergic neurons, (i) UNCX RNAI, which led to loss of
sert-positive serotonergic neurons, (iii) RNAi of dd_10911 (encoding a zinc finger protein family
member), which led to loss of dd_69653-positive peripheral neurons, and (iv) RNAi of three TFs
that each independently led to loss of dd_29413-positive ciliated neurons (including Thx2/3c

and a gene with similarity to human SOX2) (Figure 4E and Supplemental Figures 4G-4U).

Together these analyses demonstrate that numerous unique neural progenitor states
were identified in the Gy post-mitotic progenitor data and that they could be associated with

mature specific neuron types through transcription factor and differentiated marker expression
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similarity. For several of these, identified FSTFs were shown to be required for the presence of
the mature cell type. The progenitors for many of these cell types were not overtly present in the
4C neural-specialized neoblast scRNA-seq data as unique subclusters or through expression of
their characteristic transcription factor modules, consistent with fate diversification or maturation
occurring post-mitotically for many neural subtypes. The neural population of 4C neoblasts will
be an intriguing target for continued detailed investigation to unravel the underpinnings of neural

fate choice in neoblasts.

Expansion of cell-type diversity post-mitotically

As described above, a large diversity of neural and cathepsin+ cells are known to exist, but the
neoblasts for these populations contained far fewer identifiable cell classes than their
differentiated counterparts. To further explore the possibility of fate diversification occurring in
post-mitotic stages for these tissues, we compared cells in the neoblast and post-neoblast
progenitor stages for both classes. Both neural and phagocytic/cathepsin+ tissue had more
post-mitotic clusters compared to neoblasts, irrespective of the number of principal components
used for data analysis. We used k-means clustering of cells in these classes using the top
principal components in the dataset as another way to assess the number of cell types in the
data. To measure the number of clusters/states in the data we used the Ratkowsky index, which
is a measure of the quality of clustering of a dataset. By using the Ratkowsky index for a
variable number of cell-state identities, the number of groups in each tissue progenitor class (for
4C and post-mitotic cells) that best explains the differences between cells can be found. For
neural progenitors, more groups explained the variance in the data for the post-mitotic
progenitors compared to neoblasts, consistent with a greater number of cell states emerging
post-mitotically after cells left the neoblast stage (Supplemental Figure 4V). cathepsin+-fated
progenitors also showed an increase in group number in post-mitotic progenitors compared to

4C neoblasts, with a more modest difference compared to neural states. By contrast, muscle-
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fated cells had similar numbers of groups in the neoblast and post-mitotic progenitor datasets.
This analysis lends further support to the idea that some cell types continue to diversify after

initial specification as neoblasts.

A six1/2-1+ cluster associated with germline niche cells

Post-mitotic progenitor cluster 17 (Figure 1F) had enriched expression of six1/2-1, dmd-1, and
MECOM, and likely represents progeny of cells from within the six1/2-1" S/G2/M neoblast cluster
that also expressed these genes (Figure 5A, 5B). These cells did not express neural markers
indicating that they are not neural progenitors (Supplemental Figure 5A). dmd-1 is expressed in
testis gonad support cells in sexually-reproducing S. mediterranea (Chong et al., 2013). These
cluster 17 cells also expressed ophis, aadc, and laminA (Figure 5B), other genes that are
expressed in the male and female sexual accessory cell types in sexual S. mediterranea (Saberi
et al., 2016; Issigonis et al., 2022; Khan and Newmark, 2022). Some of these genes are also
known to be expressed in asexuals, which possess germ cells but not mature gametes (Wang
et al., 2007). Two notch-family genes were found to be expressed in the ovaries in sexual
planarians (Khan and Newmark, 2022) and were also expressed in subclusters of these Go
cells. The gene referred to as notch2 (dd_7067) in Khan et al. 2022 was expressed in a
subcluster devoid of dmd-1 expression, as expected given this gene is expressed in ovaries and
dmd-1 is expressed in the testis. These results suggest this cluster of cells likely contains

progenitors for the somatic support cells for the germline in asexual planarians.

Distinct S/G2/M intestine states correspond to mature intestinal subtypes

The planarian intestine is comprised of three main cell types: phagocytic enterocytes,
basal/outer intestinal cells, and secretory goblet cells dispersed within the enterocyte layer
(Fincher et al., 2018; Forsthoefel et al., 2020) (Figure 5C). Several FSTFs regulate specification

of intestine neoblasts (also called gamma neoblasts), including gata4/5/6-1, nkx2.2, prox-1, and
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hnf4 (Wagner et al., 2011; van Wolfswinkel et al., 2014; Flores et al., 2016; Gonzalez-Sastre et
al., 2017). Intestinal neoblasts have largely been considered a homogenous specialized
neoblast population, despite mature intestine cell-type heterogeneity. Clustering of S/G./M
neoblasts identified two distinct intestinal neoblast populations (Figure 1B). We combined both
clusters and performed subclustering with 2,065 intestinal neoblasts, generating five total
subclusters (Figure 5D). All subclusters shared the expression of known intestine FSTFs. Four
clusters (subclusters 0, 1, 3, and 4) were identified as putative enterocyte precursors based on
the expression of enterocyte-specific markers (Figure 5E). These clusters were also enriched in
the expression of the transcription factors zfp-71 and osr— FSTFs not previously known to be
associated with gamma neoblasts. Cells of subcluster 2 did not express zfp-1 and osr, but were
characterized by expression of the TF-encoding hunchback and RREBZ2 genes. RREBZ2 has
been previously shown to be expressed in goblet and basal intestine cells (Forsthoefel et al.,
2020). Correlation analysis between transcription factors identified transcription factor modules
that associated broadly into two main groups — the enterocyte clusters and subcluster 2 (Figure
5F, 5G). zfp-1 and p53, which are associated with the epidermal lineage, were coexpressed in
enterocyte neoblasts, but another epidermal TF (soxP-3) was not strongly expressed
(Supplemental Figure 5B). Subcluster 2 neoblasts coexpressed the known FSTFs gata4/5/6-1
and prox-1, as well as Thx2/3c.

In post-mitotic Gy cells, two clusters of apparent intestinal progenitor cells existed (586
total cells) (Figure 1F). Each displayed gene expression corresponding to either enterocytes or
basal/outer intestinal cells (Figure 1G). We pooled these cells and subjected them to
subclustering, revealing five subclusters (Figure 5H). The presumptive Go enterocyte
progenitors shared a similar transcriptional program to the presumptive 4C enterocyte-
specialized neoblasts: expression of enterocyte-specific markers and zfp-1 and osr (Figure 5I;
Supplemental 5C). The presumptive Go basal/outer intestinal cell progenitors shared a

transcriptional program similar to subcluster 2 of the 4C gamma neoblasts (zfp-1-, osr-,
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RREB2+), suggesting that subcluster 2 of the 4C gamma neoblasts represents outer intestinal
cell-specialized neoblasts (Figure 51; Supplemental Figure 5C). These clusters also expressed
some goblet cell markers, indicating they may also give rise to basal and goblet cells (Figure 5I).
Correlation analysis in the gamma neoblasts showed that zfp-1 is negatively correlated with
both RREBZ2 and hunchback, supporting the hypothesis that zfp-1+/0sr+ neoblasts and the
RREB2+/hunchback+ neoblasts define distinct states within the gamma neoblast compartment
(Supplement Figure 5D). Despite the fact that all intestinal neoblasts share expression of many
canonical intestine FSTFs (e.g., gata4/5/6-1, nkx2.2, prox-1, and hnf4), these data indicate
intestinal neoblasts are heterogenous and generate cell-type diversity through at least two

broad gamma neoblast subtypes.

Neoblast fates for the epidermis

The epidermis originates from neoblasts called zeta neoblasts (van Wolfswinkel et al., 2014).
Dorsal and ventral epidermis are functionally distinct, and a unique population also exists at the
dorsal-ventral (DV) animal boundary (Wagner et al., 2012; Wurtzel et al., 2017) (Figure 6A).
Dorsal and ventral identities originate in zeta neoblasts, marked by the expression of PRDM1-1
and kal1, respectively (Wurtzel et al., 2017). Subclustering of the 6,504 S/G2/M epidermal
neoblasts identified unique clusters corresponding to dorsal and ventral precursors (Figure 6B).
A third cluster displayed lower expression of canonical epidermal FSTFs (soxP-3, p53, and zfp-
1) (Figure 6C). TF-correlation analysis identified modules that correspond to the ventral and
dorsal epidermal clusters (Figure 6D and 6E). An additional module had enriched expression of
Post-2a and Post-2b, transcription factors previously found to be expressed in the mature DV
boundary epidermis (Wurtzel et al., 2017). This indicates that the epidermal DV-boundary likely
arises in neoblasts, not later in Go progenitors where expression of the previously identified DV
boundary FSTF tix-1 first arises (Wurtzel et al., 2017). Subclustering of the 2,742 G, epidermal

progenitor cells identified dorsal and ventral epidermal progenitors, although the cells clustered
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primarily by canonical epidermal lineage progression markers, such as prog-2, rather than
dorsal/ventral markers (Figure 6F and 6G). An offshoot Go progenitor subcluster (cluster 4)

consisted of cells expressing transcription factors in the DV boundary TF module.

Neoblast fates for the protonephridia

The planarian protonephridia functions as a waste excretion and osmoregulatory system that
includes flame cells, proximal tubule cells, distal tubules cells, and collecting duct cells (Rink et
al., 2011; Scimone et al., 2011; Vu et al., 2015) (Figure 6H). Several TFs are important for
protonephridia formation (Scimone et al., 2011). Subclustering of S/G2/M protonephridia
neoblasts (550 total) revealed a seemingly homogenous population of cells (Figure 6l).
Protonephridia FSTFs such as POU2/3, six1/2-2, and sall were expressed throughout these
S/G2/M neoblasts (Figure 6J). hunchback, an FSTF required for forming all subtypes of
protonephridia, displayed enriched expression primarily in cluster 1. Correlation analysis
between transcription factors expressed in protonephridia neoblasts identified modules of
correlated transcription factors that did not mark distinct regions of cells within clustered UMAP
space, potentially indicating these correlated transcription factors are expressed broadly in
protonephridia neoblasts (Figure 6K).

Subclustering of post-mitotic Go protonephridia progenitor cells (1,179) revealed a small
number of clusters and regions corresponding to nephridia cell types (Figure 6L). Cluster 5,
along with a small population of cells in regions of clusters 0 and 2, was positive for the flame
cell markers dd_2920 and ECE2 (dd_5256) (Figure 6M). A small region of cluster O expressed
differentiated proximal tubule cells markers such dd_9435 and ALPPL2 (dd_8942). These
results support a previously proposed model that distinct protonephridia subtypes emerge from
a common pool of 4C progenitors defined by expression of several FSTFs (Scimone et al.,
2011), and suggest that cell-type diversity for these cells emerges later in the post-mitotic

states.
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Discussion

Generating cell-type diversity is a foundational task not only for animal development, but also in
adult homeostasis and regeneration. Regeneration poses a number of unique challenges
compared to development and generating cell-type diversity might therefore involve different
mechanisms in these contexts. First, cell-fate specification must be tailored to the identity of
unpredictable missing tissue types in regeneration rather than initiating from a fixed starting
point. Second, fate specification in regeneration can occur in adult progenitors existing within
organized, mature tissues presenting different contextual environments for influencing fate.
Finally, whereas amplification of cells prior to differentiation is critical in development, wound
sites in principle could have many progenitors from early time points. Planarians can generate
every adult cell type (~150 types) in adulthood during tissue turnover and in regeneration from
pluripotent stem cells called neoblasts (Fincher et al., 2018; Plass et al., 2018; Reddien, 2018).
Planarians therefore present an attractive venue for uncovering solutions to the challenge of
generating large-scale cell-type diversity in an adult context. Many fundamental questions about
the nature of fate choice in planarian regeneration remain unaddressed. For example, are there
neoblast classes corresponding to fate choices for each adult cell type of the entire animal? Or,
alternatively, is some decision-making made in the post-mitotic descendant cells of neoblasts
that serve as progenitors? Systematic identification of fate choices and the transcription factor
expression signatures associated with those fate choices in neoblasts and post-mitotic
progenitors will help understand the logic of fate choice in a regenerative context.

