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Abstract:

Flatworms of the species Schmidtea mediterranea are immortal —adult animals contain a
large pool of pluripotent stem cells that continuously differentiate to all adult cell types.
Therefore, single-cell transcriptome profiling of adult animals should reveal mature and
progenitor cells. Here, by combining perturbation experiments, gene expression analysis, a
computational method that predicts future cell states from the transcriptional changes, and a
novel lineage reconstruction method, we placed all major cell types onto a single lineage tree that
connects all cells to a single stem cell compartment. We characterize gene expression changes
during differentiation and discover cell types important for regeneration. Our results demonstrate
the importance of single-cell transcriptome analysis for mapping and reconstructing fundamental

processes of developmental and regenerative biology at unprecedented resolution.



Main Text:

Introduction

Understanding differentiation from stem cells into the different cell types that make up the
human body is a central problem of basic and medical science. Although numerous basic
mechanisms of cellular differentiation have been identified and many cell types have been
characterized, it will require a huge coordinated undertaking to systematically map all human
cell types and cellular differentiation states (/). Due to the advances in single-cell
transcriptomics, it has already been possible to study the cell type composition of mammalian
organs and tissues (2-6) as well as development stages (7, &). However, single-cell
transcriptomics provide just a snapshot of the dynamics of the cell populations unless cells can
be traced or tagged experimentally (9—/2). Thus, reconstructing cell lineages from stem cells to
differentiated cells remains a challenge. Recently, algorithms to order developmental states and
compute lineage trees based on comparing single-cell transcriptomes have made considerable
progress (/3—15) and have revealed new insights into stem cell biology (/6) and tissue
differentiation (/7-20). However, these algorithms have been developed for the study of
differentiation in specific cell lineages or tissues, and are not suitable to reconstruct all the cell
differentiation trajectories present in complex animals.

Given these problems, can single-cell transcriptomic approaches improve our molecular
understanding of how stem cells differentiate into all the cell types of an entire complex adult
animal? Freshwater planarians such as Schmidtea mediterranea offer a unique opportunity to
answer this question. Planarians are immortal, as they contain as adults a large pool of
pluripotent stem cells (neoblasts) that continuously differentiate to all mature cell types to

turnover all tissues (27). Hence, all cell differentiation pathways are constantly active in adult



individuals. We therefore reasoned that an unbiased single-cell transcriptomics approach should
yield terminally differentiated cell types as well as a large number of intermediate cellular states,
making planarians an ideal model system to attempt the lineage reconstruction of a whole
animal.

Here we performed highly parallel droplet-based single-cell transcriptomics, Drop-seq (3),
to characterize planarian cell types. We molecularly characterized dozens of cell types and
uncovered many new ones. By applying a newly developed algorithm, PAGA, which reconciles
the principles of clustering and pseudotemporal ordering (22), and combining it with
independent computational and experimental approaches, we derive a consolidated lineage tree
that includes all identified cell types rooted to a single stem cell cluster. Along this tree, we
identify 48 gene sets that are co-regulated during the differentiation of specific cell types.
Finally, we used single-cell transcriptomics to characterize the cellular processes that happen
during regeneration. Our results reveal a strong depletion of newly characterized cell types,

suggesting that these cells are used as an energy source for regeneration.

A high resolution cell type atlas for planaria

To comprehensively characterize different cell types and progenitor stages present in adult
planarians, we performed genome-wide expression profiling in individual cells using nanoliter
droplets (Drop-seq) (3) of cells isolated from whole adult animals. These cells were obtained,
after dissociation, by fluorescence-activated cell sorting (FACS), which separated intact live
cells from dead cells and enucleated cellular debris (Fig. 1A). From 11 independent experiments,
we captured a total of 21,612 cells. We detected on average 494 genes and ~970 transcripts
(identified by using “unique molecular identifiers” (UMIs)) per cell. The individual datasets

correspond to 5 wild type samples (10,866 cells), two RNAi samples (3314 cells), a high-DNA



content G2/M population corresponding to cycling planarian stem cells (typically defined as X-
ray sensitive “X1 cells”; 981 cells) (23, 24), and three wild type regeneration samples (6,451
cells; Table S1). Sequencing depth was comparable across samples (Fig. SIA). Biological
replicates showed highly correlated gene expression profiles (Fig. S1B). Besides, all samples
showed high correlation with published RNA-seq data from equivalent bulk cell populations
(24-27) (Fig. S1C). We pooled and analyzed all single-cell datasets together using Seurat (3). 8
of 11 samples were fixed using methanol (28) or frozen with DMSO (29) to facilitate sample
handling. To assess batch effects, we compared the overall quality across wild type samples.
Cells from each batch were distributed similarly on the tSNE (Fig. S1D), which resulted in
comparable proportions of cells per cluster (Fig. SIE, Table S2). Although we observed a mild
bias in gene expression due to the preservation procedure of the samples, clustering was not
affected (Fig. S1F). However, we observed differences in the number of UMIs per cell across
clusters (Fig. S1G). Together, these analyses confirmed that sample preparation did not
compromise data quality or introduce bias. Therefore, we clustered the expression profiles of the
individual cells from all samples together using Seurat (3). In total we identified 51 cell clusters
(Fig. 1B).

We elucidated the cell type identity of clusters by examining marker genes and comparing
them to previous literature (Fig. S2A, B) (Supplementary Note 1). The largest cluster and 14
smaller clusters located in the center of the tSNE plot express combinations of well-known stem
cell markers (Fig. S3A), such as Smedwi-1, Smedtud-1, and bruli (Fig. S3B). The remaining
clusters corresponded to the previously described neural, epidermal, secretory, muscle, gut and
protonephridia cell types (Fig. S2A, S2B). However, in each of these categories, we found

several distinct clusters (Fig. 1B) that express different combinations of marker genes (Table S3,



Fig. S4). This result suggests that our approach can distinguish more cell types than previous

studies.

Single-cell transcriptomics unveils previously uncharacterized cell types

In the 1980’s, Bagufida and Romero used microscopy to morphologically characterize and
count all major cell types in Schmidtea mediterranea (30). We used this resource as a reference
to validate cell types identified by our Drop-seq data and cluster annotation. Even though the
microscopy data is of a qualitative nature, we observed a strong correlation between it and our
molecular,unbiased Drop-seq annotation (Fig. 1C), suggesting that FACS sorting,
cryopreservation or fixation and cell capture in nanodroplets did not influence cell type
proportions. We validated the identity of several clusters by designing RNA probes targeting
marker genes and performing in situ hybridizations, both whole mount and in histological
sections (Fig. S5). We could confirm major known cell types such as different types of neurons,
muscle, protonephridia, epidermis and secretory cells. We identified the two main cell types of
the planarian gut: phagocytes (Fig. 1D, red) and goblet cells (Fig. 1D, green), and discovered
markers of planarian goblet cells for the first time, including a gene without apparent homologs
in other phyla. We named this gene bruixot. We also distinguished body and pharynx muscle
(Fig. 1E). General muscle markers colocalized with body muscle markers in all the body except
in the pharynx (Fig. 1E). Pharynx muscle was characterized by the expression of laminin (31)
(Fig. S5). The protonephridia cluster (0.3% of our wild type cells) contained the two main cell
types of these organs, flame and tubular cells (32) (Fig. S4, S5). In some cases, cell clusters
contain several similar subtypes that we cannot distinguish at this resolution. For instance,

previously described markers of eye pigment cup cells and photoreceptor neurons (33) are



expressed in pigment and ChAT neurons 2 clusters respectively, indicating that the former are
subtypes of the latter (Fig. S6).

We also validated a recently discovered epidermis cell type, which marks the boundary
between the dorsal and ventral parts of planarians (Fig. S5) (34). Additionally, we identified an
epidermal related pharynx cell type (Fig. S5) and several parenchymal cell types previously
undescribed molecularly (Fig. 2B, Fig. S5). Among parenchymal clusters we found a diversity of
non-overlapping cells types, including aqp+ and the psap+ parenchymal cells (Fig. 1F), which
probably collectively correspond to the previously described fixed parenchymal cells (30, 35),
pigment cells (cluster 44) (36, 37) and glial cells (38, 39) (cluster 47) (Fig. S4, S5). Altogether
these results show that we can identify known as well as unknown cell types using single-cell
transcriptomics and measure their abundances in a reproducible way.

To investigate the function of newly identified cell types we used pathway and gene set
overdispersion analysis (PAGODA) (40) to identify variable gene sets with particular gene
ontology (GO) terms annotated (Fig. S7, Supplementary Note 2). The clustering that emerges
using these gene sets roughly recapitulates the one obtained with Seurat, showing the robustness
of our clustering approach (Fig. S7A). This analysis revealed that neoblasts and progenitors are
functionally similar, both expressing gene signatures enriched for GO terms related to RNA
processing. Additionally, parenchymal clusters showed enrichment for GO terms related to
lysosome, extracellular region and hydrolytic enzymes, and appear to share metabolic functions

with gut cells (Fig. S7B).



Single-cell transcriptomics of purified stem cells and stem cell depleted animals reveals

stem, progenitor and differentiated cell populations

The great diversity of cell types identified, which included stem cells, differentiated cells
and presumably many progenitor cells, offered a unique opportunity for exploring stem cell
differentiation and lineage relationships between all cell clusters. We focused on the X1 cell
sample, which is enriched in G2/M neoblasts (23, 24) and the histone 2b (h2b) RNAI treated
whole planaria sample, in which stem and progenitor cell populations are depleted (47). Cells
from these datasets showed a clear distribution pattern: X1 cells were located in the middle of the
tSNE plot (Fig. 2A, red dots) while h2b(RNAi) resistant cells were clearly enriched in the
periphery (Fig. 2A, blue dots). This distribution was specific and not the result of batch effects,
as evident from the respective control samples (Fig. 2A, X1 control and gfp(RNAi) samples).
Given that each dataset is enriched in particular cell populations, we reasoned that they could be
used to distinguish cells in varying differentiation states. We quantified the fraction of cells per
cluster from the X1 and h2b(RNAi) samples and compared them to wild type and control
samples. We performed a principal component analysis (PCA) using these cellular proportions as
well as the mean expression of the three top neoblast markers (Smedwi-1, tub-al and h2b) in
each cluster. The first two principal components resulting from this analysis separated clusters
according to their gene expression profiles as neoblasts, progenitors, and differentiated cell
clusters (Fig. 2B, Fig. S2A). Mapping onto the tSNE revealed that progenitor cell clusters were
located between differentiated cells and neoblast clusters (Fig. 2B). To corroborate the
differentiation state of the cells in the different clusters, we pooled the cells in each group and
correlated their gene expression profiles to previously described FACS populations. Neoblasts

clusters best correlated with X1 populations, corresponding to high content DNA G2/M



neoblasts, progenitor clusters correlated with X2 populations, a mixture of G1/S neoblasts and
early progenitors, and differentiated cell clusters correlated with Xins samples, a pool of all
differentiated cells (Fig. 2C). Altogether, our functional experiments reveal the stem, progenitor

or differentiated status of each cell cluster.

Computational lineage reconstruction predicts a single tree for all major planarian cell

differentiation trajectories

Existing methods to investigate cell differentiation using single-cell transcriptomics data
were designed to study individual lineages or organs, allow few branching trajectories (13, 15,
18), and often require high sequencing depth and associated costs (/6). To overcome these
limitations, we developed the general framework of partition-based graph abstraction (PAGA),
which reconciles clustering and pseudotemporal ordering algorithms and allows to infer complex
cell trajectories and differentiation trees (22). Starting from the neighborhood-graph of single
cells, in which cells are represented as nodes, the algorithm quantifies the connectivity of cell
clusters and generates a much simpler abstracted graph in which nodes correspond to the clusters
identified using Seurat and edges represent putative transitions between clusters. The
differentiation tree is then computed as the tree-like subgraph in the abstracted graph that best
explains all continuous progressions along the original single-cell graph (Supplementary Note 3).

When running this algorithm, without any assumptions about the tree structure, we obtained
an abstracted graph that shows high confidence of the branching events (Fig. 3A) from which we
can derive a single differentiation tree that included all the cell types and linked them to a single
root, the neoblast 1 cluster. This tree defines independent differentiation branches for all the
major tissues such as neurons, muscle, parenchyma and gut (Fig. 3A). Additionally, the tree

reflects the relation between different groups of cells. For example, it predicts the existence of



independent progenitor cells for the epidermis dorso-ventral boundary and the pharynx cell type
lineages although both lineages are related to the epidermal lineage. In contrast, it shows the
presence of a shared progenitor for all parenchymal lineages despite containing cell types as
different as glia and pigment cells. The connections in the tree are highly consistent with the
continuity of gene expression patterns along the various lineages (Fig. S8A) except for two
cases: the epidermis cluster itself is disconnected from epidermal lineage, and muscle pharynx is
connected to muscle body instead of muscle progenitors (Fig. S8A). Together, from 51 clusters
(with 1275 possible transitions between them) PAGA predicts 53 transitions that are mainly
consistent with our marker based analysis.