Here, we utilized scRNA-seq on 4C neoblasts and 2C post-mitotic progenitors to
generate an atlas of transcription factors associated with all stem cell differentiation paths that
could be annotated. In total, 133 separate clusters of post-mitotic progenitors were identified
— similar to the estimated total number of planarian cell types. We were able to connect the

majority of these progenitors to particular known differentiated states and to annotate the
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transcription factor expression signatures of each of these progenitor types (TF Atlas:
Supplemental Table 5). For many of these cell states and FSTFs that had not been previously
investigated we utilized RNAI to establish a requirement of the FSTF for regeneration and
maintenance of the predicted target differentiated cell type.

This work combined with prior studies on neoblast specialization identifies distinct
principles for generating cell-type diversity across tissues (Figure 7A, 7B): within muscle and
parenchymal cells, distinct transcriptional regulatory programs involving unique FSTF
expression signatures establish diversity in the 4C neoblast state, and these states are
maintained into post-mitotic progenitors and differentiated cells. For intestine cell-type formation
all intestinal 4C cells are united by the expression of some major FSTFs, and exclusive
expression of other FSTFs distinguish specialized neoblasts for distinct intestinal cell types. The
epidermis is similar to these other tissues, in that dorsal and ventral epidermal states were
apparent in 4C cells, as previously suggested using the markers prdm-1 and kal-1 (Wurtzel et
al., 2017), along with newly identified neoblasts for the DV boundary. These four tissues all
represent cases of fate diversification at the earliest possible step: in the neoblasts.

For the protonephridia and phagocytic/cathepsin+ cells, 4C neoblasts specialized for
these tissue classes were apparent but not overtly heterogeneous, in contrast to muscle,
intestine, parenchymal cells, and epidermis. These 4C neoblasts lacked clear signatures of cell
type-specific markers and were not comprised of groups of cells with multiple unique FSTF
signatures. This raises the possibility that generation of cell-type diversity for these tissues could
arise from a common pool of 4C precursors that diversifies in the Go stage, as was previously
proposed for the protonephridia (Scimone et al., 2011) (Figure 7B). Other molecular and
functional studies will be important for continued assessment of this possibility.

Finally, neural differentiation involves heterogeneity in the 4C neoblast state, but this
heterogeneity was very limited when compared to the large degree of heterogeneity of mature

neuron types. Several known neural FSTFs displayed enriched expression in a few common
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subclusters, whereas others were broadly expressed throughout the entire population and
others were rare and scattered in their expression. By contrast, substantial transcriptome
heterogeneity was readily apparent for neural progenitors in the form of many distinct cell-type-
specific clusters in the post-mitotic progenitor state. The fate choice for many mature neural cell
types could be mapped onto these post-mitotic progenitor clusters. These post-mitotic neural
progenitors were distinguished by their expression of unique transcription factors (Figure 7A),
many of which were not robustly co-expressed in neural neoblasts. Migratory targeting in post-
mitotic progenitors could in principle provide a means for extrinsic cues to further influence fate
choice by local cell position.

Overall, we also identified 20 different TFs with either previously unknown FSTF function
or FSTF function for a cell type different than the one previously known. Many of these new
FSTFs span the parenchymal and neural lineages—two of the more diverse tissue types of the
animal. At least 40 different choices associated with distinct transcriptome states could be
documented within the neoblasts. This number will likely continue to increase somewhat
through continued molecular dissection of neoblast states. How neoblasts can choose between
such a plethora of options is unknown. 133 states were apparent in the Go state, with
transcriptomes displaying further maturation and distinction from one another. The timing of
many choices in the trajectory of cells towards differentiation still remain unaccounted for, and
can be the subject of future investigation. Overall, this work helps define the scope, timing, and
organization principles that define the generation of cell-type diversity in an adult context, in
which tissue turnover and regeneration can produce all cells of the organism. We also present
an atlas of transcription factor signatures associated with stem cell differentiation into most cell
types of a complete adult animal. This resource can enable probing the mechanisms of cell-fate
specification in regeneration and the study of the function and evolution of broadly conserved

transcription factors in animal cell-type formation.

70



Materials and Methods

Dissociation and fluorescence-activated cell sorting (FACS)

Cell preparation for FACS was performed as described (Raz et al, 2021). Briefly: starved
animals were diced in polystyrene dishes with Calcium-Magnesium Free solution (400mg/L
NaH2P0O4, 800mg/L NaCl, 1200 mg/L KCI, 800 mg/L NaHCO3, 240 mg/L glucose, 15mM
HEPES, pH7.3) with 1%BSA and 0.1mg/mL collagenase (termed CMFB-C solution). Diced
fragments were transferred to a 50mL conical tube and vigorously agitated in 50mL of CMFB-C
using transfer pipettes for 10 minutes to generate cell suspensions. The cell suspension was
passed through a 40um filter and centrifuged at 300g for 5 minutes. Supernatant was decanted
and cells were resuspended in 3.5mL CMFB (no collagenase) before passing through a 35um
filter. 10mg/mL Hoechst solution (Invitrogen) was added to cell suspensions at a 1:50 dilution
and the suspension was incubated for 45 minutes in the dark at room temperature. Propidium
iodide was added to cells (5mg/mL) directly before sorting. Cells were sorted on a FACS Aria |l

(BD Biosciences) for live (propidium iodide negative), nucleated (Hoechst positive) cells.

Cell sorting, library preparation, and 10X Genomics scRNA-seq

Cells were sorted into X1 and X2 gates as described (Hayashi et all, 2006). After sorting, cells
were resuspended in CMF with 1% BSA in a concentration range between 700 cells/uL to 1200
cells/uL. Cells were processed using the 10X Genomics Chromium Controller and Chromium
Single Cell Library and Gel Bread Kit following the standard manufacturer protocol. Amplified
cDNA libraries were quantified using a bioanalyzer and size selected using AMPure beads.
Sequencing was performed on an lllumina HighSeq 2500 using the ‘Drop-Seq core computation
protocol’ as described in (Fincher et al, 2018). Reads were mapped to the v6 Dresden
transcriptome assembly (Rozanski et al, 2019) and a gene cell matrix was generated for

analysis using the Seurat 3.0.2 pipeline.
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scRNA-seq data analysis, clustering, and subclustering

The Seurat 3.0.2 package was used for pre-processing, quality control, clustering, and
subclustering analyses. Each individual library was processed separately. First, contig isoforms
for sequences were merged by summing the mapped reads to each isoform. Transcripts
representing ribosomal and mitochondrial reads were removed as described (Fincher et al,
2018), and cells with fewer than 500 UMIs or greater than 18,000 UMIs were also removed.
Seurat objects were generated for each individual library. Cells were then normalized using the
NormalizeData function (“LogNormalize” method; scale factor = 10,000) and variable genes
were identified using the FindVariableGenes function (“vst” selection method; 2,000 features).
Variations in global gene expression were regressed out by scaling and centering to the number
of unique molecular identifiers (UMIs) using the ScaleData function. The same variable genes
were used as input for principal component analysis using the RunPCA function. Cells were
clustered using the FindNeighbors and FindClusters functions, and subsequently plotted in two
dimensions using Uniform Manifold Approximation and Projection (UMAP; RunUMAP function).
The number of principal components (PCs) used as input for FindClusters and RunUMAP was
determined empirically by testing a range of different PCs as input until optimal clustering
occurred, as described (Fincher et al, 2018). Cells from individual libraries/objects and of the
same FACS gating were merged using the merge function, whenever the same 10X Genomics
Chromium Kit chemistry was used in library production. Upon generation, two clusters from
merged X1-gated object contained no exclusively enriched genes, but rather enriched genes
highly expressed in cells from regions of most other clusters, suggesting that these clusters
represented artifacts (Fincher et al, 2018). These clusters were removed from the data.
Additionally, two other clusters represented more differentiated populations of muscle and
epidermis (clustering away from cycling muscle and epidermal neoblasts)—likely representing

non-cycling cells—and were removed. Cells with expression of smedwi-1 > 0.5In (UMI-per-
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10,000+1) were retained for the final merged X1 dataset. X1 clusters were identified by the
presence of known markers or novel markers associated with known differentiated tissues. For
the merged early Go dataset, initial clustering yielded 20 clusters (PC=50, resolution=0.5).
Finally, cells with expression of smedwi-1 < 3.5In (UMI-per-10,000+1) and p4hb > 1.5In (UMI-
per-10,000+1) were retained. Early Gy cell cluster labels were identified by the presence of
known markers for differentiated tissues (Fincher et al, 2018). For both datasets (merged X1
and Gy progenitor cells), genes enriched in clusters and subclusters were identified using the

FindMarkers functions (log-scaled fold difference threshold of 0.5).

When library production across multiple runs involved different 10X Genomics Chromium Kit
chemistries (e.g., Chromium v3 vs. v3.1), the Seurat Integration pipeline was used rather than
the merge function alone. Briefly, objects were first merged (merge function) then split into lists
of two objects (SplitObject function). Cells were normalized, variable genes identified, and
features repeatedly variable across datasets were selected (SelectintegrationFeatures function).
Cross-data pairs of cells in a matched biological state (called anchors) were identified
(FindIntegrationAnchors function) and an integrated data assay was formed (IntegrateData
function). The default assay was then set to “integrated”, and standard scaling, PCA, UMAP,
and clustering were performed. The default assay was switched to “RNA” when visualizing gene
expression and switched back to “integrated” when subclustering. Subclustering analysis was
performed by subsetting data into new Seurat objects (subset function) and performing
processing similar to initial cluster formation (variable features, scaling data, PCA, finding

neighbors and clusters, UMAP).

RNAi
RNAIi was performed as described in Scimone et al. 2017. Briefly, dsSRNA was synthesized by in

vitro transcription (Promega) using PCR-generated templates with flanking T7 promoters,
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followed by ethanol precipitation, and annealing after suspension in water. dsSRNA was mixed
with planarian food (liver) and ~2 uL of this mixture was given per animal for feedings. All
animals received at least 8 feedings. For regeneration experiments, animals were amputated
intro three pieces (head, trunk, and tail) several days after the last RNAi feeding. Fragments

were fixed for labeling and further analysis.

Cell fluorescence in situ hybridization

This protocol was performed as described (Raz et al, 2021). Briefly, sorted cells were
resuspended at 4,000 cells/uL in CMF and plated on poly-lysine-D coverslips in 24 well plates.
Cells were allowed to settle for 30 minutes before fixation in 4% paraformaldehyde in CMF.
Cells were washed in 1% phosphate-buffered saline with 0.1% Triton-x (PBSTx) and a 1:1
PBSTx:PreHyb solution (King and Newmark, 2013). Cells were incubated in PreHyb for two
hours at 56°C and hybridized with RNA probes at 1:800 in Hyb for >16 hours at 56°C
(digoxigenin-, fluorescein isothiocynate-, and dintriophenol-labeled riborpobes were synthesized
as described in Pearson et al. 2009). Cells were then blocked 30 minutes prior to incubating
overnight with anti-DIG-POD (1:1500, Roche), anti-FITC-POD (1:2000, Roche), or anti-DNP-
HRP (1:150 Perkin-Elmer) in blocking solutions of PBSTx with 10% western block reagent
(Roche) for ant-DIG-POD, combined 5% western block reagent and 5% casein solution (Sigma)
for anti-FITC-POD, or combined 5% western block reagent and 5% heat-inactivated horse
serum anti-DNP-HRP. Fluorescent tyramide development and amplification was performed by
placing cells in borate buffer for 5 min (0.1M boric acid, 2M NacCl, pH8.5), followed by 10 min in
borate buffer with rhodamine (1:1000) or fluorescein (1:1500) tyramide, and 0.0003% hydrogen
peroxide. After development, peroxidase inactivation was performed in a 1% sodium azide
solution for >1 hour, followed by antibody labeling for the second probe. Samples were mounted

in Vectashield with DAPI (Vector Labs).
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Whole-mount fixation and in situ hybridization

Animals were incubated in 5% N-acetylcysteine for 5 minutes prior to fixation with 4%
formaldehyde in PBSTx for 20 minutes (with a brief PBSTx wash in between). Animals were
then then washed in PBSTx once, placed in PBSTx:Methanol for 10 minutes, and methanol
alone for 10 minutes before storage at -20C overnight. Animals were then bleached for 2 hours
in 5% formamide, 0.5x SSC, and 1.2% hydrogen peroxide solution on a light source. Animals
were then incubated in 5 pg/mL proteinase K, before post-fixation in 4% formaldehyde in

PBSTx. Hybridization and tyramide development was performed as described above.