Furthermore, PAGA yields a pseudotemporal ordering of individual cells within each
cluster consistent with our stem cell ablation and purification experiments, and therefore
confidently predicts their differentiation status, even for cell types for which separate progenitor
clusters could not be identified (Fig. S8B). For instance, when we sorted the goblet cells by
pseudotime, we observe a higher percentage of X1 cells in early pseudotime and #2b(RNAi) cells
in the late pseudotime (Fig. S8B). To validate this observation, we performed double FISH of
bruixot, our newly identified goblet cell marker, and adb (aprenent de bruixot), a gene expressed
earlier in the goblet cluster pseudotime (Fig. S8B). Consistently, adb was expressed in the gut
(Fig. S8C) overlapping with bruixot, but staining more cells located in the periphery of the gut
that clearly lacked goblet cell morphology (Fig. S8D). This indicates that adb is a marker of
immature goblet cells and that computationally estimated pseudotime correctly orders cells
according to their differentiation status.

Although the tree predicts the connectivity of cell clusters, it does not give any information

about the direction of the trajectories. Thus, we used the tree topology to estimate the
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developmental potency of each cluster, i.e. their ability to give rise to other cells. We developed
a potency score that is conceptually similar to the stemID score previously proposed to identify
stem cells (/6) but additionally estimates pluripotency vs. multi- or unipotency of cell
populations. It is computed as the normalized degree of each cluster in the abstracted graph
(Supplementary Note 4). This analysis showed that neoblast 1, the largest stem cell cluster, had a
score of 1 (Fig. 3B), correctly assigning pluripotency to neoblasts as expected from earlier
literature (2/). We note that the potency score is independent of prior information and therefore
can be used to identify stem cells from single-cell transcriptomics data alone, a feature that is
particularly useful in less well-studied non-model organisms. Progenitor clusters showed lower
potency than neoblasts, and higher potency scores than differentiated cells (Fig. 3B), in
agreement with a gradual potency loss. To assess the stem cell and progenitor status of the
clusters connected in the center of the PAGA topology, we mapped X1 and #2b(RNAi) data onto
the tree. Most X1 cells were located in the neoblast 1 cluster (Fig. 3C) while #2b(RNAi) resistant
cells were more enriched in the leaves of the tree (Fig. 3D). Thus, both PAGA and stem cell
ablation and purification independently support the stem and progenitor status of these clusters.
The remaining neoblast clusters had lower potency scores than the neoblast cluster 1 and
were connected to it. These clusters share the majority of marker genes with the neoblast 1
cluster (Table S3) and do not correspond to previously identified specialized neoblasts of the
sigma, gamma and zeta class (26, 42, 43) (Fig. S9). Although some of these neoblast clusters are
connected to differentiated cell types (Figure 3A), most do not give rise to differentiated cell
types, raising the possibility that they represent neoblasts in different metabolic, cell cycle or

activation states (Supplementary Note 5).
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We detect expression of specialized neoblast markers among both neoblast and progenitor
clusters (Fig. S10, S11). While present in neoblasts, sigma markers were most highly expressed
in neural and muscle progenitors, gamma markers in gut and parenchymal progenitors and zeta
markers in epidermal progenitors (Figure S9D). These clusters are mostly devoid of X1 cells

(Figure 3C) and therefore correspond mainly to post-mitotic progenitors.

RNA velocity confirms lineage relationships predicted by PAGA

To independently validate the differentiation trajectories predicted by PAGA we used
velocyto (44). This method computes RNA velocity, defined as the rate of change of mRNA
levels for a gene in time, in every single cell. In differentiating cells in which changes in gene
expressionare dominated by changes in transcription rates, the ratio of unspliced to spliced reads
for a given gene within a cell will be proportional to the temporal change of the logarithm of
spliced reads (or mature mRNAs) (44). Thus, one can estimate the future mRNA level of a gene
by computing its velocity and a linear fit. By aggregating over many genes in a cell, one can
estimate the cellular expression state to which the cell is apparently moving in time. We
estimated mRNA velocities for each cell and projected the estimated future states of cells onto
the tSNE, which describe the paths predicted by the mRNA velocity model (Fig. 3E and Fig.
S12A). These paths show a highly homogenous stem cell population that moves slowly to
progenitors, which will differentiate to mature cell types. The long arrows at the edges of the
clusters likely are due to the averaging on the force field, as they do not appear when individual
arrows are plotted (Fig. S12A). These paths largely agree with the trajectories predicted by
PAGA, and also confirmed the connection between muscle progenitors and pharynx muscle
predicted from gene expression changes (Fig. S12A). Additionally, velocyto can also model

longer cell trajectories in order to identify their root (Fig. 3F) and terminal end points (Fig. 3G),
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which corresponded to the tSNE regions containing stem cells and terminally differentiated cells,
respectively. Velocyto cannot provide information from disconnected clusters. As a result, all
disconnected clusters contain differentiation trajectories with independent start and end points
(Fig. 3F, G).

The estimates of RNA dynamics obtained with velocyto also identified regions where genes
are mainly induced or repressed compared to the steady state level. This information can be
helpful to investigate relations between clusters that appear disconnected on the tSNE. We used
these estimates to study the expression of marker genes from the epidermis cluster. These genes
are clearly induced in epidermal progenitors and repressed in mature epidermis, where they are
mainly expressed (Fig. S12B). Thus, mRNA metabolism patterns provide additional support to
the differentiation trajectory connecting late epidermal progenitors to epidermis that we

predicted based on gene expression changes (Fig. S8A).

A consolidated lineage tree of planarian stem cell differentiation into all major cell types

Taken together, our results show that both computational and experimental methods agree
in the identification of stem cells, progenitors and differentiated cells. By combining all four
independent lines of evidence (PAGA, gene expression changes, stem cell ablation and
enrichment experiments, and velocyto) we provide a single consolidated tree that models stem
cell differentiation trajectories into all identified cell types of adult planarians (Fig. 4A). The
resulting cell lineage tree correctly recapitulates the known expression changes described during
epidermal differentiation (26, 34, 45) (Fig. 4B). We observed a continuous decrease of the
expression of Smedwi-1, a well characterized neoblast marker (Fig. S3), with pseudotime
progression whereas early (prog-1) and late (agat-1) epidermal progenitor as well as mature

epidermis (vim-1) markers increased their expression at consecutive time points (Fig. 4B).
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According to the consolidated lineage tree, neoblasts (35% of our wild type cells)
differentiate into at least 23 independent cell lineages. There are 6 major differentiation fates
(57% of cells) (Table S2), each representing more than 1% of total cells: epidermal,
parenchymal, neural, muscle, gut, and a pharynx cell type. For these major fates, we identified
progenitor and differentiated states. Additionally, we identified 10 minor lineages (6% cells;
each less abundant than 1% of total cells) that differentiate from the neoblasts, but for which we

were unable to identify progenitors.

Self-organizing maps identify gene programs underlying cell differentiation

We used our data to identify gene sets that coordinately change their expression during
differentiation. For this analysis, we discarded all cells from neoblast clusters that did not give
rise to differentiated cell types in our consolidated cell lineage tree. The remaining cells were
ordered following the tree for each lineage and sorted within each cluster according to their
pseudotemporal ordering (Fig. 5A). Subsequently, we used self-organizing maps (SOMs) (46) to
identify 48 sets of highly variable genes that coordinately change their expression during
differentiation (47) (Fig. 5B, S13 and Table S4). Many of these sets contain some genes
previously known to be expressed in the respective lineages and in some cases involved in their
differentiation (Table S5). For instance, gene sets 10 and 11 contain genes that are highly
expressed in neoblast and progenitor clusters, such as Smedwi-1 and tub-a-1, whose expression
drops during differentiation (Fig. 5B and S13). Similarly, we found gene sets that are regulated
along muscle, neuronal, parenchymal, gut and epidermal differentiation (Fig. 5B, top row). They
contained genes expressed in these lineages, such as mhc for the muscle and chat for the
neuronal lineage, but also included well-known regulators of their differentiation, such as myoD

(48) and coe (49). As a consequence of analyzing all detected planarian cell lineages
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simultaneously, we not only identified gene sets involved in lineage specific programs but also
gene sets co-regulated during the differentiation of several fates (Fig. 5B, mid and bottom row).
Taken together, these results show that single-cell transcriptomics of a whole organism allows
the reconstruction of specific differentiation events for many differentiation fates in parallel,

enabling the identification of previously undetected combinations of co-regulated genes.

Molecular profiling of planarian regeneration by single-cell transcriptomics

Freshwater planarians are well known for their remarkable regenerative capacities.
Planarians can be cut into small pieces, and each piece (except for the pharynx and the most
anterior tip of the head which are devoid of neoblasts) can regenerate a complete, albeit much
smaller, organism in a matter of days. This process is dynamically complex and involves the
orchestration of all cellular differentiation pathways. The animal does not grow (as it cannot eat)
during the process. Thus, the truncated body fragments need to reshape their body proportions to
adjust to their new size by the process termed morphallaxis (50). It is still largely unknown how
each individual cell type behaves in this process.

Given the detected cell type abundances and the cell differentiation tree of steady state adult
animals, we asked if we could use Drop-Seq to profile the cellular and transcriptomic changes
that occur during regeneration. We cut planarians in 5-7 pieces, discarded the head piece and
prepared the remaining body pieces for single-cell transcriptomics immediately after cutting (day
0), and 2 and 4 days after cut (Fig. 6A, Fig. S14). We compared regenerating samples to day 0
using Seurat and detected hundreds of differentially expressed genes in both samples (Table S6,
S7). By pooling all cells we were able to detect upregulation after 2 days of regeneration of 16 of
the 128 wound induced genes described in a previous study (42, 57) (Table S6, Fig.S15A). The

shallowness of Drop-seq data makes difficult to assess differences in lowly expressed genes.
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However, Drop-seq allows distinguishing the cell types that undergo these changes, showing that
runt-1 and egr-2 are upregulated in the neoblast 1 cluster (Fig. S15B) and jun-/ in the muscle
body cluster (Fig. SI5C; Table S7, 8).

All cells from the regenerating samples fall into clusters that are present in wild type
samples, indicating an absence of regeneration-specific types or trajectories (Table S2). However
our analysis revealed significant changes in cell composition during regeneration: on one hand,
we observed a large increase in the number of neoblasts, consistent with an increase in mitotic
activity, and of neural progenitors, reflecting active neurogenesis to replace missing brain
structures after head removal (Fig. 6B, Fig. S16). On the other hand, we detected that both
parenchymal progenitor cells and differentiated parenchymal cell types were depleted (Fig. 6B,
Fig. S16), indicating that these cells are cleared in the process of reshaping the planarian tissue.
The cell proportion changes at day 2 and 4 were clearly correlated (Fig. 6C), indicating that agp+
parenchymal cells are the most depleted cell type. We experimentally confirmed this observation
by in situ hybridization on planarian tissue sections (Figure 6D) and counting agp+ parenchymal
cells (Figure 6E) (Mann Whitney U-test p-value < le-7). Our results indicate that parenchymal
cells are highly depleted upon regeneration, implying that they may be used to metabolically fuel

the regeneration process (52).

Discussion

In this study, we used the stem cell population and the extreme regeneration capabilities of
adult flatworms to generate an atlas of cell types at high resolution. We identified, quantified,
and molecularly characterized 37 cell types including 23 terminally differentiated cell types, and
numerous progenitor and stem cells clusters. Although our sequencing data are relatively

shallow, molecular characterization of cell types using computational methods was robust,
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agreed well with previously published microscopy data, and revealed progenitor and
differentiated cells. This implies that the grouping of incomplete transcriptomes of thousands of
cells into clusters did not suffer significantly from capture rates or other confounding factors.

The resolution of our data depends on both the number of cells sequenced and the number
of genes detected per cell. Considering only wt and control samples (~11,000 cells), we can
identify differentiated cell clusters containing about 10 cells. Therefore, we estimate that cells
present at a frequency of <1:1000, such as such as cintillo+ cells (53) and photoreceptor neurons
(33), will be missed by our approach. Besides, we failed to identify certain neoblast
subpopulations previously described in the literature (26, 42). This result could be due to the low
sensitivity of Drop-seq, which captures only a fraction of mRNAs in a cell. However, we do
detect the expression of the proposed marker genes of these subpopulations. They appear to be
spread among neoblasts and progenitor clusters (Fig.S8), which still express neoblast markers
such as Smedwi-1 at low levels (Fig.S3, 11). This indicates that the boundary between stem cells
and lineage-committed progenitors is probably not sharp. Further studies will help describing
and delimiting these boundaries.