Imaging acquisition
Fluorescent micrographs were acquired using the Leica Stellaris Sp8 laser scanning confocal

microscope. ImagedJ software (Fiji) was used for processing images from FISH data.

Transcription factor catalog construction

A FASTA database of planarian protein sequences was generated from six-frame translations of
all dd_Smed_v6 transcripts. Pfam Hidden Markov models (HMMs) were downloaded from
pfam.xfam.org for known DNA-binding domains (DBD) and collated to a single file. Using
HMMER v3, the translated transcriptome was searched (hmmsearch) using each DBD HHM
(hmmfetch) to identify transcripts encoding possible transcription factors (Supplementary Table
2; raw output). Of transcripts representing multiple isoforms of the same gene, only the longest
transcript containing a DBD was recorded. Planarian transcripts with at least one match to a
DBD HHM were compiled into an intermediate catalog and were BLAST searched (blastx;
evalue < 1e-5) against the human proteome. Genes that have been previously identified in
planarians were identified by constructing a blast database from Schmidtea mediterranea
proteins and transcripts previously deposited into GenBank, and BLAST searching against that

(blastx and blastn; evalue < 1e-5, percent identity > 90%). Probable transcription factors were
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identified by homology to human transcription factors and the subset of validated FSTFs were
identified by literature searching for planarian transcription factors previously deposited in
GenBank. Transcripts that blast to non-transcription factors were categorized as non-
transcription factor DNA-related proteins or miscellaneous proteins and were excluded.
Transcript products without similarity to a human protein were classified as having no blast hit

and were retained for future analysis.

Transcription factor correlation analysis

Gene-cell matrices of sequenced X1 and Go progenitor cells were exported from Seurat after
preprocessing and clustering as csv files of the gene-cell matrix, cell identities, and transcript
contig identifiers and imported to MATLAB. Putative transcription factors from the catalog were
isolated from both gene cell matrices, collapsing all isoforms for each gene. Pearson correlation
coefficients (corrcoef) were calculated between gene pairs across all X1 or Gy cells. The
technique was validated by making a correlation matrix of known FSTFs from the transcription
factor catalog and verifying high correlations between transcription factors with overlapping
expression. Putative transcription factors from the catalog with high correlations (r > 0.14)
between either each other or a known FSTF were inspected. Heatmaps were generated
comparing correlations between correlated putative transcription factors and between putative
transcription factors and known FSTFs. Genes in heatmaps were ordered by hierarchical
clustering across both axes. Correlation matrices were exported to Python as csv files for figure
generation using the Seaborn library. Final correlation matrices were reclustered by Euclidian
distance using the UPGMA algorithm, and gene pairs with the highest correlations were

included in the final figure.

Transcription factor modules
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Transcription factor module figures were generated by extracting UMAP positions of cells
expressing the entire module of transcription factors (> 0.5In (UMI-per-10,000 +1)). The cell
positions were binned to a 2D heatmap and contours were generated by convolving a gaussian
kernel over it (with a standard deviation of 2*the minimal dimension of the UMAP plot) and

thresholding (0.5-0.7 of the maximal value).

Ratkowsky index

Cell principal component embeddings were extracted for specific clusters in Seurat. The number
of principal components chosen for each tissue type was determined by the elbow method,
corresponding to the number of principal components where additional components no longer
explain more variance than what is expected by splitting unstructured data. The same number
of principal components were used for S/G2/M neoblast clusters and for Gy progenitor clusters
(Neural: 40, Muscle: 20, Cathepsin: 20). Ratkowsky indicies were calculated using the
NbCluster package in R for these principal component embeddings using kmeans clustering
and euclidean distance. NbClust function source code was altered to remove hard-coded seed
state and replaced with a random number generator and this was run 1,000 times per tissue
type to generate an average Ratkowsky index and a 95% confidence interval. The maximum

Ratkowsky value is indicated on Ratkowsky index plots.

Transcription factor enrichment figures

Transcription factor tissue-type expression plots for S/G./M neoblasts were made by averaging
expression of each transcription factor across tissue-associated clusters. An expression
specificity score for the most enriched cluster was measured by calculating the average
expression of each transcription factor across the tissue-associated cells with the highest
average expression of the transcription factor, divided by the average expression of the next

highest tissue class. These were subdivided by domain, and plotted on a log-scaled line plot
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and arranged radially by tissue-type. The homeodomain-containing transcription factor heatmap
was generated by averaging expression for homeodomain-containing genes across each tissue
type as before. A ratio of average expression for each tissue divided by max average
expression was generated for each transcription factor. The heatmap was plotted using the

seaborn package in python and hierarchically clustered.

Transcription factor atlas

The transcription factor atlas table for Go progenitor cells was generated by creating a Seurat
object of all Gy cells where the cluster identity of each cell was determined by the subclustering
of the clusters from the tissue-specific analysis. Enriched genes for each subcluster were then
found in Seurat and filtered for transcription factors with at least a one-fold log enrichment, an
adjusted p-value of 0.05, and expressed in at least 10% of cells within the subcluster they are

enriched in. Transcription factors were sorted by increasing adjusted p-value.

Neural Go characterization

Neural Go clusters were individually subclustered, with neighboring clusters 12 and 15
subclustered together. Enriched genes were identified for each subcluster in the same manner
as other tissue types. To relate Go subclusters to their corresponding subcluster in the Fincher
et al. 2018 atlas of differentiated cells, we created a merged Seurat object of all G neural cells,
with each cell maintaining their identity from subclustering. We generated a similar merged
Seurat object for non-ciliated, ciliated, and “All Neural” clusters 3, 4, 7, 8, 10, 36, 43, and 59
(clusters that were not annotated as ciliated or non-ciliated, and were not enriched in expression
of the neoblast genes smedwi-1 or smedwi-2) from the Fincher dataset.

From these merged Seurat datasets, we found genes commonly enriched in at least one
subcluster in both datasets and calculated the Euclidian distance between all G, and

differentiated/Fincher subclusters based on the average z-scored expression of just these
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mutually-enriched genes. For Go and differentiated pairs with low distances, we looked for the
expression of unique marker genes shared between these cells to indicate a possible shared
lineage. We annotated these predicted corresponding differentiated subclusters on UMAP plots
of each neural Gy subclustering. We also annotated neural Go UMAP plots with genes enriched

in each subcluster.

Gene annotation and nomenclature
Genes were labeled as previously described (Fincher et al., 2018). Briefly, previously published
planarian genes that had been submitted to the NCBI Nucleotide database

(https://www.ncbi.nlm.nih.gov/nucleotide/) appear in italics within text and figures. Sequences

not found in the planarian database, but that have a human best-blast (blastx) are labeled in
uppercase with their human gene name, followed by the contig ID of the dd_v6 transcriptome

assembly in parentheses.
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Figure 1. Single-cell RNA sequencing of S/G2/M neoblasts and G, progeny

(A) Schematic illustration of workflow used to isolate and sequence cells.

(B) UMAP plot visualizing 12 clusters of 23,873 total neoblasts from X1 FACS gate.

(C) UMAP pilots visualizing gene expression (red/high, blue/low) of enriched marker genes.
(D) Top: Schematic illustration displaying gene correlation analysis procedure. Pairwise
Pearson correlations between genes expressed for each cell are displayed in a heatmap
followed by hierarchical clustering. Bottom: Correlation analysis heatmap of subset of known
FSTFs across all S/G2/M cells.

(E) Top: lllustration defining TF ensemble as co-expression of multiple transcription factors.
Bottom: TF ensemble expression domain is overlaid onto UMAP plot.

(F) UMAP plot visualizing 26 clusters of 31,084 total Go cells from the X2 FACS gate.

(G) Dot plot visualizing the expression of known tissue markers genes across clusters.

(H) Categorization of genes within in silico TF catalog. Bar graphs display number of unique
genes from TF catalog encoding a DNA binding domain (DBD) motif of a given family. Genes
are further labeled as: “Known FSTF” (previously published as planarian FSTF); “Known TF”
(previously published as planarian TF, but without characterized FSTF attribution); “TF” (Not
published as planarian TF, but with blast hit to Human TF”); or “No Blast” (no planarian TF

characterization and no human blast hit).
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Figure 2
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Figure 2. Cell-type transcriptome diversity emerges readily in the S/G2/M neoblast stage
for muscle, but not for phagocytic/cathepsin+ cells.

(A) lllustration of different planarian muscle cell types.

(B) Labeled UMAP plot showing subclustered PLOD 1+ S/G,/M cells (encompassing muscle and
cathepsin+ cells)

(C) UMAP pilots visualizing expression of subtype-specific transcription factors on PLOD 1+
S/G2/M cells.

(D) Correlation analysis between transcription factors showing TF modules for different muscle
subtypes. Modules were determined by computing pairwise correlations between all
transcription factors (from the TF catalog) of PLOD1+ S/G2/M cells.

(E) Visualization of TF module expression domain on UMAP plot for PLOD1+ S/G2/M cells.

(F) Labeled UMAP plot showing subclustered Go muscle cells.

(G) Dot plot showing gene expression of muscle subtype markers across Go muscle clusters.
(H) Clusters of identified cathepsin+ cell populations from Fincher et al 2018 scRNA-seq data.
(I) Labeled UMAP plot showing subclustered Go cathepsin+ cells.

(J) UMAP plots showing expression of subtype-specific phagocytic markers in Go cathepsin+

clusters.
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Figure 3
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Figure 3. Parenchymal cell-type diversity emerges in neoblasts.

(A) Clusters of identified parenchymal cell populations from Fincher et al 2018 scRNA-seq data,
with enriched TF-encoding genes labeled.

(B and C) Subclustering of foxA+ and NKX2-4+ S/G2/M parenchymal cells with UMAP plots
visualizing foxA and NKX2-4 expression.

(D and E) UMAP plots visualizing transcription factor and marker gene expression across foxA+
and NKX2-4 4C parenchymal cells.

(F) Correlation analysis between transcription factors showing TF modules for different
parenchymal subtypes. Modules were determined by computing pairwise correlations between
all transcription factors (from TF catalog) of all S/G2/M parenchymal cells (NKX2-4+ and foxA+).
(G) Visualization of TF module expression domain on UMAP plots for all S/G2/M parenchymal
cells.

(H) Labeled UMAP plot showing subclustered Go parenchymal cells.

(I) Dot plot showing gene expression of parenchymal subtype markers across Go parenchymal
clusters.

(J) FISH images showing loss of parenchymal cell types following RNAI of different subtype-
specific TF-encoding genes. RNAI condition in top left of each box. Marker gene in top right of

each box. Head (black box) or trunk (green box) regions shown.
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Figure 4
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Figure 4. More cell states are present in neural post-mitotic progenitors than in S/G./M
neoblasts.

(A) UMAP plot showing subclustered neural S/G2/M cells (from “Neural” of Figure 1F) and
expression of neural transcription factors on neural S/G,/M cells.

(B) UMAP plot showing subclustered six1/2-1+ S/G2/M cells and expression of genes encoding
neural (six1/2-1) and eye (ovo, eya) transcription factors and germline markers (ophis, laminA,
nhr-1, MECOM) on six1/2-1 S/G2/M cells.

(C) Clusters of identified neurons (ciliated and non-ciliated) from Fincher et al 2018 scRNA-seq
data (Fincher et al. 2018).

(D) Labeled UMAP plot showing subclustered Go neurons. Numbers in upper left refer to cluster
number from Figure 1F that was used for subclustering. Enriched transcription factors labeled
for several subcluster regions. ncil: non-ciliated; cil: ciliated; ncil-#s and cil-#'s refer to non-
ciliated and ciliated subclusters from Fincher et al 2018 scRNA-seq data. Numbers not
preceded with a label refer to subclusters from “All Neural” clusters of Fincher et al 2018
scRNA-seq data.

(E) FISH images showing loss of neural cell types following RNAI of different subtype-specific
TF-encoding genes. RNAI condition in top left of each box. Marker gene in top right of each box.
Animals were fed dsRNA at least 8 times over 4 weeks before head and tail amputation.
Regenerating trunks were allowed to regenerate at least 10 days before fixation. Head (black
box), trunk (green box), or tail (red box) regions shown.

(F) Changes in expression correlation values among neural transcription factor pairs between
S/G2/M cells and Gy cells. Each line connects the same transcription factor correlation pair
between cell states.

(G) UMAP plots showing expression of transcription factors POU4F3 and scratch in S/G2/M
neural cells and Go neural cells. CALM2 expression in Go neural cells. FISH image shows co-

expression of smedwi-1 and POU4F3.
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(H) UMAP plots showing expression of transcription factors Tbx2/3b and /hx1/5-1 in S/G2/M
neural cells and Go neural cells. GLIPR1 expression in Go neural cells. FISH image shows co-

expression of smedwi-1 and Tbx2/3b.
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Figure 5
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Figure 5. Cell transcriptomes identify two distinct S/G./M intestinal neoblast states and
germline support cell progenitors.

(A) Labeled UMAP plot showing subclustered six1/2-1+ germline-associated Gy cells.

(B) UMAP plots visualizing expression of germline-associated markers in six1/2-1+ Gy cells.
(C) llustration of different planarian intestinal cell types.

(D) Labeled UMAP plot showing subclustering of all S/G2/M intestinal cells.

(E) UMAP plots visualizing expression of intestinal markers and transcription factors on
intestinal S/G2/M cells.

(F) Correlation analysis between transcription factors showing TF modules for different intestinal
subtypes. Modules were determined by computing pairwise correlations between all
transcription factors (from TF catalog) of intestinal S/G2/M cells.

(G) Visualization of TF module expression domain on UMAP plot for all intestinal S/G2/M cells.
(H) Labeled UMAP plot showing subclustering of all Go intestinal cells.

() UMAP plots visualizing expression of intestinal subtype markers and intestinal transcription

factors on intestinal Gq cells.
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Figure 6
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Figure 6. Diversification of epidermal cells arises from distinct neoblast subtypes,
whereas protonephridia diversity arises from a common neoblast pool.

(A) lllustration of different planarian epidermis cell types.

(B) Labeled UMAP plot showing subclustering of all S/G2/M epidermal cells.

(C) UMAP pilots visualizing expression of epidermal subtype markers and transcription factors
on epidermal S/G2/M cells (kal-1 ventral epidermis, PRDM1-1 dorsal epidermis).

(D) Correlation analysis between transcription factors showing TF modules for different
epidermal subtypes. Modules were determined by computing pairwise correlations between all
transcription factors (from TF catalog) of intestinal S/G2/M cells.

(E) Visualization of TF module expression domain on UMAP plot for all epidermal S/G2/M cells.
(F) Labeled UMAP plot showing subclustering of all Go epidermal cells.

(G) UMAP plots visualizing expression of epidermal progression (prog-2) and subtype markers
(kal-1, PRDM1-1) on epidermal G cells.

(H) Nlustration of different planarian protonephridia cell types.

() UMAP plot showing subclustering of all SG2/M protonephridia cells.

(J) UMAP plots visualizing expression of protonephridia FSTFs on protonephridia S/ G2/M cells.
(K) Left: Visualization of TF module expression domain on UMAP plot for all protonephridia
S/G2/M cells. Right: Correlation analysis between transcription factors showing TF modules for
across S/ G2/M protonephridia cells. Modules were determined by computing pairwise
correlations between all transcription factors (from TF catalog) of protonephridia S/G2/M cells.
(L) Labeled UMAP plot showing subclustering of all Gy protonephridia cells.

(M) UMAP plots visualizing expression of protonephridia FSTFs and subtype specific markers

on protonephridia Gy cells (kal-1 ventral epidermis, PRDM1-1 dorsal epidermis).
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Figure 7
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Figure 7. A transcription factor atlas of stem cell fate specification identifies organization
principles used to generate cell-type diversity in planarians.

(A) An atlas of neoblast and Gy post-mitotic progenitor cell types, and the transcription factor
signatures that are associated with them, was used to connect Go cell-type identity to neoblast
identity. Cluster numbers correspond to UMAP subcluster identities. Connections between
neoblast and Gy clusters correspond to matching fate identities. Transcription factor signatures
for fate paths are denoted below the Gy clusters. Underline denotes TF is expressed in
corresponding neoblast cluster and Gy cells.

(B) Cell-type diversity emerges at different stages across planarian tissues. For some tissues
(muscle, parenchyma, intestine, epidermis), fate diversification occurs at the earliest possible
step, in the neoblasts. For other tissues, such as protonephridia and phagocytes, fate
diversification at the level of distinct transcriptomes has not emerged by the neoblast or fully by
the Go stage and likely occurs later. For tissues such as the nervous system, substantial fate
diversification at the level of distinct transcriptomes has not occurred by the neoblast stage, but

emerges by the post-mitotic Gy stage.
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Supplemental Figure 1, related to Figure 1. Analysis of sequenced S/G2/M cells,
sequenced Gy cells, and in silico TF catalog construction.

(A) Fraction of neoblast classes organized by fragment from which cells originated (anterior-
facing fragment or posterior-facing fragment).

(B) Percentage of epidermal fated and non-epidermal-fated neoblasts (S/G2/M cells) expressing
individual or multiple genes. Epidermal fated defined as cells in “Epidermis” cluster of S/G>/M
cells.

(C and D) UMAP plot visualizing S/G2/M cells expressing a single epidermal FSTF or
coexpressing multiple epidermal FSTFs.

(E) Correlation values for tissue-specific FSTFs and tissue-specific differentiated markers in
neural, intestinal, and protonephridia Go cells (pax6A and ChAT coexpression for neurons;
gata4/5/6-1 and dd_888 coexpression for intestine; POU2/3 and dd_2920 coexpression for
protonephridia).

(F) Construction of in silico TF catalog: All planarian transcripts from the transcriptome were
translated in silico and searched via HHMER for Pfam DNA-binding domains (DBDs) to
categorize transcripts into a TF catalog. Genes were further labeled as: “Known FSTF”
(previously published as planarian FSTF); “Known TF” (previously published as planarian TF,
but without characterized FSTF attribution); “TF” (Not published as planarian TF, but with blast
hit to Human TF”); or “No Blast” (no planarian TF characterization and no human blast hit).

(G) Expression specificity score for each TF among different neoblast classes.

(H) Heatmap showing expression specificity score for select homeodomain TFs among different

neoblast classes.
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Supplemental Figure 2, related to Figure 2. Expression of muscle and phagocytic
transcription factors and genes in PLOD17+ S/G./M cells, G, muscle cells, and Gy
cathepsin+ cells.

(A) UMAP plots visualizing expression of muscle-associated transcription factors (e.g., hesl-3,
musculin, foxD), positional control genes (e.g., nlg-7), and phagocytic-associated transcription
factors (e.g., hunchback, hnf4) in PLOD 1+ S/G2/M cells.

(B) “Cathepsin” cells from PLOD 1+ S/G2/M cells were subjected to an additional round of
subclustering. Unlabeled UMAP plot of subclustered cathepsin-fated S/G2/M cells.

(C) UMAP plots depict expression of phagocytic-associated transcription factors in subclustered
cathepsin-fated S/G,/M cells.

(D) UMAP pilots visualizing expression of subtype-specific phagocytic cell markers in
PLOD1+/cathepsin+ S/G2/M cells. Little neoblast diversity is apparent in cathepsin-fated S/G>/M
cells.

(E) UMAP plots visualizing expression of muscle-associated transcription factors, positional
control genes, and phagocytic-associated transcription factors in Go muscle cells.

(F) UMAP plots visualizing expression of phagocytic-associated transcription factors in

cathepsin-fated Gy cells.
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Supplemental Figure 3, related to Figure 3. Analysis of parenchymal S/G,/M cells, G,
cells, and functional characterization of parenchymal enriched TFs in cell fate
specification.

(A and B) UMAP plot visualizing expression of TFs or other markers (e.g., dd_2) enriched in
different subtypes of parenchymal Gy cells.

(C) Subclusters 2, 3, and 5 of parenchymal Go cells were subjected to an additional round of
subclustering together.

(D) UMAP plots depict expression of parenchymal-associated transcription factors in
subclustered parenchymal Go cells from clusters 2, 3, and 5 specifically (combined).

(E) S/G2/M parenchymal cell UMAP plot showing expression of transcription factors known to
define one subtype of differentiated parenchymal cells (Fincher et al 2018 scRNA-seq data
clusters 6 and 10).

(F) Top: expression of dd_10911 (TF-encoding gene) in all parenchymal S/G2/M cells (foxA+
population and NKX2-4 population) and all parenchymal Go cells. Expression of glipr1 (dd_924)
in parenchymal Go cells. Bottom: RNAi showing loss of glipr1+ cells following dd_10911 RNA..
(G) Top: expression of Post-2b in all parenchymal S/G./M cells (foxA+ population and NKX2-4
population) and all parenchymal Gy cells. Expression of (dd_829) in parenchymal Gy cells.
Bottom: RNAIi showing loss of dd_829 cells following Post-2b RNA..

(H) Top: expression of ascl-2 in all parenchymal S/G2/M cells (foxA+ population and NKX2-4
population) and all parenchymal Gy cells. Expression of glipr1 in parenchymal Go cells. Bottom:
RNAIi showing loss of glipr1+ cells following ascl-2 RNA..

(I) Top panels: expression of genes encoding parenchymal-associated TFs (RREB2) and
differentiated parenchymal subtype markers (mag-1, glipr-1) in all parenchymal S/G>/M cells
(foxA+ population and NKX2-4 population), all parenchymal Gy cells, and all parenchymal cells
from Fincher et al 2018 data. Bottom panels: RNAi showing loss of glipr1+ cells and mag-1+

cells following RREB2 RNA..
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(J) Top: expression of ASCL4 in all parenchymal S/G2/M cells (foxA+ population and NKX2-4
population) and all parenchymal Gy cells. Expression of dd_801 in parenchymal Gy cells.
Bottom: RNAi showing loss of dd_801 cells following ASCL4 RNA..

(K) Top: expression of IRX1 (dd_14656) in all parenchymal S/G>/M cells (foxA+ population and
NKX2-4 population) and all parenchymal Go cells. Expression of ZAN6 (dd_238_1) in
parenchymal Go cells. Bottom: RNAi showing loss of ZAN6+ cells following /IRX7 RNA..

(L) Top: expression of GCM2 (dd_7752) in all parenchymal S/G>/M cells (foxA+ population and
NKX2-4 population) and all parenchymal G cells. Expression of KCP (dd_91) in parenchymal
Go cells. Bottom: RNAi showing loss of KCP+ cells following GCM2 RNA..

(F-L) FISH images are the same as in Figure 3J, but zoomed out.
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Supplemental Figure 4, related to Figures 4. Neural FSTF expression in neural
progenitors (S/G2/M and Go) and the role of novel neural FSTFs in fate specification of
distinct neural subtypes.

(A) Correlation analysis between transcription factors showing TF modules for all neuron
subtypes (“Neural” and “six1/2-1+” cells combined). Modules were determined by computing
pairwise correlations between all transcription factors (from TF catalog) of all S/G2/M neural
cells (“Neural” and “six1/2-1+” cells).

(B) Visualization of TF module expression domain on UMAP plot for all S/G2/M cells from
“Neural” and “six1/2-1+” clusters.

(C) Expression of neural FSTFs in neural S/G2/M cells, Gy cells, and respective Go subclusters.
Measurements in lower left of boxes refer to percentages of cells expressing a given FSTF
among noted neural progenitors.

(D, E, and F) Expression of individual neural TFs and coexpression of multiple neural TFs in
neural S/G2/M cells and neural Go cells. FSTFs defining unique subtypes of neurons are
expressed but lowly-to-not correlated in S/G./M cells, and become substantially correlated in the
Go state.

(G) Top: expression of INSM2 in neural S/G2/M cells and a subset of neural Gy cells expressing
spp-4. Bottom: RNAIi showing loss of spp-4+ neurons following INSM2 RNA..

(H) Top: expression of UNCX in neural S/G2/M cells and in serotonergic Gy cells (defined by sert
and pitx coexpression). Bottom: RNAIi showing loss of serotonergic neurons (sert+) following
UNCX RNAI.

(I) Top: expression of dd_20282 (TF-encoding gene) in neural S/G2/M cells and in a subset of
non-ciliated peripheral neural Gy cells defined by dd_1248 expression. Bottom: RNAi showing
loss of dd_1248+ non-ciliated peripheral neurons following dd_20282 RNA..