Projecting high dimensional gene expression data of thousands of transcriptomes onto a
two-dimensional plot (for example by the widely used tSNE method (54)) visually reveals
clusters. However, it is impossible to infer the relationships among them, as the distances
between clusters cannot be interpreted as differentiation trajectories. To solve this problem, we
used computational and experimental methods to reconstruct a lineage tree. PAGA and velocyto
provide two complementary approaches to study cell differentiation using single-cell
transcriptomics. While velocyto allows finding the differentiation trajectories of individual cells

within a cell continuum based on RNA metabolism, PAGA allows inferring the average
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differentiation paths of a group of cells, even when they are disconnected. Thus, combining these
two computational methods results in a robust lineage prediction. This prediction is supported by
the continuity of expression of marker genes and the mapping of stem cells and differentiated
cells on the tree (Fig. 4A), and validates known differentiation trajectories such as that of the
epidermal lineage (Fig. 4B) (34).

We used PAGA (22) to reconstruct in an unbiased way the lineage tree of all major
planarian cells. This method, although indirect, allows reconstructing the lineage information
from the transcriptomic snapshot of individual cells. Besides, in contrast to high throughput
lineage tracing methods (9—72), which rely on using transgenic or CRISPR/Cas tools, it can be
applied to every species provided that single cells can be isolated and sequenced. Using this
method, we identified de novo planarian stem cells and predict their differentiation paths to at
least 23 different lineages, including several multipotent progenitor populations. Importantly,
these tools can readily be applied to other organism to identify de novo stem cells, identify their
differentiation trajectories and estimate the developmental potency of the resulting cell
populations.

Pseudotemporal ordering of cells along these lineages allowed us to discover gene sets that
are putatively involved in differentiation programs, highlighting the similarities and differences
that exist across tissues, and identifying several genes known to be involved in cell
differentiation not only in planarians but also in other species, such as myoD, nkx6 and pax6.
Further characterization of these gene sets should be the subject of future studies. As we show
for the #2b RNAI phenotype, Drop-seq also allows profiling perturbation studies at both the

transcriptomic and cellular levels. In general, and beyond planaria, we can foresee that future
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studies will use single-cell transcriptomics coupled to loss-of-function experiments to unravel the
specific developmental functions of genes or regulatory networks.

Furthermore, we used single-cell transcriptomics to profile cellular abundance changes
upon regeneration. Our experiments revealed that several of our newly described parenchymal
types are depleted in regeneration. These cell types had been largely overlooked in molecular
studies but had been described, based on microscopy, in the literature decades ago. This is in part
due to the unbiased nature of both microscopic and single-cell transcriptomic data. We note that
these parenchymal cells are highly enriched in lysosomes and other vacuoles and might be an
energy reservoir that regenerating planarians mobilize to fuel regeneration.

To make our data easily accessible, we built an interactive app that allows to query and

interpret all sequencing data (https://shiny.mdc-berlin.de/psca). We also provide a detailed

tutorial for the lineage reconstruction algorithm PAGA that we hope will serve as a reference for

future studies (https://github.com/rajewsky-lab/planarian_lineages). Together, our results show

that single-cell expression profiling can be used to systematically annotate cell types of entire
animals, to reconstruct stem cell differentiation lineages of whole organisms, and to study
complex processes such as regeneration (and their relation to lineages used in normal
development) at single-cell resolution. Our results and methods demonstrate that single-cell
approaches will become an indispensable method to study developmental and regeneration

biology.

Methods Summary

Single-cell transcriptomic profiling of asexual adult planarians from the species Schmidtea
mediterranea was performed using Drop-seq. Single cell suspensions were prepared by

dissociating cells from adult planarians of 4-10 mm in length using trypsin. We used FACS to
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discard broken and dead cells. Cells were either directly processed for Drop-seq or preserved in
methanol or DMSO for later processing. For RNAi1 experiments, animals were injected with
dsRNA against the coding region of 42b or gfp for three consecutive days, kept at 20°C, and
their cells prepared for FACS and single cell transcriptomics 5 days after the third injection. For
regeneration experiments, animals raging 4-10 mm in size were cut in 5-7 pieces, the head pieces
were discarded and the remaining pieces were processed for Drop-seq immediately, 2 or 4 days
after cut.

Computational analysis of the sequenced samples was done using Dropseq tools and the
Seurat package (3). Briefly, reads were mapped to the S. mediterranea dd_Smed v6 transcriptome
and processed using Dropseq tools and custom perl scripts to generate Digital Gene Expression
(DGE) matrices for each sample. Finally, all DGE matrices were joined. Variable genes across
all clusters were used to perform a Principal Component Analysis (PCA). The first 50 PCs
obtained were then tested for significance and those with a p-value < 10e-5 were used to perform
clustering. The robustness of the obtained clusters was assessed and spurious clusters were
merged to obtain a final set of 51 clusters.

Cell type identification was performed by calculating marker genes for each cluster. Manual
inspection, comparison to previously published single-cell data, and experimental validation
using in situ hybridizations of the marker genes reported allowed the identification of the
different cell populations. Additional characterization of the identified cell types was performed
by characterizing GO-term based gene sets using PAGODA (40). Experimental validation of cell
types was done using whole mount in sifu hybridization and in situ hybridization on histological

sections as previously described and using probes complementary to marker genes (Table S9).
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Lineage reconstruction was done by combining the unsupervised graph obtained with the
PAGA algorithm (22) with velocyto (44), gene expression analysis, and experimental data from
h2b(RNAi) and X1 facs sorted cells. To calculate RNA velocity with velocyto, we mapped the
reads from all datasets to the planarian genome in order to extract spliced and unspliced reads.
These analyses allowed us to obtain a pseudotemporal order of cells that was used to identify
gene sets that change during stem cell differentiation using self-organizing maps.

To preform cell counting of regenerating planarians, positive cells were automatically

counted using a custom script for ImageJ (https://imagej.net).
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Fig. 1. Cell type atlas by single-cell transcriptomics

A. Experimental workflow. B. tSNE representation of the single-cell transcriptomics data with
clusters colored according to the expression of previously published marker genes as follows:
grey, neoblasts; orange, neuronal lineage; red, muscle; purple, secretory; blue, epidermal lineage;
pink, protonephridia; green, gut; magenta, parenchymal lineage. C. Proportions of cell types
identified by Bagufa and Romero by microscopy (left) and as identified by tallying up our
annotated Drop-seq clusters (right). The outer ring shows the proportion of each individual
cluster, which includes neoblasts, epidermal (epidermal and rhabdite), parenchymal (fixed
parenchymal), pigment, neuronal (nerve), muscular, gut (gastrodermal and goblet), secretory
(acidophilic and basophilic) and protonephridia (flame) cells. We did not find “striped” cells in
our dataset. Overall, we find many subtypes for each of the original cell types. D-F tSNE plots
(upper panels) showing the expression of marker genes and their expression patterns in adult
animals using double in situ hybridizations on tissue sections (lower panels). Nuclei in D and F
were stained with Hoechst and are shown in blue in the overlay. Scale bars: 100 um. The color

scale for tSNE plots ranges from light grey (no expression) to blue (high expression).

Fig. 2. Neoblast ablation and enrichment experiments show stem and progenitor clusters

A. tSNE plots showing the distribution of the cells of an X1 FACS sorted sample (red) and its
whole cell population control (x1 control, magenta), and a /2b(RNAi) sample with its negative
control (gfp(RNAi), green). X1 cells are enriched in the center of the plot while #72b(RNAi) cells
are enriched in the periphery. B. PCA analysis considering the expression level of neoblast
marker genes and the log odds ratio of the amount of cells per cluster from #2b(RNAi) and X1

experiments compared to wt and control samples separates neoblasts (grey), progenitor clusters
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(yellow) and differentiated cell clusters (blue). The location of these clusters is shown on the
tSNE plot on the right. C. Gene expression correlation between bulk RNA-seq data from FACS
sorted X1, X2, Xins populations and whole worms and the pooled clusters as defined in B.
Neoblasts show a stronger correlation with X1, progenitors with X2, and differentiated cells with

Xins and whole worms.

Fig. 3. Lineage tree reconstruction by PAGA and velocyto

A. Abstracted graph showing all the possible edges with a probability higher than 10e-6
connecting two clusters and their confidence. Each node corresponds to each of the clusters
identified using Seurat. The size of nodes is proportional to the amount of cells in the cluster.
The most probable path connecting the clusters is plotted on top with thicker edges. B. Lineage
tree colored according to potency score, which ranges from blue (0) to yellow (1). C, D. Lineage
trees colored according to the % of X1 (C) or h2b(RNAi) resistant (D) cells in each cluster. X1
cells are most abundant in the neoblast 1 cluster whereas #2b(RNAi) resistant cells are mostly
located in the leaves of the tree. E. Velocyto force field showing the average differentiation
trajectories (velocity) for cells located in different parts of the tSNE plot. F, G. Root (F) and
terminal end-points (G) obtained after modeling the transition probabilities derived from the
RNA velocity using a Markov Process. The color scale represents the density of the end points of

the Markov Process and ranges from yellow (low) to blue (high).

Fig. 4. Consolidated lineage tree of planarian stem cell differentiation into all major types
A. Consolidated lineage tree including 4 independent sources of evidence. The topology of the

tree is shown according to PAGA, marker-based connections are shown with red edges.
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Velocyto supported connections are shown with thick edges. Progenitor and differentiated cell
clusters according to neoblasts ablation and enrichment experiments are shown with yellow and
blue halos, respectively. B. Gene expression changes of marker genes for the individual stages
during epidermal differentiation (in pseudotime). Relative expression of maker genes from
neoblast (Smedwi-1), early (prog-1) and late (agat-1) progenitors as well as from the epidermis
(vim-1). A maximum of 1000 cells from neoblast 1, epidermal neoblasts (en), early epidermal
progenitors (eep), late epidermal progenitors 1 (lep 1) and 2 (lep 2) and epidermis were sampled.
Grey thin dashed lines show the expression of Smedwi-1 after randomly permuting cells (rand 1)

or after randomly sorting cells within each cluster (rand 2).

Fig. 5. Identification of gene sets regulated and corregulated in cell differentiation

A. Schematic workflow of the analysis performed to identify gene sets involved in lineage
decisions. Pseudotemporal ordering of the cells from all lineages and clustering of variable genes
using SOMs allowed the identification of 48 gene sets. B. Graphical representation of gene
expression changes during cell differentiation of 12 gene sets. For each gene set, the normalized
expression of the genes is shown on the edges of the tree and ranges from blue (low expression)
to red (high expression). Next to each tree, representative genes from each gene set are

highlighted.

Fig. 6. Molecular profiling of regeneration by single-cell transcriptomics
A. Experimental workflow: planarians were cut into small pieces, head pieces were discarded
and the remaining pieces were processed for single-cell RNA sequencing 0, 2 and 4 days after

cut. B. Quantification of neoblasts, neural progenitors and differentiated clusters and
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parenchymal progenitors and differentiated clusters. Significant differences calculated using a
fisher test with an adjusted p-value < 0.001 are marked with **. C. Cluster outlines colored
according to the log2 (odds ratio) of changes in regeneration at day 2 (left) and day 4 (right) vs
day 0, showing enriched clusters in green colors and depleted clusters in magenta colors.
Significant changes are indicated by black solid outlines. D, E. In situ hybridization on sections
(D) and quantification (E) of aqp+ parenchymal cells in regenerating planarians after 0 and 4

days of regeneration. Mann Whitney U-test p-value < 10e-7. Scale bar: 100 pm.