(J) Top: expression of dd_22331 (TF-encoding gene) in neural S/G2/M cells and subset of

ciliated peripheral neural Go cells defined by dd_29413 expression. Bottom: Expression of
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dd_22331 in a subset of ciliated neurons from Fincher et al 2018 data. RNAi showing loss of
dd_29413+ ciliated peripheral neurons following dd_22331 RNA..

(K) Top Left: expression of dd_10911 (TF-encoding gene) in neural S/G2/M cells. Bottom
Left/Middle: expression of dd_10911 and dd_6953 (differentiated neural subtype marker) in non-
ciliated cells of Fincher et al 2018 scRNA-seq data. Right: RNAi showing loss of dd_6953+ cells
following dd_10911 RNA..

(L) Top: expression of GF/1B in neural S/G2/M cells and a subset of ciliated peripheral neural Go
cells defined by dd_29413 expression. Bottom: RNAi showing loss of dd_29413+ ciliated
peripheral neurons following GF/1B RNA..

(M) Top: expression of IRX2 in neural S/G2/M cells and in subset of dopaminergic Go cells
(defined by tyrosine hydroxylase (th) expression). Bottom: RNAi showing loss of dopaminergic
neurons (th+) following /RX2 RNAI.

(N) Top: expression of aslc-2 in neural S/G2/M cells and in a subset of non-ciliated peripheral Go
neurons defined by dd_3069 expression. Bottom: Expression of asc/-2 in a subset of non-
niliated neurons from Fincher et al 2018 data. RNAi showing loss of dd_3069+ non-ciliated
peripheral neurons following ascl/-2 RNA..

(O) Top: expression of IRX6 in neural S/G2/M cells and in npp-18+ Go neurons. Bottom:
Expression of IRX6 in non-ciliated neurons from Fincher et al 2018 data. RNAi showing loss of
npp-18+ neurons following IRX6 RNA..

(P) Top: expression of dd_48508 (TF-encoding gene) in a subset of non-ciliated neurons
defined by dd_1936 expression. Bottom: RNAi showing loss of dd_1936+ non-ciliated neurons
following dd_48508 RNA..

(Q) Top Left: expression of Thx2/3c in neural S/G2/M cells. Bottom Left/Middle: expression of
Tbx2/3c and dd_29413 in a subcluster of ciliated neurons from Fincher et al 2018 scRNA-seq

data. Right: RNAi showing loss of dd_29413+ ciliated neurons following Thx2/3c RNA..

118



(R) Top: expression of SOX2 in neural S/G2/M cells and a subset of dd_29413+ neural Gy cells.
Bottom: Expression of SOX2 in a subset of ciliated neurons from Fincher et al 2018 data. RNAI
showing loss of dd_29413+ ciliated neurons following SOX2 RNA..

(S) Top: expression of PHOX2A in neural S/G2/M cells and a subset of dd_8060+ neural Go
cells. Bottom: RNAIi showing loss of dd_8060+ neurons following PHOX2A RNA..

(T) Top: expression of POU4F3 in neural S/G2/M cells and a subset of CALM2+ neural Gy cells.
Bottom: RNAIi showing loss of CALM2+ neurons following POU4F3 RNAI.

(U) Top: expression of Thx2/3b in neural S/G2/M cells and a subset of GLIPR1+ neural Gy cells.
Bottom: RNAIi showing loss of GLIPR1+ neurons following Tbx2/3b RNA..

(G-U) FISH images are the same as in Figure 4E, but zoomed out.

(V) Ratkowsky index (the number of groups that best explain differences between cells) for
different tissue types during the neoblast (S/G./M) and post-mitotic (Go) stages. The number of
groups that best explain differences between cells is roughly matched in neoblast and post-
mitotic states for muscle and cathepsin+ tissues, but greatly expanded for neurons. Numbers

above each curve note the number of groups with the highest Ratkowsky index.
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Supplemental Figure 5, related to Figures 5 and 6. Gene expression patterns and
correlations in Gy cells and subsets of S/G2/M cells.

(A) UMAP plot depicting expression of neural marker genes across all G cells

(B) UMAP plot depicting expression of zfp-1, soxP-3, and p53 (canonical epidermal FSTFs) in
intestinal neoblasts (S/G2/M cells).

(C) UMAP plot depicting expression of hunchback and osr in Gy intestinal cells

(D) Correlation values amongst S/G2/M cells for TFs associated with outer intestinal/basal cell
fates (RREB2, hunchback) versus enterocyte states (zfp-1). TFs associated with cells of these

two states are negatively correlated.
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Abstract

Single-cell RNA sequencing (scRNA-seq) is a powerful approach for
identifying and characterizing the transcriptomes of cell types. Current methods
in scRNA-seq data analysis primarily use unsupervised data clustering methods
paired with statistical measurements and techniques to identify cell types, find
enriched gene expression in those cell types, and to infer relationships between
cell types, such as identifying transition states or lineage relationships with
methods such as pseudotime-based gene expression trajectory analysis. We
previously studied known and novel planarian progenitor cell types using these
methods. Here, we develop flexible machine-learning based methods to analyze
patterns in gene expression within different populations of post-mitotic
progenitors, uncovering gene signatures that best define these cell types. We use
neural network encodings of gene expression to represent the cells themselves,

and use these to relate and categorize cells.
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Background

Planarians are flatworms with the capacity to regenerate missing tissues, or even whole
organisms, after a diverse range of injuries. This ability comes from the large population
of adult pluripotent stem cells, called neoblasts. These neoblasts are responsible for
homeostatically replacing cells throughout the lifetime of the animal (Pellettieri &
Sanchez Alvarado, 2007) and also regenerating missing tissues during regeneration
(Dubois, 1948). Neoblasts begin the cell cycle unspecified, but become specified and
express fate-specific transcription factors (FSTFs) as they progress towards division
(Raz, 2000). These neoblasts can then divide to generate post-mitotic progenitors that
will migrate towards their target location in the animal before differentiating (Atabay et
al., 2018; Eisenhoffer et al., 2008; Oderberg et al., 2017; Tu et al., 2015; Wurtzel et al.,
2017). Previous work has identified many classes of specialized neoblasts and post-
mitotic progenitor types (Chapter 2).

We previously obtained scRNA-seq data from planarian S/G2/M neoblasts and
from the Go post-mitotic progenitors they give rise to (Chapter 2). These cells were
collected from both anterior- and posterior-facing wound sites at 72 hours post-
amputation, a time of substantial cell fate specification and differentiation in planarian
regeneration (Wenemoser & Reddien, 2010). The greatest diversity of cell types was
found in the post-mitotic progenitors, which were more representative of the diversity
observed in the differentiated cell types of the animal, which these progenitors will
eventually become (Chapter 2). Through Louvian-based clustering of all Go progenitors
based on expression of their top variable genes, we identified 26 major clusters. Further

subclustering of these 26 primary Go progenitors clusters uncovered additional cell
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types, many of which clearly corresponded to previously identified mature planarian cell
types by comparing signatures of enriched gene expression between these states.
Using known markers of differentiated tissues, we found that most planarian tissue
classes were represented by multiple progenitor clusters, some of which were adjacent
and continuous with each other in UMAP space, suggesting that some of these cell
types might not be fully distinct from each other and could instead exist along a
continuous gene-expression spectrum. These findings led us to question the
appropriateness of forcing discrete clusters on single-cell RNA sequencing data. We
therefore considered whether methods that do not sort the cells into mutually exclusive
bins could yield additional insights into what transcriptional signatures define cell-types
and what constitutes differences among transcriptionally-similar cell-types.

Here, we report on simple and interpretable neural network architectures that
efficiently learn characteristics in gene expression among single cells utilizing this
dataset. We then examine the final structure of the networks to infer these learned
characteristics. This approach identifies groups of cells expressing shared
transcriptional signatures that span multiple Louvain-based clusters and were not found
during traditional clustering analyses, and highlights similarities and differences

between cells-types through their network encoding.

Principles and Parameters
We first trained a multi-class perceptron to use gene expression data to predict cell-type
identity based on information from previous clustering results. A perceptron is a simple

neural network with no hidden layers. Using the z-scored expression of the top 2,000
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most variable genes expressed among sequenced Go post-mitotic progenitors, the
perceptron predicted which of the 26 primary cluster classes a cell belonged to with
100% accuracy on the training dataset and 90% accuracy on a testing dataset (Figure
1A). The discrepancy between training and testing accuracy indicates overfitting,
whereby the network memorizes patterns unique to training data without general
applicability to non-trained data. To prevent overfitting, we can inject noise into our
network to prevent it from simply memorizing the training data. Injecting gaussian noise
with a standard deviation of 1.25, brought training and testing accuracy into parity at
92%, indicating less reliance on non-generalizable patterns specific to the training data
that would result in overfitting (Figure 1B).

Because a perceptron is a linear classifier, it is straightforward to examine the
learned weights to uncover the genes used by the network for cell classification (Figure
1C). The weights for the genes utilized in categorizing cells as belonging to the primary
epidermis progenitor cluster (cluster 0), had a mean of 2.5e-04 and standard deviation
of 0.091. The top three weights were for the genes soxP-3, EGR-1, and p53 (weights of
0.85, 0.76, and 0.58, respectively), which are three canonical epidermal fate-specific
transcription factors (FSTFs) (Cheng et al., 2018; van Wolfswinkel et al., 2014) (Figure
1C, bottom). The fact that the perceptron prominently utilized FSTFs genes uncovered
from previous detailed molecular studies of this fate trajectory indicates the utility of this
approach for identifying candidate regulatory factors for less studied fate trajectories.
The gene with the most negative weight for this classification was a gene encoding a
gamma-actin (dd37, weight:-0.37). This gene was therefore a negative predictor of

epidermis-fated progenitors and was de-enriched in both epidermal and intestinal Go

137



progenitors identified by clustering in our dataset. In single-cell sequencing datasets
generated in previous studies, mature epidermal cells remain de-enriched in dd37,
along with the intestine and pharynx (Fincher et al., 2018).

In addition to weights, we also examined the biases the network learned. Here, a
single bias is learned for each class, adjusting the probability of classification based on
the prior probability of the class and how well it is predicted by its features. In the case
of the epidermis, the bias is higher than the average (0.22 vs -0.6779), representing a
higher prior probability because the epidermal cluster contained the most cells. In
contrast the small epidermal dorsal-ventral boundary (DVB) cluster, a small population
of specialized epidermal cells surrounding the animal at the dorsal-ventral median
plane, had a large negative bias (-1.5), representing the unlikelihood any given cell is a
DVB cell (essentially, this is a probability adjustment based on the prior, given this is a
rare cell-type). The highest weighted gene for classification of a cell to the DVB
epidermal cluster was Post-2a (0.67), which was previously found to be an FSTF
associated with DVB epidermal cells (Wurtzel et al., 2017).

Although the perceptron achieved high accuracies, it assigned high weights to
many genes (239 genes had weights higher than 0.3), making analysis of the genes
truly important for classification difficult. By introducing L1 regularization to the loss
function, which penalizes the network in proportion to the sum of all weights, the
network is forced to optimize the genes it chooses to use in the classification to only the
most important ones, which also reduces overfitting. Training with regularization (A=
0.01) dropped testing accuracy modestly from 92% to 89%. After training with

regularization, EGR-1, soxP-3, and p53 remained the genes with highest weights for

138



classification into the main epidermal GO cluster (with weights 0.37, 0.37, and 0.31
respectively). However, now only 10 genes had a weight greater than 0.1 (compared to
187 previously) and the standard deviation of the weights dropped from 0.09 to 0.02
(Figure 1D). The novel zinc finger-encoding gene dd2946, which had the fourth highest
weight, was confirmed to be expressed in mature epidermal cells in single-cell
sequencing datasets from previous studies (Fincher et al., 2018). 27 genes had weights
greater than a standard deviation above the mean, compared to 218 previously. The
skewness, a measure of deviation from a normal distribution, of the distribution of
weights was ten times higher (15.4 vs 1.6) and the kurtosis, a measure of the proportion
of outliers in the data, was 24 times higher (294.5 vs 12.4) after introducing
regularization, indicating the weights were less normally-distributed and more outlier-
prone. This is consistent with fewer genes being assigned higher weights in the
network. Whereas total network accuracy only dropped modestly, accuracy on some
classes decreased significantly. Statistical recall of pharynx-specified progenitors
decreased from 85% to 21%, reflecting the majority of pharynx-specified cells now
being misclassified as foxA+ neurons (cluster 12; pharynx progenitors are also foxA+),
epidermal cells (cluster 0), and cluster 4 neurons. Because there are fewer pharynx
cells than other cell types in the dataset, the network can perform better if it invests
regularized weight in more common cell types. This is reflected in the negative bias of
the pharynx output class (-0.83) compared to epidermal, foxA+ neurons, and neural
cluster 4 (0.62, -0.26, and 1.78, respectively).