35



A
Planaria

Differentiation  Differentiated cells \ == dissociate cells (40-50 individuals) Single cell sequencing (Drop-seq)

StemCells ~__—7 :
3 (neoblasts) O (.(9@ Cell type 1 fix cells Barcoded | © Single cell
& Cell type 2 X1 cells (methanol)
8 o o 7 @O Cell type . T 7 (c2Mneobiasts) beads o capture
£
2 m Cell type 3 2 2 whole cryopreserve I \‘\ _ \
E 3 50-0-0-0— Celityped | §81 ot cells (DMSO) % *
O e =z
5 o) .~.—.-. 0~0-0 @ Cell tyEe 5 <3 d:;'r'is process cells Sinal °
s Proliferation =~ : : N ingle o
3 Cell type N alive cels o
'5 Constant proliferation and differentiation
(%)) (homeostatic cell turnover and regeneration) calqein 1 bead + 1 cell = 1 single cell profile
(cytoplasmic content)
B C
20 mssct body 21612 cells microscopy drop-seq
muscle Baguia and Romero, 1981
muscle v :‘ otf+ cells 2
pharynx L] -
npp-18+ neuronal
o e neurons
muscle . ChAT
10 progenitors 8.7 o neurons 1ChAT
° Ly e neurons2 GABA
A é.‘ neural progenitors. neurons
5% 2 cav-1+ neurons 1
parenchymal A » Sp'p—‘l 1‘ +neurons
o secretory
L(E pigment S A S(te? ggls[f o T secretory 1 ot cells 1
Z 0+ ‘ . ?’g o ot . MEE 'Y secret;ry q  secretory2
2] ¢ 0 o ESATEEE R R e secretory
glia L IS 0y activated early
pgrn+ 2 aredchymal 5o o e " epnderlﬁal epidernial prdgenitors
n:ams.}xr genitors ‘<l giag . o1, Jepitiermis’ DvB . nedblasts
- : pmgsnnorg,:}. : ne.ohljs;harygmwnephrldua carly epidermal [ Neoblast [ Gastrodermal
-10 N ; . phagocytes goblet coff '.progemtors s AT I:I Epidermal - GOblet
aqp+ ; 3 B " psd+ cells .'\.' pharynx . . .
parenchymal cell? psap+ epidermis DVb = Rhabdite [l Acidophilic
¢ parenchymalcen  GUt L epidermal [ Fixed Parenchymal [ Basophilic
Idirr-14+ epidermis - late epidermal .
parenchymal cells *%= . progenitors 1 [ Pigment ] Flame
-20 - * RS ke cpicerman [ Nerve [ Striped
. . . progenitors 2 I Muscular [1 Unclassified
-20 -10 0 10
tSNE 1
D E F
phagocytes goblet cells body muscle general muscle aqp+ parench. cells psap+ parench. cells
be i & <
\g
apolipophorin bruixot mhe troponin aqgp psap

phagocytes body muscle agp+ parenchymal cells

goblet cells general muscle psap+ parenchymal cells




o

[ neoblasts
3 progenitors
I differentiated cells

2 4 6

0.75 0.8 0.85
r correlation score

neoblasts
progenitors
differentiated cells

X2 Xins whole worm



A B potency score

muscle
pharynx npp-18+ neurons
(0]
spp-11+ neurons
°
muscle muscle neuronal

body

secreto ry ChAT neurons 2

secretory 2 @

0 05 19
potency score

neoblast 7

muscl
scle neoblast 2

progenitors

parenchymal

neoblast 11
aqp+ parenchymal cells O

5 neural C % X1 cells
< . progenitors o

cav-1+ neurons

psap+ parenchymal cells ’ O protonephridia
secretory 1

neoblast 13

neoblast 8 GABA neurons

psd+
parenchymal progenitors
pigment

Idirr-1+

parenchymal cells A coblast 0N activated early

. . o
epidermal progenitors —
0 15 30
% X1 cells

pharynx cell type O cellg

progenitors O early epidermal
neoblast t pidermis progenitors progenitors
pgrn+ P D % h2b cells
parenchymal cells DVb neoblast gut epldermal

glia late epidermal

pharynx cell type @ progenitors 1

@
pharynx oti+cells 2@ @ phagocytes
cell type epidermis DVb late epidermal
epidermal progenitors 2

— |
DVb 0 0.5 1 o
edge confidence :

% H2B cells

7 A AAAAT A
1 AT A AT /{%
1117 TTTT 4

.

g

PR & & 4

0.0 1.0




A npp-18+ neurons

spp-11+ neurons
neuronal

ChAT neurons 2
O

ChAT neurons 1

muscle

muscle
pharynx

muscle
body

secretory
secretory 2

scle neoblast 7

psd+ cells . : neoblast 2
R roggnitors X

parenchymal P “secretorf/ 4

neoblash11 / neoblgst12 _neural

aqp+ parenchymal cells . ; .- progenitors
\nteobla 6 H '. cav-1+ neurons

ecretary \ O

sap+ parenchymal cells s \
psap+ p: V! negblast 8. U L protonephridia O
GABA neurons

O secretory 1
neoblast 13
neoblast 3
-C. - .. goblet cells
. epidermal neoblasts
neoblast 5 otf ] O\ O3 activated early

parenchymal progenitor:

neoblast 1

pigment
eoblast 10,
[\

Idirr-1+

arenchymal cells J
p Y v cell tvpe Y2 celsl
pharynx cell type A gut early epidermal

progenitors &opiasth pfogenitors progenitors

epiflermis .
OVb heoblasjgut epidermal

late epidermal
progenitors 1

parn+
parenchymal cells

glia

pharynx cell type

eoblast 9 epidermal progenitors

pharynx otf+ cells 2 phagocytes
cell type epidermis DVb late epidermal
epidermal progenitors 2
DVb epidermis
B neoblast 1 en eep lep1 lep 2 epidermis
[ I I
< max - T T
f_“, . &
c
R
)]
[%2]
[}
—
o
x
o
MiN o eotm—

pseudotime

AGA

Marker based

AGA + velocyto

differentiated cells

progenitors

Smedwi-1
prog-1
agat-1
vim-1

rand1
rand2



A muscle

muscle
secretory secreto
neuronal all lineages i neuronal
mmp (H)0e000@®-O0 —)
. gene a clustering
parenchymal epidermal gene b expr'ession prf:files parenchymal
gene c & interpolation epidermal
cell type on;, genex pharynx gut
YP€ epidermal DVb cell type epidermal DVb
B muscle neuronal parenchymal gut epidermal
Gene Set 32 (224) Gene Set 43 (131) Gene Set 1 (8) Gene Set 15 (65) Gene Set 35 (130)
mhce i

' coe
myoD s

chat
- \ s
runt-2* ferritin vim-1
cathepsinC ifa-1
H ¥
muscle parenchymal parenchymal epldermal
neuronal neuronal gut
Gene Set 31 (81) Gene Set 20 (8! Gene Set 16 (4) Gene Set 14 (20)
glit

trim9
trim37 traf2
traf1 Ve creb3
N\ nfx-1 LN
arenchymal arenchymal
P y P v neoblast
neuronal, muscle, neuronal, gut
Gene Set 30 (117) Gene Set 17 (58) Gene Set 11 (37)
v
nova tor % N .
paxillin - 7, beat-3 « Smedwi-1
(U —
s [ min max
AY \ ,

norm. expression



. B neoblasts neural parenchyma
regeneration

day 0 day 2 day 4 prog. diff. prog. diff.

discard

heads ﬂ @ e e e e
= vHEH e C " . =R
H Bm_ge-8e .- 1m0 (il BE
4 [ day4
3
- _ 6 @ %) 30 4 3 4
3
= ' s s ® 20 2 i 2
2
x 1 l 10 1 1 1
' Single cell sequencing (Drop-seq) o o 0 0 o

day 2 day 4

@~@

missing value 1l

significant change [ ] -4 Iog-22(odds ra(l)io) 2

@
3
0

IS
&
T

agp+ parenchymal cells / mm?

N
3
0

' '
day 0 day 4



AVAAAS

Supplementary Materials for

Cell Type Atlas and Lineage Tree Reconstruction of Whole Adult Animals by

Single-Cell Transcriptomics

Mireya Plass, Jordi Solana, F. Alexander Wolf, Salah Ayoub, Aristotelis Misios, Petar Glazar,

Benedikt Obermayer, Fabian J. Theis, Christine Kocks, and Nikolaus Rajewsky

correspondence to: rajewsky@mdc-berlin.de

This file includes:
Materials and Methods
Supplementary Text
Supplemental Notes 1-5
Figs. S1 to S22
Other Supplementary Materials for this manuscript includes the following:

Table S1-S10 as xIsx files



Materials and Methods:

Animals and treatments

All animals belonged to the Berlin-1 strain of asexual type Schmidtea mediterranea and
ranged 4-10 mm in size. For RNAi experiments, dSRNAs were synthesized as previously
described (47, 55). Animals were injected with dsSRNA against the coding region of 4#2b or gfp
for three consecutive days, kept at 20°C, and their cells prepared for FACS and single cell
transcriptomics 5 days after the third injection. dsSRNAs were delivered at a concentration of 1
pg/ul. For regeneration experiments, animals ranging 4-10 mm in size were cut in 5-7 pieces, the
head pieces were discarded and the remaining pieces were processed for Drop-seq immediately,

2 or 4 days after cut.

FACS experiments

FACS experiments were performed as previously described (23, 24). Essentially, planarians
were cut into little pieces on ice and in the presence of trypsin to help cell dissociation. Cells
were then sequentially filtered through 40 pm and 20 pm filters and stained with the cytoplasmic
dye Calcein-AM (BD Biosciences, at a final concentration of 0.5 pg/ml) and the nuclear dye
Hoechst 33,342 (Fluka Biochemika, at a final concentration of 20 pg/ml). Propidium iodide was
used to discard dead cells. Cells were then sorted with a BD FACSAria III. Two wild type and
RNAi samples were sorted directly into ice-cold methanol 80% in PBS (28). The final
percentage of methanol was adjusted to 70%, after being diluted with the incoming FACS sorted
cells. An additional wild type sample was sorted in a 10% DMSO in PBS solution and frozen
directly after FACS collection. Furthermore, an additional wild type sample, as well as the X1

population together with its whole cell population wild type control, were sorted into PBS and



directly processed for Drop-seq. Whole cell population gating was achieved by sorting the
Hoechst positive, Calcein positive, PI negative population of cells. X1 gating is achieved by

sorting the population of cells with double content of DNA.

Drop-seq procedure, single cell library generation and sequencing

Monodisperse droplets of about 1 nl in size were generated using microfluidic PDMS
devices (Drop-SEQ chips, FlowJEM, Toronto, Canada; pre-coated with Aquapel). Barcoded
microparticles (Barcoded Beads SeqB; ChemGenes Corp., Wilmington, MA, USA) were
prepared and flowed in using a self-built Drop-seq set up (3) (Online-Dropseq-Protocol-v.3.1

http://mccarrolllab.com/dropseq/). Cell preparations were kept on ice and handled in the cold

throughout. Live and cryopreserved (29) thawed cells were centrifuged at 300 x g for 3 minutes.
Cells fixed in methanol (28) were centrifuged at 3000 x g for 5 minutes and resuspended in the
presence of 1 unit/ul RiboLock RNAse inhibitor (Thermo Scientific). Cell pellets were
resuspended in 1 ml PBS + 0.01% BSA, centrifuged again, resuspended in 0.5 ml in PBS +
0.01% BSA, passed through a 35 pm cell strainer, counted with a Nanoentek Eve Automatic cell
counter (with default settings; min. size 5 pm), and diluted to 1.5 ml. Table S1 lists the final cell
concentrations. Droplets were collected in 50 ml Falcon tubes for ~13 minutes, corresponding to
~1 ml of combined aqueous flow volume (1 ml cells and 1 ml of beads). Droplets were broken
promptly after collection and barcoded beads with captured transcriptomes were reverse
transcribed and exonuclease-treated. First strand cDNA was amplified by equally distributing
beads from one run to 24 or 48 PCR reactions (50 pl volume; 4 + 9 cycles). 20 or 10 pl fractions
of each PCR reaction were pooled (total = 480 pl), then double-purified with 0.6x volumes of
Agencourt AMPure XP beads (Beckman Coulter, A63881) and eluted in 12 pl. 1 pl of the

amplified cDNA libraries were quantified on a BioAnalyzer High Sensitivity Chip (Agilent). If



necessary, more cDNA was purified from the PCR reactions. 600 pg cDNA library were
fragmented and amplified (12 cycles) for sequencing with the Nextera XT v2 DNA sample
preparation kit (Illumina) using custom primers enabling 3’-targeted amplification as described.
The libraries were double-purified with AMPure XP Beads (0.6x, 1x), quantified and sequenced
(paired end) on Illumina Nextseq500 sequencers (library concentration 1.8 pM; Nextseq 500/550
High Output v2 kit (75 cycles) in paired-end mode; readl = 20 bp using the custom primer

Read1CustSeqB (3), read 2 = 64 bp).

scRNA processing and quantification of gene expression using Digital Expression Matrices

Raw scRNA-seq data was preprocessed to create a Digital Gene Expression Matrix (DGE)
using Dropseq tools v 1.12. Briefly, paired-end reads, one containing the cellular and the
molecular barcodes and the other containing an RNA fragment, were joined in a bam file using

picard-tools v 1.95 (http://broadinstitute.github.io/picard) and sorted using samtools 1.3. Reads

were then tagged with the cell and the molecular barcodes (UMIs), trimmed at the 5’end to
remove adapter sequences, and at the 3° end to remove polyA tails using Dropseq tools with
default parameters. Next, reads were mapped to the S. mediterranea dd_Smed v6 transcriptome

assembly (http://planmine.mpi-cbg.de) (56) using STAR v 2.5.1b (57). Using a custom perl

script, we added the corresponding gene tag to each mapped read in the sam file equivalently to
what is done using Dropseq tools when mapping to the genome. Finally, Dropseq tools were
used to correct for bead synthesis errors affecting the last position of the cell barcode.

To distinguish real cell transcriptomes captured in the drops from ambient RNA, we plotted
the cumulative fraction of uniquely mapped reads assigned to each cellular barcoded for each of
the sequenced barcodes ordered decreasingly, and identified the inflection point of the curve

using the R package dropbead (https://github.com/rajewsky-lab/dropbead). The final DGE for




each of the samples was obtained using Dropseq tools by counting the number of UMIs assigned
to each gene in each of the selected cells using all mapped reads. The summary of all the stats for
each sample can be found in Table S1. The raw fastq files as well as the individual DGE

matrices for each dataset can be found on GEO with the accession GSE103633.