To counter imbalances in class membership, we incorporated class weights to

increase the importance of rare classes/cell-types in the loss function. This modestly
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decreased network accuracy from 92% to 87%, while improving classification class
parity. The recall rate of pharynx-specialized progenitors increased from 21% to 97%.
This was reflected in an increase in the bias (0.32 vs. -0.83), an increase in weight for
the pharynx marker gene foxA (0.38 vs 0.09), and an increase in the number of genes
with weights over a standard deviation above the mean (33 vs 22).

Together, these studies show that neural networks can learn to classify cells into
predetermined classes based on their unique expression of genes. The trained neural
networks can then be assessed by their learned weights to determine features
important for the classification and the training parameters can be used to better
facilitate learning based on analysis goals, such as only relying on the most important

features.

GO0 Neural Progenitors

Within the primary major Go progenitor clusters, 11 constitute Go neural progenitors.
There exist up to 77 neuron Go progenitor subtypes that we previously found through
subclustering. Many of these subtypes were enriched in the expression of unique
transcription factors and differentiated marker genes related to their specified function
(Chapter 2). By looking at genes with enriched expression in these progenitor clusters
and finding which differentiated cells also express them, we identified the likely fate of
roughly half of these neural progenitor types. To characterize the cell types by their
gene expression, we trained a perceptron on the 1,000 most variable genes expressed
across all neural progenitors (Figure 2A). This network achieved a classification

accuracy of 70%, and placed a high weight on many genes (131 genes had weights
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greater than 0.17, one standard deviation above the mean of weights; Figure 2B). Many
of the highly weighted genes were known neural FSTFs that we had previously
identified, or that were previously known in the literature. Individual subclusters were
associated with high, positive weights for genes with expression specific to those
subclusters (Figure 2C). Neural cluster 23, which likely gives rise to differentiated
ciliated neuron cluster 21 from Fincher et. al, had enriched expression of the TFs
POU4F3 (dd30562) and scratch, and both of these genes had high weights in our
network. Other genes with high weights had specific expression for different subclusters
derived from neural major cluster 23, including the protocadherin-encoding dd15033
gene. These genes represent the gene expression signature that best defined these
individual subtypes in comparison to cells making up all other neural GO progenitors.
Through regularization, these also represented the minimal signature for accurately
calling these cell types.

The output layer activations of softmax-transformed log probabilities (logits)
represent the probability that a given cell belongs to each particular cell class (cluster).
We can measure the confidence of cell classification by measuring the probability the
network assigned to the predicted class for that cell. The confidence was significantly
lower for misclassified cells compared to correctly classified cells (median 0.12 vs. 0.36;
p<0.0001, Mann-Whitney U test; Figure 2D). When only considering cells for which the
network had high confidence in class membership prediction, the prediction accuracy
converged to 100%), making classification ‘confidence’ a good measure for the
probability of correct classification (Figure 2E). By mapping classification confidence

onto UMAP space, we observed that cells with highly confident classifications lie in the
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heart of clusters, away from cluster boundaries denoted by dotted lines (Figure 2F).
This could indicate that cells near cluster boundaries are difficult to distinguish from
neighboring cells of other clusters. Furthermore, the low classification confidence and
lower classification accuracy observed for cells in the border regions between clusters
could indicate that some of these neural progenitor types are less discrete and more
continuous with each other in gene expression space. Cluster 4 cells are mostly low
confidence, which is supported by our previous work using enriched marker genes that
failed to identify any specific cluster 4 neural fate and relatively few distinguishing
genes.

Because transcription factors are often the most useful markers for defining
planarian progenitor types and because many of the high weights among variable
genes were transcription factors, we asked if classification of neural Go progenitors
would be possible using the information regarding transcription factor expression in a
cell alone. We trained a network to classify cells using only the expression of 714
previously identified putative planarian transcription factors, from a complete catalog of
predicted TF genes in the planarian genome (see chapter 2). Our network obtained a
training accuracy of 59% and a testing accuracy of 52% using TF expression data alone
(Figure 3A). 87 transcription factors had weights one standard deviation above the
mean, indicating relatively few transcription factors were used by the network to classify
Go neural cells (Figure 3B). Individual subclusters were classified using far fewer
transcription factors, as indicated by the corresponding weights applied to all TFs for
cells classified to each cluster. Neural cluster 11 for example, had high weights for

FSTFs broadly expressed in the cluster, such as pou4/-1 which is expressed in all
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neural 11 subclusters except 3 and 2, and therefore had high weights for several neural
11 subclusters (Figure 3C). sim, dd18207, and dd26877 only had high weights for a
single subcluster each, and correspondingly had expression enriched in only those
same subclusters. Interestingly, soxP-4 had a negative weight for subcluster 6 and 1,
and plotting expression of this gene showed it was de-enriched in those subclusters
alone. Because we are using a regularizer that punishes the sum of absolute values of
weights for the network, genes that are broadly expressed in but a few cell types are
more likely to have a negative weight for those few de-enriched cell types compared to
many high weights in all the others. pou4/-1, which has many high weights in cluster 11,
has low weights in other neural clusters so it therefore has a few high weights instead of
many negative. Classification confidence exhibited a similar distribution to the network
trained on all variable genes (Figure 3D), also showed increasing accuracy with an
increase in confidence stringency (Figure 3E), and similarly had higher confidence in
classifications for cells further from other clusters in UMAP space (Figure 3F).

We found that cells misclassified by the network tended to have larger pairwise
distances in UMAP space from other cells in their true identity cluster, indicating they
may be misclassified because they are more different in gene expression to other cells
in the cluster (Figure 3G). The position of misclassified cells in UMAP space was
significantly closer to random cells within their wrongly-called cluster identity, compared
to random cells from any cluster, suggesting that they are being misclassified to cell
clusters more similar in gene expression than would be expected by random chance.
Misclassified cells that were closer in UMAP space to other cells of the same true

identity than random also had more confident classifications compared to cells further
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away from cells of their same cluster (Figure 3H). This indicates that, for misclassified
cells with high confidence classifications, the network is misclassifying them to
neighboring clusters. In some instances, this could reflect overclustering, with biological
identities not cleanly separated by called cluster boundaries. This approach can help
reveal such candidate cluster boundaries of low confidence, cells that confidently
represent a given cluster, and even multiple subregions within a cluster with high
confident cells (Figure 3F), where cells might have been underclustered.

These studies show that simple neural networks can learn to classify and
distinguish a diverse and large population (77 subtypes) of similar cells (neural-fated
post-mitotic progenitors). The networks can also classify these cells using a functional
subset of genes, in this case transcription factor-encoding genes, and can report trained
weights to uncover genes important for these classifications. By looking at classification
probabilities, we infer the confidence the network had in the classification and see that
higher confidences are more likely to be classified correctly. Lower confidence
classifications are more likely to occur near cluster boundaries and misclassifications
are more likely to be made to neighboring clusters, which are transcriptionally more
similar. One scenario in which this could occur is if some neural progenitor types exist
along a continuous gene-expression space as a consequence of transcriptionally

maturing from common pools of neural neoblasts (see chapter 2).

Alternative representations of cells identify unique characterizing features

Classifying cells on the basis of their previously assigned, discrete cluster identity as

performed above has some limitations. First, it requires previous identification of called
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"true" cell type identity, which can be attempted through cell clustering (as done above)
or through manual curation based on gene expression thresholds of known cell type
markers identified through prior studies. But because we found the neural network had
low confidence near the interface between continuous clusters and misclassifications
were usually made between neighboring clusters, it is possible that some cell types
(especially diversifying progenitors) do not fit easily into the discrete "true" identities
ascribed. We can potentially utilize alternative representations of cells to circumvent
these pitfalls.

Our previous work (chapter 2) identified modules of transcription factors with
correlated expression in different cell types. We hypothesize that the expression of a full
module of transcription factors is more specific for defining a cell type than the
expression of individual transcription factors, which are often non-specific. For instance,
even the canonical epidermal marker zfp-1 is also expressed in intestinal clusters. To
represent cells by their expression of transcription factor modules, we sought to use an
autoencoder, which is a neural network with at least one internal layer that is smaller in
width than the input and that is trained to simply reconstruct the input data. This network
architecture has been traditionally used for efficient data compression and removing
noise from data, and has been previously used in single-cell RNA sequencing analysis
for imputation (predicting the expression of dropout genes) (Talwar et al., 2018),
denoising (Eraslan et al., 2019), and dimensionality reduction for visualization (Lin et al.,
2020). Here, we predicted that the hidden layers (the latent space and other
intermediate hidden layers), would represent high-level features, such as modules of

transcription factors. In this case, latent space is a small set of nodes that carry different
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continuous activation values for individual cells based on their expression levels of
different genes. Because the latent space is smaller than the input dimensionality (the
total number of transcription factors), we hypothesized that efficient encoding of gene
expression in latent space would be representative of cell types and states. In other
words, the expression of all 714 transcription factors is represented by a few variables
in latent space, which form an encoding of the cell’'s gene expression signature and
indirectly the cell itself. The latent space encoding of a cell could be used similarly to
their cluster identity, but unlikely discrete clustering, cells can exist continuously
throughout latent space.

We trained a symmetric autoencoder with one non-linear 50-node hidden layer
between the latent-space layer and the input and output layers (Figure 4A). We were
able to train the autoencoder to generate a reconstruction of the expression of the 714
putative transcription factors expressed across GO neural progenitors. However,
examining the intermediate hidden layer weights showed high, uniform weights
distributed widely across all nodes (not shown). Similarly, looking at the hidden layer
activations, the pattern of activity of the hidden nodes (the numerical value each node
has) when given the gene expression for each cell, showed a uniform distribution of
activations across nodes without clear pattern. This outcome is difficult to interpret and
biologically irrelevant, even if accurate, and such combinatorial encoding runs the risk of
memorizing noisy features through unique coding in the latency space, risking
overfitting. To prevent this possibility we incorporated dropout, injected noise, and
added L1 regularization of weights and layer activations, to prevent overfitting and to

encourage a sparse representation of transcription factor modules. We also weighted
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the loss of reconstructed features by the original variance of the z-scored gene
expression level to encourage learning variable features.

Because larger latent spaces can better represent the full expression state of a
cell, as latent-space dimension size increased, reconstruction error (the mean squared
error of reconstructed versus actual gene expression levels) decreased (Figure 4B). We
found that error decreased sharply with the first 15-nodes in latent-space. Error
continued to decrease at a slower rate until reaching a latent-space dimension of 50-
nodes, where error plateaued because it was restricted by the other 50-node layers.
Interestingly, between a latent space size of 25 and 40, an alternative encoding solution
arose with a near linear relationship between the latent-space dimension size and error.
This likely represents some combinatorial encoding of transcription factors. We
proceeded with a small latent dimension space of 7-nodes for subsequent analysis,
forcing an efficient coding or transcription factors that might favor the representation of
transcription factor modules characteristic of cell types.

We performed hierarchical clustering of the 7-dimension latent-space activations
of all 9,913 neural post-mitotic progenitors to cluster cells with similar latent-space
representations (Figure 4C, top). We plotted the position of cells in these latent-space
clusters in UMAP space and found that many of these clustered cells were present in
similar, continuous regions of UMAP space. However, the hierarchical clusters of cells
with latent-space information sometimes differed from previous Louvain-based
clustering of cells based on using all variable genes, as is typically done in processing
scRNA-seq data for representation by UMAP (Figure 4C, bottom). When cells clustered

with similar 7-dimension latent space activations were mapped onto previously
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generated UMAP plots that involved Louvain clustering, some cells were present within
a cluster and other cells distributed to a nearby cluster or clusters (Figure 4C). By
looking at the output reconstruction for the latent activation of each cell, we can infer
which transcription factors were encoded by the autoencoder. Transcription factors with
high output reconstruction activations (the activation of the output layer, which is the
networks attempt to reconstruct/decode expression based on the latent space) were
expressed in cells of the corresponding latent activation clusters (Figure 4D, top).
Transcription factor markers for latent-space clusters that do not correlate with previous
Louvian clusters can also be found through their output activations, such as dd6778
which is expressed in latent activation cluster 26, but spans multiple Louvain clusters.
Average activations of cells belonging to the same subclusters from previous Louvain-
based clustering showed similar latent activations among subclusters belonging to the
same major clusters (number preceding underscore is major cluster, number after is
subcluster; Figure 4E). Distances in latent space and in intermediate hidden layer space
were also continuous in UMAP space. For example, distances from the mean activation
of cells belonging to major Louvain cluster 5, subcluster 6 in latent space and hidden
layer 1 space show that neighboring cells in UMAP space have more similar activations
than further cells in UMAP space (Figure 4F).

Because the latent-space encoding of cells can represent cell types, we
hypothesized that we could use the latent activations to classify cells to their previous
Louvain clusters. We trained a neural network with a 50-node hidden layer (similar to
the autoencoder), to classify latent-space representations to their Louvain clusters. This

attained a testing accuracy of 39%. A similar network architecture attained a testing
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accuracy of 52% when trained on the expression of all 714 transcription factors. The
small decrease in accuracy by training on the latent-space activations alone is
impressive given the latent space had only 7 dimensions, a 102x decrease in the input
dimensionality. This suggests that differences between cell types were preserved in
latent space.

These analyses show that autoencoders can learn an efficient representation of
cells in a lower dimensional space. These latent-space representations are both efficient
encodings of gene expression and also serve as a non-discrete cellular identifier, similar
to clustering. The autoencoder representation of a cell type can be used to uncover
populations of cells and the genes expressed among them that differs from Louvain
clustering. Louvain subclusters belonging to the same major cluster produce similar
latent-space activations, indicating similarity, and distance in latent-space correlates to
distance in UMAP space, but not in a way that directly follows the boundaries of cell
clusters from Louvain clustering. For instance, cells could share expression of modules
of genes associated with some particular cellular function (e.g., ciliogenesis or serotonin

synthesis) but otherwise differ for other genes or gene modules.

Discussion

Recent years have seen a large increase in the accessibility of technologies for
collecting massive amounts of data. Sequencing of mRNA transcripts from individual
cells can generate large datasets of tens of thousands of transcript reads per cell. Tools
for analysis of these large datasets include dimensionality reduction methods for

visualization, unsupervised clustering algorithms, gene expression enrichment analysis,
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and pseudotime trajectory inference. Although these tools are incredibly powerful, they
have some drawbacks. Clustering of cells forces cells into discrete memberships which
can generate arbitrary distinctions between transcriptionally similar cells. Common gene
enrichment analysis methods depend on these discrete clusters and often use statistical
tests to find the most specific single markers for any of these defined cell clusters.
However, cells can be defined by more complex, combinatorial gene expression
patterns that could be missed by simple enrichment analysis.

This paper utilizes small neural network architectures to learn gene expression
patterns in cells. These methods can be supervised, in which labels for cells are
previously generated through clustering or manual curation, or they can be
unsupervised, in which efficient encodings of gene expression profiles are learned using
autoencoders. By looking at network weights, outputs, and the types of mistakes made
by the network, defining characteristics of the cells can be inferred.

Machine learning techniques can uncover relationships in sScCRNA-seq data that
are difficult or limited with more traditional clustering-based methods. Neural networks
with hidden layers can learn more complex relationships between features, such as
combinatorial expression of genes that define cell types. These networks can also be
flexibly constructed around different problems. For instance, cells can be labelled by
multiple properties, (e.g., position in UMAP space, position physically in the animal,
cluster membership, biological state from the experiment, such as in this case deriving
from anterior or posterior regeneration datasets), and the network can learn what
distinguishes cell types by these arbitrary properties. Different data modalities can even

be merged, so that a cell type is predicted by various combinations of different features,
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such as gene expression, protein expression, cell morphology, or even metadata like
developmental stage. Genes can be subset to identify whether and how cells are
defined by different classes of genes (such as transcription factors, subsets of
transcription factors, or cell adhesion molecules). Networks could learn to uncover gene
regulatory networks by training a network to predict gene expression based on the
expression of transcription factors. Using autoencoders to represent gene expression
and cell types can allow for better comparisons between cells on the basis of latent-
space distance. Genes important for the identities of cells or modules of genes
associated with particular biological properties of cells can also be uncovered by looking
at autoencoder weights and activations. Many of the principles explored here on how
network architecture and training properties (such as regularization methods) affect
network encoding can also apply more broadly to generate interpretable neural

networks for other uses.
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Methods

Perceptron classification of Go progenitors

Single-cell RNA sequencing dataset was prepared previously using the 10X platform
and processed in Seurat (Chapter 2). Gene-cell matrices of normalized and z-scored
expression levels were exported from Seurat into Python. Testing dataset was
constructed with a 3:7 testing:training dataset split. Perceptron neural networks were
constructed in Python using the TensorFlow library as dense layers of sizes matching
the gene number inputs and cell label outputs. Gaussian noise and L1 regularizers were
used during training, through their built-in layers. Training was conducted with a 60-
sample batch size, and conducted with 50 epochs for training without a L1 regularizer
and 200 epochs with a L1 regularizer. Weights were visualized in Prism. Gene
expression was visualized on UMAP plots generated in Seurat as previously described

(Chapter 2).

Perceptron classification of Go neural-fated progenitors

Gene-cell matrices of normalized expression levels were exported from Seurat into
Python and z-scored. Testing dataset was constructed with a 2:8 testing:training dataset
split. Cluster/class weights were taken by the inverse abundance of each class label
and used for training. Training was conducted with a 60-sample batch size, and
conducted with 300 epochs for training. Training was stopped when loss on the testing
dataset stopped improving, and the network weights producing the highest testing

accuracy was used. Classification confidence was taken as the maximum, softmax-
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transformed logit in the classification prediction and differences in confidence between
correctly and incorrectly classified cells were measured by the Mann-Whitney U Test.
Weights were visualized in Prism and gene expression and confidence was visualized
on UMAP plots generated in Seurat. Simulations on distances between cells of different
clusters were performed in MATLAB. Briefly, random cells that were classified correctly
or incorrectly were measured to a random cell of the same ‘true’ or called identity in
UMAP space. This simulation was ran 100,000 times for each classification category.
The distances between two random cells, regardless of identity, was calculated in a

similar manner for comparison.

Autoencoder training on Go neural-fated progenitors

Autoencoders were created using a single network with an input and output layer of size
714, a hidden layer after the input and before the output layer of size 50, and a middle
latent-space layer of variable size (7-node in later experiments). A testing dataset was
generated by a 1:9 testing:training dataset split. Network loss was taken at the mean
squared error of the network reconstructed output compared to gene-expression input.
Genes were weighted in the loss function by their original variance. Layer activations
were made by generating functions with learned weights and biases in MATLAB that
could be applied to each cell’s gene expression vectors. Activations were hierarchically
clustered and visualized in Python with the Seaborn library. Cells in these clusters were
visualized in Seurat. Distances between cells in latent-space were calculated by
Euclidean distance. Activation distance heatmaps were generated based on the

normalized distances from cell latent activations and the average activations for cells of
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different clusters, the closest 50% of cells were plotted using the heatmap legend and
remained plotted in grey (shown is cluster 5_6). Latent space classifiers were made with
L1 regularizers on both layers and the L1 coefficient set to bring training and testing

accuracy close to parity (L = 0.004 for the control, 0.001 for the latent-space classifier).
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Figure 1. Neural network architecture and training parameters influence the
classification of post-mitotic progenitors to their major cell type identity.

A basic perceptron neural network (A) can accurately classify GO post-mitotic
progenitors into their major Louvain-derived clusters based on the expression of their
top 2,000 most variable genes. Injecting noise during training brings the training and
testing accuracy into parity, improving overfitting (B). Cartoon representation of how
weights on different genes can contribute to different classification outputs (C, top-left).
Output activations can be represented as a linear sum of weighted inputs with the
addition of a learned bias factor (C, top-right). Weights of each gene for the
classification of the epidermal GO post-mitotic progenitor cluster (C, center) with highest
weighted genes enriched or de-enriched in the epidermal cluster (circled; C, bottom). L1
regularization decreases the number of genes with high weights (D).
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Figure 2. Neural networks can accurately classify neural-specified post-mitotic
progenitors to their neural subtype identity by variable gene expression.

A perceptron neural network (A) with training noise can accurately classify GO neural
post-mitotic progenitors into their Louvain-derived subclusters based on the expression
of their top 1,000 most variable genes. Weights of each gene for the classification of all
77 neural subtypes (B), with high weighted genes highlighted. Louvain subclustering of
neural major cluster 23 (C, left). Gene weights for cluster 23 subclusters (C, right) from
neural network trained to classify 77 neural subtypes. Highest weighted genes are
enriched in specific neural 23 subclusters (C, bottom). The neural network confidence is
higher for cells that were correctly classified (D). If thresholding classifications by neural
network confidence, accuracy increases with increasing confidence threshold (E). In
UMAP space, cells have higher confidences further from Louvain cluster (F), and lower
confidence near the interface between clusters.
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Figure 3. Neural networks can accurately classify neural-specified post-mitotic
progenitors to their neural subtype identity by transcription factor expression.

A perceptron neural network (A) with training noise can accurately classify GO neural
post-mitotic progenitors into their Louvain-derived subclusters based on the expression
of the 714 predicted transcription factors in planarians. Weights of each transcription
factor for the classification of all 77 neural subtypes (B), with high weighted genes
highlighted. Louvain subclustering of neural major cluster 11 (C, left). Gene weights for
cluster 11 subclusters (C, right) from neural network trained to classify 77 neural
subtypes. Highest weighted genes are enriched in specific neural 11 subclusters (C,
bottom), and a negatively weighted gene is enriched broadly in neural 11 subclusters.
The neural network confidence is higher for cells that were correctly classified (D). If
thresholding classifications by neural network confidence, accuracy increases with
increasing confidence threshold (E). In UMAP space, cells have higher confidences
further from Louvain cluster (F), and lower confidence near the interface between
clusters. Cells that are correctly classified are closer to other cells of their labelled, true
identity than cells that are misclassified (G). Cells that are misclassified are closer to
cells of their incorrect, called identity than is expected by chance (G). For misclassified
cells, classification confidence is higher when the cell is closer to other cells of their
incorrect, called identity (H).
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Figure 4. Autoencoders can learn efficient representations of single-cell
transcriptomes

A diagram of an autoencoder architecture (A) used to encode the expression of 714
putative transcription factors for neural post-mitotic progenitors. Error of transcription
factor reconstruction decreases with increasing latent space size (B). Hierarchical
clustering of cell’s latent space activations (C, top), showing groups of cells with similar
activations lying in continuous UMAP space (C, bottom). Reconstructed outputs for
example cells with similar activation clusters (D, top) showing transcription factor
expression in same cells (D, bottom). Average latent space activation for cells in
traditional Louvain clustering (E) with major clusters denoted by first number and
subclusters denoted by number trailing underscore. Distances between cells activation
in latent space and hidden layer 1 to cells of neural cluster 5, subcluster 6 (circled)
showing distances correlate with UMAP distance (F). 7-node latent space activations of
cells can be used to classify post-mitotic neurons to their Louvain subcluster identity (G,
left) almost as well as a classification based on all 714 transcription factors (G, right).
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Discussion

The remarkable regenerative capabilities of planarians have captivated scientists
for centuries. Studies on regeneration date back to the 18™ century. Pivotal experiments
by Abraham Trembley in 1744 described whole-body regeneration in hydra (Trembley,
1744), which could generate two regenerated individuals from one cut animal. Lazzaro
Spallanzani described regeneration in several species in the late 1700s, including limb
and tail regeneration in salamanders (Tsonis & Fox, 2009). Nearly a century later,
Thomas Hunt Morgan became fascinated with regeneration and extensively
documented the regenerative abilities of planarians. Through methodical amputation
experiments, he found that planarians could be divided into tiny fragments that would
each regenerate into a new worm (Morgan, 1898; Morgan, 1901). Though, pieces from
the pharynx or anterior to the eyes, he noted, would not go on to regenerate (Morgan,
1898). We now know that those two regions lack the essential cells for regeneration
(Newmark & Sanchez Alvarado, 2000), neoblasts.