Data clustering

DGE expression matrices were joined and analyzed using the R package Seurat vl.4

(https://github.com/satijalab/seurat). Only genes expressed in at least 3 cells and cells with a

minimum of 200 genes were kept. For each cell UMI counts per gene were normalized to the
total UMI count of the cell and log transformed as norm = log(UMI+1). To prevent the inclusion
in the analysis of doublets, cells with more than 2500 genes were also discarded (Table S1). A
total of 21612 cells from the 11 experiments were included in the final analysis. Next, we used
Seurat to regress on the number of UMI counts per cell to remove possible bias coming from the
differences in the number of UMIs per cell observed. The clustering of the cells was done using
only variable genes, which were those with a mean expression between 0.01 and 3, and a
dispersion bigger than 0.4 using the function MeanVarPlot. The variable genes were then used to
perform a Principal Component Analysis (PCA). The top 50 PCs obtained were then tested for
significance using a JackStraw test with 100 replicates and those with a p-value < le-5 were used
to perform the clustering. This is a Louvain based clustering on the cell neighborhood knn graph
(58). Clusters were identified using the function FindClusters from the same package using a
resolution of 6. To prevent obtaining spurious clusters result of overclustering, the robustness of
the clusters was calculated using the function AssessNodes from Seurat. For each cluster, the
average expression of all variable genes (4910) is computed and a phylogenetic tree based on the

distance matrix in gene expression space is computed. Next, it computes an Out of Bag error for



a random forest classifier trained on each internal node split of the tree. We recursively build a
tree and assessed all its nodes, merging all clusters with an out of bag error bigger than 0.1 until
no such nodes were found. This procedure allowed us to identify a final set of 51 clusters with
large differences in their cell number, from neoblast 2 (13 cells) or the glia (24 cells), to the

neoblast 1 cluster that contains more than 6000 cells.

Identification of cluster specific marker genes

To identify differentially expressed genes in each of the clusters relative to the rest of the
cells in the analysis, we used the function FindAllMarkers from Seurat package, using the
likelihood-ratio test. Only genes enriched and expressed at least in 25% of the cells in one of the
two populations and with a log fold difference bigger that 0.25 were considered. Manual
inspection and experimental validation using in situ hybridizations of the marker genes reported

allowed the identification of the different cell populations as described.

In situ hybridization, immunohistochemistry and imaging

Riboprobes were generated by in vitro transcription of PCR products generated as described
above, with only one T7 promoter linked to the 3’ end of the amplicon, and in the presence of
digoxigenin-labeled UTP (Roche). The products of in vitro transcription reactions were then
treated with DNAse. Riboprobes were then precipitated in ethanol in the presence of LiCl and
glycogen and resuspended in 50% formamide in TE buffer, 0.01% Tween. The primers used are
listed in Table S9.

Whole mount in situ hybridization and in situ hybridization on histological sections were
performed as previously described (59, 55). Briefly, for whole mount in situ hybridization

animals were killed in a 2% HCI solution, fixed in Carnoy's solution, bleached in an 8%



H,0O»/methanol solution and rehydrated. For in situ hybridization on histological sections animals
were killed in 37% formaldehyde (Roth) for 3-5 min, fixed in 4% paraformaldehyde in PBS for 4
hours, washed in PBS overnight, dehydrated through a series of ethanol solutions and xylene
substitute (Sigma) and embedded in paraffin. Specimens were sectioned in 10 um slices and laid
in poly-L-lysine pre-coated slides. Slides were then rehydrated through xylene substitute (Sigma)
and a series of ethanol solutions. Animals or slides were then permeabilized with Proteinase K
(Sigma), treated with 0.25% and 0.5% acetic anhydride in 0.1M triethanolamine pH 7.6,
prehybridized and hybridized with digoxigenin labelled riboprobes (0.2 ng/ul, O/N at 56°C),
washed, immunolabeled with anti-digoxigenin-alkaline-phosphatase antibody (Roche) and
developed in the presence of NBT and BCIP (Roche). For double fluorescent in situ
hybridization on sections, probes were labeled with digoxigenin and fluorescein, detected with
an anti-digoxigenin-peroxidase antibody and an anti-fluorescein peroxidase antibody
respectively (Roche), and the signal was developed with the Tyramide Signal Amplification kit
(Perkin Elmer). Whole mount animals were imaged with a Keyence microscope using the full
focus function. Sections were also imaged with a Keyence microscope. For aqp+ cell counting,
in situ hybridization of agp was performed on 6 slides containing sections of regenerating
animals of day 0 and 4. Positive cells were automatically counted using a custom script for

Imagel.

Sample correlation

DGE expression matrices were processed independently and analyzed using the R package

Seurat v1.4 (https://github.com/satijalab/seurat). Only genes expressed in at least 3 cells and

cells expressing a minimum of 200 genes were kept. To prevent the inclusion in the analysis of

doublets, cells with more than 2500 genes were also discarded.



We assigned to each gene the log of the sum of UMIs for all the cells included + 1. For each
pair of samples, we compared their expression profiles and calculated the Pearson correlation
coefficient across samples (Fig. SIB). We used the same approach to correlate the expression

profiles of the cells in each sample per cluster (Fig. SIF).

Sample correlation to RNA-seq datasets

We downloaded X1, X2, and Xins FACS sorted samples and whole worm RNA-seq
samples from GEO database (Table S10). The data was mapped to planarian transcriptome as
described for the Drop-seq samples. All the reads mapped to different transcripts belonging to
the same gene were counted once and the total read count was then assigned to the gene. The
final expression of each gene was normalized to the number of reads in the dataset and expressed
as tags per million mapped reads (TPMs). The Pearson correlation coefficient between the log of
TPMs +1 and the log of the normalized UMIs +1 was calculated for each pair of samples (Fig.

S10).

PAGODA analysis

We used PAGODA (40) to functionally characterize the cell clusters identified with Seurat.
For each gene, we obtained their GO term annotations from Planmine (56). All the genes
containing the same GO term were joined in a gene set, and those sets containing at least 5 genes
were kept to perform the clustering with PAGODA. We used 5% of the cells to fit the knn error
model and only valid cells were kept for further analyses. We selected as top aspects those with a
z-score < 0.01. Finally, we reduced the number of aspects based on their PCA loadings and on

their redundancy (distance threshold = 0.6).



To prevent that the amount of cells in the different clusters would bias the identification of
variable pathways in the analysis of all the cells, we sampled the 100 cells with the highest UMI
count per cluster (if possible). This amounts to a total of 4395 cells used for the analysis. In the

parenchyma and gut analysis, all the cells belonging to these clusters were used (3306 cells).

Lineage Tree Reconstruction

We use the partition-based graph abstraction (PAGA) (22) for inferring the lineage tree. The
graph abstraction algorithm reconciles clustering and trajectory inference by explaining data
variability both in terms of discrete and continuous latent variables. For this, it considers a
partitioned graph of neighborhood relations among data points. By quantifying both the distances
between nodes using a random-walk based measure and the connectivity of given partitions, it
generates a much simpler abstracted graph in which nodes correspond to partitions of the original
graph. The differentiation tree arises as the tree-like subgraph in the abstracted graph that best
explains the global topology of the original graph. In simple cases, this can be found by fitting a
minimum spanning tree into the abstracted graph, weighted with inverse connectivity. For the
complex topology of the planaria data though, it is necessary to fit a tree-like subgraph that
optimizes continuity when transitioning between edges.

We use a clustering of the data that we inferred using the Louvain algorithm (58) in the
implementation of Seurat (3). The clusters that arise from the Louvain algorithm define, by
construction, partitions of the graph of neighborhood relations among data points and we can
readily use graph abstraction for inferring an abstracted graph and, within that, a lineage tree
(Fig. 3A).

The code is available within the single-cell analysis framework Scanpy (60) on Github

https://github.com/theislab/scanpy. Results for the present study as well as more detailed




information on the analysis can be found at https://github.com/rajewsky-lab/planarian_lineages.

Additional information on the computational method can be found on the Supplementary Note 3.

RNA velocity analysis

We applied velocyto (44) to calculate RNA velocity on the data. RNA velocity
distinguishes between spliced and unspliced reads in order to estimate the rate of transcriptional
change of each cell. It then extrapolates the transcriptional states of the cells in the near future,
plotting the RNA dynamics on a given embedding.

In order to extract spliced and unspliced reads, we mapped the reads from all the single cell
runs to the planarian genome (SmedAsxl Genome Assembly v1.1) downloaded from SmedGD

(http://smedgd.stowers.org/) (67). To obtain an annotation, we mapped the transcriptome to this

genome version using STARlong (57) with the following parameters (--outSAMattributes NH HI
NM MD --outFilterMultimapScoreRange 1 --outFilterMismatchNmax 2000 --scoreGapNoncan -
20 --scoreGapGCAG -4 --scoreGapATAC -8 --scoreDelOpen -1 --scoreDelBase -1 --
scorelnsOpen -1 --scorelnsBase -1 --alignEndsType Local --seedSearchStartLmax 50 --
seedPerReadNmax 100000 --seedPerWindowNmax 1000 --alignTranscriptsPerReadNmax
100000 --alignTranscriptsPerWindowNmax 10000). After mapping, we discarded all transcripts
that were multiple mapped and kept only genes for which all its transcripts were mapped to the
same contig for which we generated a gff annotation file using custom perl scripts.

We ran the Command Line Interface (CLI) of velocyto with permissive logic settings. In
this analysis, we used the mapping to the transcriptome only for those cells present in the final
Seurat analysis, as described above. We further discarded cells that either did not have enough
UMIs after the new mapping, or they did not have unspliced reads. Using the remaining 19140

cells, we selected a subset of genes based on their coefficient of variation (CV), average
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expression, and a minimum expression of spliced and unspliced reads in total. With these
criteria, we selected 2795 genes that were used to perform a PCA. Using the 75 first principal
components, the data was imputed/smoothened (using k=200 nearest neighbors) and normalized.
We used the standard python implementation of velocyto with default parameters for fitting gene
models, predicting velocity, extrapolating and plotting (a jupyter notebook, with all the analysis

in detail, is available in the project’s github repository: https:/github.com/rajewsky-

lab/planarian_lineages) (Fig. 3E; Fig. S12). For these plots we used the tSNE embedding as

produced by the Seurat analysis. Finally, we estimated the differentiation start and end points
(Fig. 3F,Q), using the functions prepare markov and run_markov included in velocyto. These
use backward and forward markov processes on the transition probability matrix of the cells to

determine high density regions for the start and end points of trajectories, respectively.

Gene expression clustering

We used the R package som (62) to cluster gene expression profiles of cells sorted
according to pseudo time. First, we used MAGIC (63) to impute the single cell UMI counts per
gene in the whole dataset in order to better recover the gene-gene correlations underlying in the
data. For the imputation, we used 100 PC and t = 10. Next, the expression values for each gene
were normalized.

For the lineage specific SOMs (Fig. S8A), the clustering analysis was restricted to a subset
of variable genes expressed in at least 15 cells from the clusters of interest. We selected variable
genes using the function MeanVarPlot from the Seurat package (parameters x.low.cutoff = 0.3,
y.cutoff = 0.1). In the global SOMs (Fig. 6B and Fig. S13), we selected variable genes

(expressed in at least 15 cells) belonging to the neoblast 1 cluster or any of the clusters included
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in lineage trajectories finishing in differentiated cell type clusters (Fig. 4A). To select variable
genes, we also used the function MeanVarPlot (parameters x.low.cutoff = 0.3, y.cutoff = 0.01).

To create the SOMs, we generated a matrix in which the cells from each of the clusters were
added consecutively and within each cluster sorted according to pseudotime. We used this matrix
as input for the function som (xdim = 1, ydim = 20 or 50 for lineage specific and global SOMs
respectively). In the case of the global clustering analysis, the clustering provided 48 gene sets.
The genes belonging to each set are provided in Table S4.

For each cluster, we calculated the average gene expression of each gene set. Changes in
expression of gene sets on connections between clusters were inferred by linear interpolation.
We used the python packages networkx and matplotlib to draw the lineage trees and associated

information.

Differential gene expression analysis

To identify differentially expressed genes in the regeneration samples to the control we used
the function DiffExpTest from the Seurat Package, which implements a likelihood-ratio test
(LTR) method for the identification of differentially expressed genes in single cell data (64). We
calculated differentially expressed genes for each cluster independently, comparing day 4 and
day 2 samples to regeneration day 0 sample. Additionally, we pooled all the cells from each
sample and calculated differentially expressed genes for the whole sample. We finally kept as
differentially expressed genes those having an adjusted p-value < 0.05 and a |[log2FC| > 0.58

(Table S6, S7 and S8).
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Supplementary Note 1: Cell type characterization and nomenclature

To characterize the cell types included in each of the clusters we first correlated their gene
expression patterns with those of previously published single cell sequencing experiments. First,
we scored each of the predicted clusters using the list of marker genes from Wurtzel et al. (42).
For each cluster, we defined the score of a gene set as the log of the average number of
normalized UMIs of the set in a given cluster. The distribution of all the scores for all clusters
using the marker gene sets is shown in Fig. S2A. We used these scores to classify the clusters in
major groups, assigning each cluster the identity of the cell population with the highest score.
This comparison readily showed that our tSNE representation is roughly distributed in 7
territories that showed markers of neoblasts (clusters 1-15), neural (clusters 16-24), muscle
(clusters 25-27), parapharyngeal (clusters 28-31), epidermal (clusters 32-39), protonephridia
(cluster 40) and gut (clusters 41-51) described previously (42) (Fig. 1B, S2B). Interestingly,
neoblast clusters were at the center of the tSNE plot, and expressed well-known neoblast marker
such as Smedwi-1 (dd_Smed v6 659 0) (Fig. S3).

Epidermal clusters expressed markers of different epidermal populations, including
progenitors (clusters 32-36) indicating that other clusters connected to the central neoblast cluster
(Fig. S2B) and that expressed neoblast markers to a lower extent (Fig. S2A, top row) might
correspond to progenitors as well. Thus, our single cell sequencing experiment contains not only
neoblasts and differentiated cells but also their progenitors.

To further characterize differentiated cell types, we compared the groups highlighted in Fig.
S2B to the cellular proportions found by Bagufia and Romero in their 1981 description of major
planarian cell types (30). We used as a reference their quantification of 7 mm planarians, roughly

comparable to the ones used in our experiments. We took several assumptions:
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a) Bagufia and Romero did not distinguish mature from progenitor states and only left a 5%

of cells “unclassified”, in which they counted “cells that are difficult to assign to a specific cell

2 (13

type”, “mainly cells in the process of differentiation”. However, only our early epidermal
progenitors accounted for roughly 12-15% of our total cells, exceeding the 5% of unclassified
cells. Thus, it is possible that these early epidermal progenitors already look like epidermal cells
morphologically and that Bagufid and Romero counted them in their “epidermal” class.
Similarly, other progenitors might resemble their differentiated state morphologically and might
have been counted in their respective classes.

b) “Rhabdite” cells were “presumed to be the precursors of epidermal cells”, so we assumed
they represent some of our epidermal clusters.

c) “Acidophilic” and “Basophilic” secretory cells might correspond to our “secretory
clusters”.

d) We did not find an equivalent to their “Striped” class.

e) We initially did not detect an equivalent for the “fixed parenchymal cells” at first. These
are an abundant cell type (15% of planarian cells) located in the parenchyma of planarians -the
tissue between the body wall and the gut of the animal (Fig. S2A). However, we observed a
group of clusters (Fig. 1B, magenta, clusters 41, 43-47 and 49) that expressed markers from cells
located in the parenchyma discovered in another study (39) (Fig. S4). Their abundance in our
dataset (11.7%) was consistent with the literature, indicating that they could represent the “fixed
parenchymal cells” described by microscopy (Fig. 1C).

To validate and elucidate the identity of our cell clusters we performed in situ hybridization

experiments (Fig. 1D; Fig. S5). These revealed that markers of clusters 43 and 46 are also

expressed in parenchymal cells (Fig. S5), indicating that these new cell types are the molecular
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equivalent to the morphologically described fixed parenchymal cells (35). However, we find
several classes of parenchymal cells that are non-overlapping (Fig. 1F). To name parenchymal
cell types we looked at their marker genes. Cluster 41 expressed the known marker Idlrr-1
(dd Smed v6 1581 0) (Fig. S4) (39), cluster 43 expressed the marker agp
(dd_Smed v6 1103 0) (Fig. 1F, S5), cluster 45 expressed the marker pgrn (dd_Smed v6 67 0)
(Fig. S5) and cluster 46 expressed the marker psap (dd Smed v6 663 0) (Fig. S5). We also
found glial cell markers such as estrella (dd Smed v6 1792 0) , if~1 (dd Smed v6 12254 0)
and cali (dd_Smed v6 9961 0) (Fig. S4) (cluster 47) (38, 39) and pigment cell markers such as
pbgd-1 (dd_Smed v6 626 0) and kmo-1 (dd_Smed v6 6831 0) (cluster 44) (36, 37).

Our in situ experiments showed that markers of both clusters 42 and 48 are expressed in the
gut (Fig. S5) and are non-overlapping, showing that they are different cell types (Fig. 1D).
Cluster 42 expressed the marker apolipophorin (dd_Smed v6 194 0) (Fig. 1D, S5) and cluster
48 expressed a novel gene that we called bruixot (dd Smed v6 131 0), a novel marker of goblet
cells. Clusters 42 and 48, together with cluster 51 had a combined abundance of 5.2% of wild
type cells, much more comparable to the 4% and 1% that Bagufid and Romero had found for
phagocytes and goblet cells.

We could not confirm the identity of cluster 50, which is also related to the gut or the
parenchymal cells by marker expression, and we named it after the marker psd
(dd_Smed v6 9018 0) (Fig. S4).

We also confirmed that cluster 37 contained cells from a previously unknown pharynx cell
type (Fig. S5) related to the epidermis (Fig. S2). Cluster 39 contains a special type of epidermal

cells located at the dorso-ventral boundary (epidermis DVb) (Fig. S5), already described by
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Waurtzel and coworkers (34). Cluster 34 contains a subtype of epidermal progenitors that are
more frequent in regeneration samples and that we called activated early epidermal progenitors.
We also confirmed that clusters 25-27 contained different types of muscle cells. The general
marker troponin (dd_Smed v6 323 0) and the body muscle marker mhc (dd Smed v6 432 0)
(cluster 25) colocalized in all muscle except for the pharynx (Fig. 1E). Cluster 26 had the known
pharynx marker /aminin (dd_Smed v6 8356 0) and therefore represents the pharynx muscle.
We also confirmed that markers of our neuronal clusters were expressed in the brain and
CNS (Fig. S5). We examined the markers of these clusters to name these cell types and
compared them to the literature (49, 65). Clusters 19 and 24 expressed the markers chat
(dd_Smed v6 6208 0) and chat? (dd Smed v6 11968 0), cluster 23 expressed the GABA
receptor gbrb-1 (dd_Smed v6 19336 0), cluster 22 expressed the marker cav-1
(dd_Smed v6 8555 0), cluster 16 expressed the marker spp-1/ (dd Smed v6 1724 0) and
cluster 17 expressed the marker npp-18 (dd Smed v6 1117 0). The neuronal related clusters 18

and 21 (Fig. S2) expressed the marker ot/ (dd_Smed v6 5915 0) (Fig S4).
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Supplementary Note 2: Functional characterization of cell clusters using PAGODA

We used PAGODA (40) to characterize the function of the different cell clusters identified.
This method is designed to overcome the noise in single cell data and identify gene sets whose
expression is coordinated in specific groups of cells. In this analysis, we used as gene sets groups
of genes sharing the same GO term. When analyzing all clusters, we observe that the clustering
of the sampled cells using GO term based gene sets recapitulates the graph-based clustering of
cells done with Seurat. However, PAGODA is not able to separate neoblasts and progenitor
clusters (Fig. S7A). These clusters are mostly characterized by a higher expression of genes
involved in RNA processing. Additionally, this analysis also confirms the functional identity of
some of the clusters, such as muscle cells, which are enriched in genes related to contractile fiber
and collagen trimer. In this joint analysis we also find similarities between gut and parenchymal
clusters, which are grouped together. The clusters from these cell types are closely related and
share several GO terms such as lysosome, extracellular region, lipid catabolic process and
metallopeptidase activity (Fig. STA). Consistent with these results, Baguia and Romero already
noted a high incidence of vacuoles and lipid droplets in gut cells as well as in the fixed
parenchyma cells (30).

To investigate further the differences between these related lineages, we performed an
additional PAGODA analysis including only gut and parenchymal lineages (Fig. S7B). In this
analysis, we found that cells from progenitor clusters are quite similar and appear together in the
clustering. These cells show high expression of genes annotated with mRNA metabolic function,
mitotic cell cycle, and transcription, suggesting that they may still share undifferentiated traits
with neoblasts. The clustering of the rest of the cells using the GO term defined gene sets

recapitulates the groups obtained using Seurat. As seen in the previous analyses, several of the
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terms are shared by gut and parenchymal clusters, such as vacuole, cytoplasmic vesicle as well as
several other term related with enzymatic activity. We also see a clear enrichment of terms
involving transport and enzymatic activity in phagocytes, such as symporter activity, secondary
active transmembrane transporter activity, oligosaccharide metabolic process and serine type
endopeptidase activity. In contrast, we find clear enrichment of other GO terms like to
protoporphyrinogen 1X biosynthetic process and metallopeptidase activity in parenchymal cells
(Fig. S7B). Top markers of the parenchymal clusters include lysosomal enzymes
(dd_Smed v6 642 0) and amino acid synthetases (dd Smed v6 646 0) among others. These
results suggest that the parenchymal lineage shares metabolic functions with the gut and that it
may be responsible for some biosynthetic processes as well as containing specialized functions

such as those from glial and pigment cells.
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Supplementary Note 3: Fundamentals and robustness of PAGA

As Planarians regenerative capabilities suggest that a comprehensive snapshot of the
cellular spectrum of an adult planaria is likely to contain many transitional states between
different cell types, planarians offer a unique system for studying the statistical inference of its
cellular lineage relations. In this supplementary note, we show why previous methods are not
able to accomplish this task while our approach yields a robust inference of an unprecedented
rich structure of topological relations among cell types. In the main text, we validate that the
large majority of these topological relations corresponds to actual biological lineage relations.
Finally, we inspect more closely inspect the epidermal lineage. To reproduce the figures of these

supplemental notes, go to https://github.com/rajewsky-lab/planarian_lineages.

Manifold-learning-based data embeddings cannot represent complex topological properties of

high-dimensional data

Low-dimensional non-linear embeddings can only provide a topologically faithful
visualization of a dataset if its topology is sufficiently simple. In many data science problems,
one is merely interested in distinguishing discrete, clearly separated categories into which
observations may be classified. This occurs for single-cell datasets that only contain clearly
separated cell types. Topologically, this corresponds to a simple collection of point-like objects,
for which the tSNE algorithm provides faithful visualizations, good abstractions, in which
distance locally has a qualitative interpretation in terms of biological similarity. However, the
rich continuous structure of the planarian single-cell data, with its mostly connected components,
cannot be captured by low-dimensional embeddings, which are insufficient, as seen by the

comparison of the tSNE (54) and the force-directed drawing of the single-cell graph using the
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Fruchterman-Reingold algorithm (66). (Fig. S17). This observation has been previously noted

upon studying examples with much simpler topology (67).

Conceptual differences between graph abstraction and previous methods

To infer topological relations, we study the connectivity patterns of a partitioned
neighborhood graph of single cells; an approach that some of us have termed partition-based
graph abstraction (PAGA). All previous methods try to infer lineage relations based on estimates
of average distances between clusters in a usually dimensionally-reduced high dimensional
space. However, the assumption that justifies this strategy is fundamentally wrong: any
unsupervised distance measure can only reflect biological similarity in the limit of very small
distances, that is, on a local scale. This can be understood as follows: let us quantify biological
similarity sp;, € [0,1] of cells using a function f of a fixed, unsupervised distance measure dy in
a high-dimensional space X of the measured variables, for instance, euclidian or correlation

distance,
Spio(L,J) = f(dx(x; — x5)), (1)

where i and j label measured cells and x; and x; their molecular profile; for instance, the vector of

gene expression measurements. Clearly, the function f is unknown. However, we know that in

the limit of dy» — 0, it holds
dyxi—x%x) 20 = sp,(0Lj) 2 1,(2)

if not with certainty, at least with high probability. Irrespective of the precise definition of the

distance measure dy as a function of the difference of two cells (x; — X;), we can use the Taylor
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expansion of fo dy to measure biological similarity of cells. Because of Eq (2), the Oth order

term vanishes,
Sbio (L, /) = V(f © dx)l(x;-x;)=0 * (Xi = %) + O((x; — x)%) (3)

PAGA infers the topological structure of data by solely relying on the limit dy — 0. In this
limit, cells that are close can reasonably be assumed to be biological similar and are hence more
likely to be continuously related —for instance, by a developmental process —than distant cells.
This assumption can be represented by constructing the graph G of neighborhoods of single cells.
Instead of invoking distances between cluster centroids to make inferences about lineage
relations, like other methods, PAGA proceeds by studying the “connectivity” of partitions of the
graph G. By that, it establishes topological relations between partitions, clusters or “cell types”,
instead of distance measurements in a geometric space, like other methods. Through this highly

different design, PAGA achieves a much higher level of robustness.