Recent advancements in genetics and molecular biology methods have led to a
resurgence in planarian research. Planarians have become a powerful model system for
not only regeneration, but also for the basic principles of body plan patterning, fate
specification and stem cell biology, tissue formation, and wound signaling that underly
the phenomenon of regeneration. In this work, | primarily expand on knowledge of
planarian neoblast biology.

Initial studies of planarian anatomy utilized traditional microscopy, histology, and
electron microscopy to characterize different tissues in the animal (Carpenter et al.,

1974; Hyman, 1951; MacRae, 1967). Later studies used in-situ hybridization and
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antibody staining to identify different cell types in the animal, but this was largely done
on the basis of genetic homology to known cell types in more studies organisms, or
though screening gene cDNA libraries (Sanchez Alvarado et al., 2002) or antibody
libraries made against planarian homogenate (Ross et al., 2015). In 2014, a single-cell
gene expression analysis of planarian neoblasts using quantitative PCR on known
neoblast genes and fate-specific transcription factors (FSTFs) revealed three major
classes of neoblasts (van Wolfswinkel et al., 2014). In 2018, a large single-cell RNA
sequencing dataset in planarians was generated and used to characterize most mature
cell types in the animal (Fincher et al., 2018). The discovery of over a hundred,
transcriptionally and spatially-distinct cell types in the animal greatly expanded the
known cellular diversity in planarians. However, because neoblasts were not enriched in
this dataset and older sequencing platforms didn’t reliably detect rare transcripts, this
study did not uncover the known diversity of planarian neoblasts.

To better characterize the full diversity of planarian neoblasts, we isolated
dividing neoblasts using fluorescent-activated cell sorting (FACS) on the basis of DNA
content. Previous work has identified actively dividing (4C) neoblasts as the neoblast
stage of specification (Raz et al., 2021), so this enriches for specified neoblasts. We
then constructed single-cell libraries from these cells for RNA sequencing. We also
isolated post-mitotic progenitors, the specialized migratory cells that are produced by
neoblasts and incorporate into existing tissues or nucleate new ones before
differentiation. The population of progenitor cells at this stage is relatively understudied,
but have been characterized for the epidermal fate, where it was found that epidermal

neoblasts are specified far from the epidermal surface and their post-mitotic descendent
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cells migrate towards the epidermis with changes in progressive changes in gene
expression as they migrate (Eisenhoffer et al., 2008; Tu et al., 2015; Wurtzel et al.,
2017).

The migratory, post-mitotic progenitor stage has been the focus of recent studies on
self-organization and tissue structure in planarians (Atabay et al., 2018; Oderberg et al.,
2017). This intermediate cell type, which is a transition state from stem cell to
differentiated cell, could also be a site of further fate specification, after initial neoblast
specification.

From these studies, we uncovered neoblast and post-mitotic progenitor types for
many known mature cell types in the animal. By using the shared expression of defining
FSTFs, we were able to connect our sequenced neoblast and post-mitotic progenitors
to differentiated cell types characterized in previous studies. From this data, we were
also able to characterize new and known precursor cell types by their full gene
expression. This led to the discovery of novel FSTFs for most of our identified neoblast
and post-mitotic progenitor cell types, many of which we found to be functionally
required for the specification or survival of their associated differentiated cell type
through RNAi-based gene inhibition experiments.

We were able to identify neoblast classes for most cell types, comprising most
major tissue classes. However, we failed to identify many clear neural-specified
neoblast classes, despite differentiated neuronal subtypes being the most diverse in the
animal (Fincher et al., 2018) and in our post-mitotic progenitor population. We
characterized neural-specified neoblasts by the combinatorial expression of

transcription factors that define them in their later, post-mitotic progenitor stage and
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found that whereas many of these FSTFs are expressed in neoblasts, they were not
coexpressed in the transcription factor modules that define them later. This increase in
FSTF signature specificity with cell stage and increase in the number of identifiable
clusters led us to hypothesize that neural-specified cells expand in diversity in the post-
mitotic progenitor stage. This could for some states represent further maturation of state
post-mitotically of initial choices made in neoblasts. Post-mitotic diversification of fate
has been shown previously for protonephridial cells, which seem to exist as a common
pool as neoblasts with FSTFs distinguishing different mature protonephridial cell types
being coexpressed in the neoblast (Scimone et al., 2011). In both neoblast and post-
mitotic progenitors, we also observed that these FSTFs, which have unique expression
in different mature protonephridial cells, were coexpressed. The correlation in
expression among these FSTFs decreased in post-mitotic progenitors compared to
neoblasts. This refinement of fate or expansion of cell-type diversity seemed to happen
in neurons, protonephridia, and possibly phagocytic cathepsin cells, while not occurring
for cell precursors for other tissues like muscle, where evidence for fate choice for
almost all cell types exist as early as the specified neoblast. These results suggest
diversity in different tissues can arise at different stages in the lifetime of the cell. It is
unknown whether this apparent expansion of diversity in post-mitotic progenitors is truly
further fate specification, with fate decisions being made in the actual post-mitotic
progenitors. An alternative possibility is that the final fate selection of some neoblasts
cannot be identified with transcriptome analysis alone. For example, other determinants
of fate could precede FSTF signature expression, such as chromatin accessibility, and

not be assayed here. Further experiments looking at chromatin accessibility and
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modifications in neoblasts and post-mitotic progenitors could shed light on this
possibility.

The development of transgenesis in planarians would allow for the genetic
labelling of cells for lineage tracing. In the future, FSTF-expressing cells could be
genetically labeled for tracking descendent cells. This still would be logistically
challenging. Under the single-step fate model, specified neoblasts can divide
asymmetrically to give rise to unspecified neoblasts that can adopt other fates. So
stable labelling of a class of specified neoblasts would label other fates over time. But,
precise temporal labelling of neoblast classes found here may allow the verification of
lineages through the post-mitotic progenitor and mature cell stages. This would be
useful for lineage tracing between neural-specified neoblasts and post-mitotic progenitor
populations, which are difficult to connect computationally because of a lack of
transcriptional similarity. Because the labelling of neoblast classes is only as specific as
the FSTF driver(s) selected, this work can provide a basis for that selection.

While this work does not specifically look at some debated subjects in neoblast
biology, it can still provide some insight into them. The presence of an unspecified
clonogenic neoblast is not clearly present in our data. This supports the idea that there
may be no dedicated clonogenic neoblast and that specialized neoblasts dividing to
generate unspecified neoblasts can be clonogenic. Further work on this could include a
dedicated search for dividing neoblast lacking FSTF signatures associated with specific
fates, which would be expected for a dedicated clonogenic neoblast. The mechanism of
asymmetric neoblast division generating an unspecified G4 neoblast from a specified

dividing neoblast has also not been studied. Dividing neoblasts in cytokinesis seem to
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show an asymmetric localization of the neoblast marker smedwi-1 and transcripts for
FSTFs (Raz et al., 2021), indicating asymmetric divisions may involve the localization of
transcripts by selective segregation or degradation. Though in cases where neoblasts
numbers must expand, such as after sublethal irradiation or during animal growth,
neoblasts must divide symmetrically to generate two neoblasts. It is not known if all
neoblasts are specified before division in the context of neoblast expansion, if some
specified neoblasts can lose fates in both neoblast daughter cells, or if recently divided
G1 neoblasts can retain fates in this specific context.

Modern single-cell RNA sequencing methods allow for the detection of over 30%
of transcripts in each cell, with tens to hundreds of thousands of cells being sequenced
(Zheng et al., 2017). Advancements are also being made in methods for the analysis of
single-cell sequencing datasets, but most of these are minor improvements in existing
methods like data clustering, dimensionality reduction-based visualization, and
computational methods to connect cells by gene expression similarity to relate them in
pseudotime. These have limitations, such as grouping cells into discrete clusters, which
is convenient for analysis but not always representative of biology. Generally, gene
enrichment analysis is then performed through statistical tests of gene expression levels
between these discrete clusters, but genes can exist in regulatory networks and have
complex roles that simple enrichment wouldn’t necessarily uncover. We developed a
machine learning method to learn gene expression features defining single cells. We
used these machine learning networks in the classification of cells according to discrete
clustering, which uncovers gene signatures that best classify the cell types. While genes

important in the classification are often enriched in cells of those clusters, neural
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networks can learn more complex relationships among genes that define cell types.
Since the training of the network only adds numerical weights and biases to the
network, the final classification network can be expressed as a formula for the
classification probability of each class in terms of the expression of every gene. Analysis
of the learned weights of the network shows genes that are most useful for an accurate
classification of the cell, which is the gene signature that best defines it. Since neural
networks learn gene expression patterns from individual cells instead of statistical
measures across entire averaged discrete clusters, it can learn differences even among
cells of the same identity and use different logic for classifying those cells. For example,
if two cell types existed within one cluster, such as two transcriptionally similar mature
cell types, the network can learn two classifications rulesets for the cells or it can learn a
classification ruleset that works on all cells of the cluster, based on the average
transcriptome of the cell. Which approach the network uses in learning the
classification depends on the power of the network (size and depth of the network), its
training rules (regularization forces more efficient encodings, which will favor learning
fewer classification rules in some cases), and which produces a more accurate
classification.

The architectures of neural networks are flexible. Instead of training a network to
classify a cell to a discrete cluster, which we noted previously can be flawed, we can
instead train a neural network to learn gene expression patterns based on each cell
individually. An autoencoder is a special type of neural network architecture that
efficiently learns and encodes patterns in data. It does this by compressing the data with

each subsequent layer, and trying to recreate the original data using this highly
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compressed version. Through this, it learns the most efficient way to encode the data.
For example, in our autoencoder the deepest encoding layer (termed the ‘latent space’),
is only 7-nodes which must represent and be used to reconstruct the input 714
transcription factor expression levels for each cell. By doing this, the autoencoder learns
patterns in gene expression in different cell types by treating each cell independently,
but learning patterns that occur across many cells.

Neural networks are powerful because they are customizable. One can change
the architecture of the network for your specific task and can modify training parameters
to change how the network learns. We implement various forms of regularization in our
training to favor the network to learn based on as few genes as possible, which forces
the network to learn which genes are the most important defining a cell type. Neural
networks can also learn to classify cells based on parameters other than gene
expression, such as characteristics of the cell's morphology, and can be used to classify
based on labels other than cluster identity, such as position in the animal.

Future work using neural networks to learn gene expression patterns in single
cells could focus on different implementations and improve the interpretability of the
data. In this thesis, | examine weights and biases, network activation patterns,
classification confidence, and utilize accuracy metrics and error analysis to interpret
what the network has learned about the data and use it to infer information about the
sequenced cells. Uncovering complex patterns learned by neural networks is difficult
however. Examining weights or randomly permutating input genes and looking for if and
how cells are misclassified can give some insight into how each gene is used to classify

cells. The functional importance of these genes could be even tested using gene
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inhibition, to see if these misclassifications are biologically meaningful. Potentially, more
specific neural network architectures can be used for examining specific regulatory
relationships between genes. For example, if two genes are required for the
specification of a cell type, a traditional neural network might assign high weights to
both genes, which would cause a high activation of a common output node that sums
both gene’s expression values (e.g., 1rpm gene1 + 1rpm gene2 = 2 output activation).
However, high expression of either gene alone might also be enough to activate the
output node (e.g., 2rpm gene1 + Orpm gene2 = 2 output activation). A neural network
could instead be constructed that multiplies inputs to allow for a coexpression rule,
where both genes would need to be expressed to activate the output (e.g., 2rpm gene1
* Orpm gene2 = 0 output activation).

Overall, this thesis characterizes planarian neoblast and post-mitotic progenitor
classes by gene expression and, more specifically, through their expression of FSTFs,
many of which act to specify or maintain cell identity. We used this data to propose a
model in which cell type diversity arises at different stages for different tissue types. We
also develop a neural network-based method to analyze and learn gene expression
patterns from single-cell sequencing datasets. Hopefully this work will serve as a
foundation for future studies in the biology of planarian fate specification and expand the

methods used to analyze it.
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