For single data points, this can only be observed for dense sampling. On the scale of
clusters, this can almost never be observed. With its statistical tests for connectivity of partitions
of the single-cell graph, PAGA leverages the smallest observed scale in the data —in contrast to
all previous methods. For more background, see detailed comparisons with all previous methods

in (22).

Monocle 2 prediction of a lineage tree for planaria shows qualitative inconsistencies

In order to infer a tree of lineage relations, Monocle 2 (/5) uses “reversed graph
embedding”, which aims to fit a geometrical graph-model to projections of the data in a low-
dimensional latent space. Even though, in principle, any model could be used for that, in

practice, only tree-like models are computationally tractable. Hence, Monocle 2 tries to force
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data into a tree-like topology without providing a statistical measure for how reliable the
resulting fit is. The result on the data show, for instance, the epidermal and gut lineages are

distributed across the full tree (Fig. S18).

Robustness of the PAGA cell map for Planaria

Since the advent of computational methods for reconstructing lineage trees from molecular
data (68), these methods (16, 69—73) have been plagued by robustness issues and their reliability
has been rightfully questioned. Here, we address this criticism by showing robustness of our
results with respect to subsampling, the choice of samples, and parameters of the graph
representation. The pseudotime coordinate in the PAGA cell maps is an extension of Diffusion
Pseudotime (/3) for partially disconnected graphs. Its robustness has been demonstrated before
and will not be discussed here. Further robustness studies on different datasets for the PAGA

abstracted graph can be found in (22).

Robustness across subsampling

To assess the robustness of PAGA lineage reconstruction to number of cells, we run PAGA
after subsampling 100%, 80% and 10% of the data. Even when subsampling 80% of the data, the
abstracted graph obtained with 100% of the data is perfectly reproduced, and only when
rerunning PAGA using 10% of the data we observe some major deviations in the topology of the

original graph (Fig. S19).

Robustness using only wild type samples

The abstracted graph obtained when running PAGA using only wt samples (Fig. S20)

shows that the inference of the lineage relations for the wt samples yields nearly the same result
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as the inference using all samples together (Fig. S19A). This reflects that the use of the

regenerating planarian samples does not affect the inference of differentiation trajectories.

Robustness when varying the number of neighbors in the graph representation

The number of nearest neighbors in the single-cell graph is the only parameter of PAGA if
we consider data preprocessing as an independent step. We used 4 different numbers of
neighbors (5, 20, 50 and 100) and compared the resulting abstracted graphs (Fig. S21) with that
of the original plot, which uses 30 neighbors (Fig. S19A). All the graphs show high similarity
thus confirming the robustness of PAGA regardless of the number of nearest neighbors used
from the single-cell graph. Large sampling studies of parameters also showed highly robust

reconstruction of topologies using other datasets (22).

The epidermal lineage

Analysis of marker gene expression shows that between the late epidermal progenitors
cluster and the epidermis cluster, the columns marked dark blue in the “clusters” row, there is a
strong discontinuity of the epidermal lineage (Fig. S22A). This explains why PAGA (Fig. 3, Fig.
S22) fails to place the epidermis in its biologically correct location, even when only the clusters

from the epidermal lineage are explored (Fig. S22B).
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Supplementary Note 4: The potency score

In the literature, there are two main views on how potency of cells can be measured. One
view assumes that the transcriptome of cells with higher potency is less biased towards certain
specific gene sets than those of mature cells. To quantify the degree of “bias of the
transcriptome”, several entropy-based measures have been developed. Another view alludes to
the definition of potency: cells that can develop towards a diversity of fates have higher potency
than cells that can only develop to a small number of cell fates. Griin et al. realized that in their
inferred differentiation trees they only needed to count the number of outgoing edges for each
cell type. They used this number and multiplied it with an entropy-measure to define the
“stemID” score, which they propose to measure potency (/6).

We follow this suggestion but propose to account for confidence in the presence of edges in
the differentiation tree, or more generally, in the abstracted graph. In the framework of graph
abstraction, the confidence weight per edge is given by the attachedness or connectivity of
partitions on the neighborhood graph. Even though there are several ways to define such a
measure, they are all very similar (22). We then define a potency score for each node as the
degree in the abstracted graph, in which weights quantify confidence in the presence of edges
(Fig. 3B). This degree-based potency score agrees better with markers that quantify potency than
Griin et al.’s edge-number score and an expression-entropy based score for measuring potency.
In particular, in contrast to Griin et al. (/6), the framework of graph abstraction makes an
expression-entropy score unnecessary as the degree-based potency score fully distinguishes stem

from more differentiated cells.
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Supplementary Note 5: Characterization of specialized neoblast markers

In planarians, it has been shown the presence of specialized neoblast markers that give raise
to specific lineages (26, 42, 43). In our analysis, we did not find specific clusters containing these
subpopulations, which may be related to the sensitivity of our single-cell sequencing method.
However, these specialized neoblast markers are expressed both among neoblast and progenitor
clusters (Fig. S9-S11). In the lineage analysis done with PAGA, neoblast 1 has the highest
potency as all other clusters are connected to it. All the other neoblast clusters have lower
potency scores and were connected to neoblast 1 (Fig. 3B). These neoblast clusters share the
majority of marker genes with the neoblast 1 cluster (Table S3) and do not correspond to the
previously identified specialized neoblasts (26, 42, 43).

Some of these neoblast clusters indeed are connected to differentiated types (neoblast 4 to
otf+ cells 2, neoblast 11 to secretory 2, epidermis DVb neoblasts to epidermis DVb and
epidermal neoblasts to early epidermal progenitors). All other neoblast clusters are connected
only to the central neoblast 1 cluster.

When ordering the cells in neoblast 1 and progenitor clusters according to pseudotime, we
observe that classical neoblast markers quickly drop with pseudotime whereas specialized
neoblast marker expression increases (Fig. S11). Therefore, the progenitor clusters identified
contain both neoblasts and post-mitotic progenitors that are Smedwi-I negative. These results
suggest that specialized neoblasts are subtypes of an heterogeneous cell type rather than different

cell types that cannot be properly profiled using Drop-seq (74).

25



gAQ Siuepide

1 siojuaboid fewuapide sye|

¢ siojiueboud fewsepide aje|
siopusboid [ewsapida Ajies pejeaoe
S)se|qoau [ewspida

sionuaboid [ewsspide Ajies

suoINaU YaYo
9 1sejqosu

S99 [ewAyoussed +uibd

2 sloyusboud jewepide aye|
sise|qosu [ewuspide

i
'
4
a
'
‘.
«

<
7 B 8 8 o o 5 B - - o —E 1 Isejqoau sioyuaboid b

s . . . . . | |+ . N e . I Aues s190 +psd

m, Apoq m_mw:E

I e S S e S S S S e R ST o SoeaEed jeneu §lig010K00

z - - - - - - - - - . | sioyuaboid [ewspide ere| 80 fewAyouayed +desd
© - N N “ - - - u - 3 sioyuaboid jewhyouared sjjeo %EEocEma +uibd
2 - . M - A - - - [~ [ sajkoobeyd Juawbid

e - o - - o o o o o « | su )89 [ewAyoussed +dbe

o Froi o, 5w oL §vo. 8o, & o0, & v o, §vodaro ¢ sajkoobeyd

2 o & & = = o o & - o 1|80 [ewAyouaied +|-Lp|
3 = i o . © G © = £ 3 opsnw elpuydauojoid

= - < Wl W - . 1 - - e s elibid ) 100 xuAreyd

S T, W Wl Wl W W W . « « siopusboid inb siuugpids

i

€

8

< 2

R

s rozsvo 8 O 8 FO0 8 FO0 8 %0 8 %0 adA} jeo xukreyd 2z Kiojasoes
- - N N N N ° 5 5 9 1SEIqOeU GAQ siwepide  Aiojasoes
= \ 2 5 5 2 £1 Ise|qosU & Kiojeioes
% S s s )
. . A s B . = : : - Sslioineu 1yuo { Kiojesoes
= —o — 5 o —o o « o o « xuAreyd spnuw siopuaboid epsnw
= svozsro & vo 8 vo0 850 8 %0 sloyusboid edAy jed xuhreyd xuAreyd ejosnw
2 s|[ed +psd Apoq apsnuw
Z © = - - - 3 2 8 8 5  Kiojo1008 g suoinau 1yyo
Z - M N N N S 0 T T T s|[00 [ewAyouaed +|-11|p| suoinau ygyo
S n, )8 L} ", LN @ « o o @ | A10j91085 i
S erodsro aro avo avo SuoINaU +|—Aed Sionuaboid [einau
F B 8 8 B 5 ~ 5 3 5 o | suoInau 1yyo
€ / I_ 4[, ,," 8 s 3 3 B H [y i LS80 10
W W W W N  iemda Sloiay -0} oa%

¢ SI199 +10

01 1sejgoau
suoinau +g | -ddu
QAQ siwJapide

siojueboid adA) |80 xuhieyd
Jsejgoau gAQ siwiepide
€1 1Seqoau

Hﬁﬂﬂmmmﬁﬁﬂnnﬁmmﬁﬁmﬁmﬁﬁﬁﬂﬂﬂﬂﬁﬂmﬁﬂﬂﬁr1”

dmso
'
¢
4
‘.
4
4
R=089
R=092
R=086
R=089
R=0.91
R=0.91
R=086

 Isejqoau L1 Isejgoau
T vozgvo 8 b0 sioyuaboud jeuapide Apes pajeanoe 0l 1sejgoau
. o « _ - - - ¢ Aloje10es 6 1Se|goau
[ 3 2 5 2 ® 3 2 £ |09 19|q0b g1sejqoau _
2 N - i n 5 5 S I : s Slookoas SSss=
o o « o -3
Ty 0ui 5 v 0 = = = = - £ jsegoay ki 3333 2
of 2 Aiojenes
2\ : 0z = 3 &8 3 3 8§ g et fors 88888
= - 0 I i i 5 il 0 9 i o neu 1 1-dds CE—— 1 1seidoau 9__ A_. 6_ R_. T
A T A A S B e e s s ARAAR
= g ] ] o 3 2 2 3 3 2 — S 8 8 Y EEDOO
& i i i i i S i i i 9 g oo n 2 1 v v o B ©
o« o o « a a « o o T g S T~ «
Xy Xy oni| oswp (¥NWNZy (WNH)AB  1X  jonuoo 1x 0 AepBel g Aep Bai t Aep Bos Ll ][99 JO % UeaW Jssn|o sed sjj8d 181SN|o Ul |89 %
'3 5 -
- g E °
3 3 ~ °% g 33§
‘%, £z Souy [[°E g o8
o« o EN ZZz Ex>> 08 ® o2
Q 2 . T TTS Lo 25 k]
> < - > o w Mm m TOTO SE m. 13 <+
B =N o s D00 8 g 3 S £
A _ A T xx QENE- o
. EZ2ocok%20Q 3 2 ° 2m
o

921
681
626'
469
358
370
T \\ T
£ E R
(P(\ b@
PO
ww

1087

528
T
S
&
Xins
I live

O ive

! 890
591 | 484
T T
& g &,,o
X2

217

xm
IG
‘
&
|
] bmso

1147

X1

8000 871
2000+ k
2500+
428
2000+
1500
500
0 T
S
\
&
fix1
dmso
Loty "
|
I methanol

I 560

T

&
I

S 60001
S 40004

o

D

L

26



Fig. S1. Drop-seq run statistics and comparison with previous data

A. Violin plots showing the distribution of UMIs (top) and genes (bottom) per sample. The
numbers on top of each violin plot indicate the mean value in each sample. B. Scatter plots
showing the correlation in gene expression across all samples. The axes represent log (UMI+1)
counts. The lower half of the matrix shows the Pearson correlation coefficient R for the
comparisons in the upper half. Although all correlations are quite high (R >= 0.7), the lowest is
observed between the 72b(RNAi) and the X1 samples, which contain different subsets of the total
cell population. C. Heatmap showing the correlation between gene expression for each Drop-seq
sample and previously published RNA-seq datasets from FACS sorted populations and whole
worms. D. tSNE plots showing the distribution of the cells of the 4 wild type replicates: live
(purple), dmso fixed (orange), methanol fix 1 (green) and methanol fix 2 (blue), showing that the
processing of the samples does not affect the distribution of cells on the tSNE. E. Mean number
of cells per cluster calculated across wild type datasets. The error bars show the standard error of
the mean indicating a high similarity in cell proportions across datasets. F. Gene expression
correlation across clusters for the wild type samples analyzed. The sample preparation protocol
as well as the cluster identity of each cluster in each sample is shown. Clustering across samples
is mainly driven by the identity of the cluster rather than the sample preparation protocol. G.
Distribution of UMIs (top) and number of cells (middle) in each of the clusters. The average
number of UMI changes significantly across clusters, with smaller clusters having generally less
UMIs. If higher quality cells, i.e. cells with more UMIs, would be used in the analyses, the

proportion of cells per cluster would change unevenly.
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Fig. S2. Characterization of clusters with published markers

A. Scoring of the Drop-seq cell clusters using previously defined marker genes (42). Each of the
identified clusters can be associated with the previously defined cell types but we find higher cell
type diversity. B. tSNE plot showing clusters labeled according to their expression of markers

shown in (A).

28



o

Smedwi-1 ——

1.2 h2b—— .
vasa-1—___ ;
1.0 - H1—" ¢
o °
% < Zp 1'- 1 : Smeadwi-1
@ n medwi-2 8
5 08 Smedtud-1 ™~ 8
. ~° 8
% bruli —~, o °
o} B spt16 ~_ o
5 06 Smedwi-3, o L % o0 o °
Q © 8 ©oo °
00, o°© o °
°°o % 0o o ]
0.4 - RN £ ° . bruli
° o 3B 0g a§ 3 ° 8
[} o ©
% 8?: 80%@ ° ° o

0 50 100 150 200 250 300 350

—log10(pval)

Smedtud-1

Fig. S3. Marker expression in neoblast clusters

A. Scatter plot of the identified markers of the cluster neoblast 1, including well-known neoblast
marker genes. B. tSNE plots showing expression of the classic neoblast marker genes Smedwi-1
(dd_Smed v6 659 0), bruli (dd Smed v5 2592) and Smedtud-1 (dd Smed v5 1582) in the
central clusters of the tSNE. Color scale for tSNE plots ranges from light grey (no expression) to

blue (high expression).
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Fig. S4. Marker expression of differentiated cell clusters

tSNE plots showing the expression of several cluster markers, showing differentially expressed

genes of each: ChAT neurons 1 (chat-2, dd Smed v6 11968 0), ChAT neurons 2 (chat-1,
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dd Smed v6 6208 0), cav-1+ neurons (cav-1, dd_Smed v6 8555 0), spp-11+ neurons (spp-11,
dd Smed v6 1724 0), npp-18+ neurons (npp-18, dd Smed v6 1117 0), otf+ cells 2
(dd_Smed v6 210 0), muscle body (mhc, dd Smed v6 432 0), late epidermal progenitors 2
(agat-1, dd_Smed v6 920 0), 1dlrr-1+ parenchymal cells (/dlrr-1, dd_Smed v6 1581 0 1),
psd+ cells (psd, dd_Smed v6 9018 0 1), glia (estrella, dd Smed v6 1792 0), protonephridia
flame cells (egfr-5, dd Smed v6 11310 0), protonephridia tubule cells (cavil-1,
dd Smed v6 4841 0), secretory 1 (lemA-like, dd _Smed v6 750 0), secretory 2 (pil6,
dd Smed v6 7651 0), secretory 3 (glipr-1, dd Smed v6 924 0), secretory 4 (pdi-1,
dd Smed v6 821 0). Color scale for tSNE plots ranges from light grey (no expression) to blue

(high expression).
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Fig. S5. Validation of marker gene expression by whole mount in situ hybridization

tSNE plots (left panels) and expression of the identified marker genes of known and novel cell

types and their expression patterns in adult animals using in situ hybridizations in whole mount

and tissue sections (right panels, left column). Color scale of the tSNE plots ranges from light
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grey (no expression) to blue (high expression). Scale bars: 500 um for whole mount in situ

hybridizations, 100 um for in situ on sections.
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Fig. S6. Expression of eye rare cell subtypes.

Heatmap showing the scoring of the Drop-seq cell clusters using previously described marker

genes of the eye, including markers of photoreceptor neurons and pigment cup cells. The color

scale ranges from white (low score) to blue (high score).
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Fig. S7. Pagoda analysis of GO terms

A, B. Heatmap showing the top aspects (p < 0.01) identified with PAGODA using GO term
based gene sets that vary across all cells (A) or that distinguish parenchyma and gut cells (B).
The first row shows the colors assigned to the cells according to the clusters obtained with
Seurat. Each row shows the Cell PC scores for each of the cells (columns). The colors range
from green (low score) to orange (high score). The GO terms associated to each aspect are
shown on the right. The clustering obtained with PAGODA defines groups of cells that strongly
agree with Seurat clustering except for the clusters closer to the neoblast cloud which are heavily

intermixed, which suggests that they may correspond to less differentiated cell types.
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Fig. S8. Gene expression changes in pseudotemporally ordered cells evaluate lineage

relationships

A. Average expression of variable gene sets identified using SOMs during the differentiation of
neoblasts to epidermis DVb, phagocytes, epidermis and muscle. The changes in expression of
these gene sets in the cells ordered according to pseudotime is gradual and supports the
differentiation trajectories predicted by PAGA in the epidermis DVb and phagocyte lineages.
However, gene expression contradicts the differentiation trajectories proposed by the PAGA in
the case of the epidermal and the muscle lineages, which show continuity (epidermis) or
discontinuity (muscle) in the gene expression along the trajectory. B. Relative expression of adb,
bruixot, and Smedwi-1 in pseudotemporally ordered cells from the goblet cluster. On top of the
plot, the cumulative fraction of #2b(RNAi) resistant as well as X1 cells is shown. The expression
of the genes along the cluster suggests that these genes are markers of immature (adb) and
mature (bruixot) goblet cells C. Expression of adb on a tSNE plot (top) and in a whole mount in
situ hybridization (bottom). D. Double fluorescent in sifu hybridization of adb (red) and bruixot
(green). The two genes overlap but adb has a broader expression in cells that lack the goblet cell

morphology. Nuclei were stained with Hoechst and shown in blue in the overlay.
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Fig. S9. Specialized neoblasts markers

tSNE plots showing the expression of specialized neoblast marker genes of sigma (A), zeta (B),
and gamma (C) neoblasts. Color scale from tSNE plots as described previously. D. Heatmap
showing the scoring of the Drop-seq cell clusters using previously described marker genes of
sigma, gamma and zeta neoblasts. The color scale ranges from white (low score) to blue (high

score).
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Fig. S10. Co-expression of neoblast markers and specialized neoblasts markers

Barplots showing the percentage of cells expressing general neoblasts markers (grey bars),
specialized neoblast markers (light green) and their coexpression (dark green) in cells from

neoblasts and progenitor clusters.
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Fig. S11. Expression of neoblast markers in

progenitor cells

pseudotemporally ordered neoblast and

Relative gene expression of general neoblasts markers (Smedwi-1, tub-al and h2b; grey lines),

and nu (yellow), sigma (red), zeta (blue) and gamma (green) neoblast markers in cells from

neoblast 1 and progenitor clusters of different lineages. In all the included lineages, we observe a
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progressive decrease in the expression of general neoblast markers as well as an increase of
specialized neoblast markers with pseudotime. A maximum of 1000 cells per cluster were

randomly sampled for each cluster.

44



muscle
progenitors

cav-1+

v " neurons
L s

dd_Smed_v6_278_0

. . high
iy T Ce e et
Ek T4} R ,
o - (RN . 3‘?*_3?; o ]
Q T y e e
< epidermis ‘ii eep epidermis *4 eep epidermis &g’ eep
Z ,- %3
v lep © lep ‘ lep
low
high
©
>
o
c ‘
Q % s T X o é g
7] 3 X ¢
3 epidermis a ) eep epidermis % eep epidermis + * eep
S “
< lep < lep lep
low

Fig. S12. RNA Velocity identifies differentiation trajectories for individual cells

A. tSNE plot showing the predicted RNA velocity trajectories for the individual cells (left) and a
detailed view of the muscle (1) and neural (2) differentiation trajectories. (1) Cells from the

muscle progenitor cluster have trajectories going towards pharynx and body muscle. (2) Neural
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progenitor cell trajectories point on the one hand towards ChAT neurons 1 and these to ChAT
neurons 2 and on the other hand towards cav-1+ neurons and these to GABA neurons. These
paths corroborate the previous trajectories identified using PAGA (neural lineages) or based on
marker gene expression changes along pseudotemporally ordered cells (muscle lineages). B.
Comparison of RNA velocity (top panels) and expression levels (bottom panels) of the epidermis
marker genes dd Smed v6 107 0, dd Smed v6 137 0 and dd Smed v6 278 0. In the tree
cases, we observe an induction of the expression of marker genes in epidermal progenitors
clusters and a repression of the expression in the epidermis cluster compared to steady state.

These plots therefore suggest a connection between late epidermal progenitors and epidermis.
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Fig. S13. Identification of gene sets regulated and coregulated in cell differentiation

Graphical representation of gene expression changes during cell differentiation of 36 gene sets.

For each gene set, the normalized expression of the genes is shown on the edges of the tree and

ranges from blue (low expression) to red (high expression). Next to each tree, two representative

genes from the cluster are highlighted.
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. reg day O j' reg day 2 reg day 4

Fig. S14. tSNE plots of regeneration samples

A. tSNE plots showing the distribution of the cells of regeneration samples after 0 (reg day 0), 2

(reg day 2) and 4 (reg day 4) days of regeneration.
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Fig. S15. Quantification of gene expression changes during regeneration

A-C. MA plots showing differential gene expression 2 days after regeneration compared to day 0
in pooled clusters (A), neoblast 1 (B) and muscle body (C), highlighting significantly
differentially expressed genes (red points, log2FC > |0.58|, adjusted p-value < 0.05) and its

overlap with wound-induced significant upregulated genes previously described (yellow dots).
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Reingold algorithm. The latter has only recently been suggested for visualizing single-cell data.
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Fig. S18. Planaria lineage tree predicted by Monocle 2

The prediction of the planarian lineage tree shows qualitative inconsistencies compared to PAGA

and does not confirms the previously described epidermal lineage.
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tSNE plots (left) and abstracted graphs (right) resulting from subsampling 100% (A), 80% (B)

and 10% (C) of the original cells.

54



wildtype cells only, tSNE and abstracted graph

GABA neurons
cav-1+ neurons y
ChATeurons 2 > muscl
ChAT neurons 1 2 . GABAneurons  pgm+ pafénehymal cells
o .
ral progenitors npp-1 urons
SPPnWtM' iRons Z v ¥ P nwrs
. L1 ) A spp-11@hgurons
. )
. Qe Y
S 3 o ;. ChaAT nsumr\s
nmbhsﬂ 0e’d? 2 ° aqp+ parenchymal[cells ChAT neumns1

al cells
l-nchymal cells

& 0o
btf+adetis 1 .
1200 oo giay, neu.a?"ﬂa"o;:: Mm.,m;n.m "
idirr-1 mwaﬁl cells o P
secretory 4 '“’vmpa,sr‘:?,éhymﬂ prgg 1
) ry 3

s
. nboblﬁst 4 =

"°Phhd'a '’ % neoblasttivated eﬂﬂy—ep\ldoe’rym‘ta\ progenitors
> pidatal negblasts
4 gut !ﬂfce"s St st 10 ®  psap+ p’%al cells ?y ep\lﬁ?ﬁapmml Brogehitors
activatedearly epidermal ptogenitors el IatepiEerfual phgenitors 1
N \ late ept genitorsf
haryn cel IR ANGrs Pigfignt o

pharynxeell type  °*

epi is ¢
early epidermal progenitors

o

late epi il progenitor’s 1

late egic?e?'m g:ni%g?s |2° 1
Ve

tSNE2

otf+ 8glls 2

tSNE1

Fig. S20. Lineage reconstruction using only wild type samples

tSNE (left) and abstracted graph (right) obtained using only wild type samples.
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Fig. S21. Robust reconstruction for different numbers of nearest neighbors

Comparison of the effects of varying the number of nearest neighbors on the lineage

reconstruction using PAGA. Abstracted graphs predicted using 5 (A), 20 (B), 50 (C) and 100 (D)

neighbors are shown. All the abstracted graphs show a very similar topology compared to the

one used in the analyses, which is done with 30 neighbors (Fig. S19A).
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Fig. S22. Details of the epidermal lineage.

A. Log transformed raw expression of the 10 top-ranked markers of the 6 clusters in the
epidermal lineage versus pseudotemporal order. B. tSNE (left) and abstracted graph (right)

obtained with PAGA using only the clusters belonging to the epidermal lineage.
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Additional Table S1

Statistics of Drop-seq samples

Additional Table S2

Number of cells per cluster

Additional Table S3

Marker genes identified for each cluster.

Additional Table S4

Gene sets identified using SOMs.

Additional Table S5

Examples of known genes included in the SOMs.

Additional Table S6

Comparison of log2FC in wound-induced genes from Wurtzel et al. 2015 and the regeneration

samples.

Additional Table S7

Differentially expressed genes in regeneration day 2 vs day 0.

Additional Table S8

Differentially expressed genes in regeneration day 4 vs day 0.
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Additional Table S9

List of primers used for in situ probes.

Additional Table S10

Published RNA-seq datasets used in the paper
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