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TECHNIQUES AND RESOURCES

RESEARCH ARTICLE

A transcriptomic roadmap to α- and β-cell differentiation in the
embryonic pancreas

ABSTRACT
During pancreatic development, endocrine cells appear from the
pancreatic epithelium when Neurog3-positive cells delaminate and
differentiate into α-, β-, γ- and δ-cells. The mechanisms involved
in this process are still incompletely understood. We characterized
the temporal, lineage-specific developmental programs during
pancreatic development by sequencing the transcriptome of
thousands of individual pancreatic cells from E12.5 to E18.5 in
mice, and identified all known cell types that are present in the
embryonic pancreas, but focused specifically on α- and β-cell
differentiation by enrichment of a MIP-GFP reporter. We
characterized transcriptomic heterogeneity in the tip domain based
on proliferation, and characterized two endocrine precursor clusters
marked by expression of Neurog3 and Fev. Pseudotime analysis
revealed specific branches for developing α- and β-cells, which
allowed identification of specific gene regulation patterns. These
include some known and many previously unreported genes that
appear to define pancreatic cell fate transitions. This resource allows
dynamic profiling of embryonic pancreas development at single cell
resolution and reveals novel gene signatures during pancreatic
differentiation into α- and β-cells.
KEY WORDS: Single cell transcriptome sequencing, Pancreas
development, Alpha cells, Beta cells, Neurog3, Endocrine
progenitors

INTRODUCTION

Mouse pancreatic development is characterized by two main
differentiation phases: the primary and secondary transition. The
secondary transition, which is characterized by segregation of the
pancreatic epithelium into ductal tip and trunk domains, takes place
between approximately embryonic age (E) 12.5 and E15.5 (Zhou
et al., 2007; Pan et al., 2013), and gives rise to the pancreatic cell
types as they appear in the adult organism. The tip domain contains
a population of multi-potent progenitors, expressing markers such
as Ptf1a, Hnf1b and Pdx1, which contribute to all adult pancreatic
cell types (Larsen et al., 2017; Pan and Wright, 2011). In the trunk

1
Hubrecht Institute/KNAW and University Medical Center Utrecht, Uppsalalaan 8,
3584CT Utrecht, The Netherlands. 2Single Cell Discoveries, 3584CT Utrecht,
The Netherlands. 3Institut de Gé né tique et de Biologie Molé culaire et Cellulaire,
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domain, lateral inhibition by Notch signals such as Hes1 determines
which cells will differentiate into mature ductal cells or endocrine
cells (Magenheim et al., 2011; Shih et al., 2012; Kim et al., 2015).
Endocrine differentiation is marked by the appearance of
neurogenin 3 (Neurog3), a key transcription factor during this
process (Gu et al., 2002). After expression of Neurog3, endocrine
progenitors delaminate from the ductal lining to form the islets of
Langerhans in the mesenchyme surrounding the pancreatic
epithelium (Seymour et al., 2007; Grapin-Botton et al., 2015).
These endocrine progenitors, which stop proliferation after
commitment to the endocrine lineage (Miyatsuka et al., 2011),
make endocrine fate choices based on the expression of a number of
key transcription factors. An early fate choice is determined by the
balance in expression between mutually inhibitory genes Pax4 or
Arx, which push cells towards an α-, β- or δ-cell phenotype
(Collombat et al., 2005, 2003; Sosa-Pineda et al., 1997). Although
some of these important key transcription factors have been
identified, the changes in regulatory gene networks during
endocrine fate transitions are incompletely understood and can
only be resolved at a single cell level.
Single cell transcriptomics is a recent but now popular approach
that provides transcriptome-wide gene expression information from
individual cells (Kolodziejczyk et al., 2015; Grün et al., 2015; Grün
and van Oudenaarden, 2015). The strongest advantages over
traditional bulk sequencing are the possibility of investigating
gene expression patterns for each cell type individually, the ability
to probe heterogeneity within cells of the same type and the ability
to identify rare cell types within a population. We and others have
recently analyzed gene expression in adult human and murine
pancreatic tissue at the single cell level (Muraro et al., 2016;
Segerstolpe et al., 2016; Baron et al., 2016; Xin et al., 2016; Wang
et al., 2016; Lawlor et al., 2017; Li et al., 2016; Xin et al., 2018;
Fang et al., 2019). In addition, other studies have investigated
differentiation processes of iPS cells and pancreatic ontogeny at the
single cell level (Byrnes et al., 2018; Petersen et al., 2017; Stanescu
et al., 2017; Krentz et al., 2018; Veres et al., 2019) using tools that
provide a pseudo-temporal signature to order cells in developmental
time (Qiu et al., 2017b,c). These studies show how single pancreatic
progenitor cells develop into characteristic endocrine and exocrine
cells, and how adult pancreatic cells can be minutely characterized
based on gene expression profiles into α, β, γ, δ, ε, ductal and acinar
cell clusters. Heterogeneity within these clusters of adult cells has
been detected and has allowed the identification of rare
subpopulations of cells (Muraro et al., 2016; Segerstolpe et al.,
2016; Wang et al., 2016).
Here, we have used SORT-seq (Muraro et al., 2016), a highthroughput single-cell mRNA sequencing pipeline that provides
high-quality single cell transcriptome profiles to sequence
individual GFP-positive and -negative cells from MIP-GFP mice
at multiple time points during the secondary transition of murine
1

DEVELOPMENT
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pancreatic development. All cells were combined into a single
dataset, and divided into separate clusters representing all cell types
of the embryonic pancreas using Seurat (Butler et al., 2018) and
Monocle2 (Qiu et al., 2017b,c). This dataset was used to follow
tissue maturation through time, to characterize progenitor cells at
different stages of endocrine differentiation, to identify the distinct
endocrine cell types of the pancreas that arise from these progenitors
and to reveal dynamic expression of genes involved in these fate
choices. This resource, which can also be easily accessed online
(singlecellpancreas.eu), will provide a valuable starting point for
further analysis into the function of the genes involved in the
development of pancreatic cell types, especially for α- and β-cells.
RESULTS
Transcriptome profiling of single cells from different
developmental time points identifies all known pancreatic
cell types

We set out to build a resource with which we could follow
pancreatic development at the single cell resolution, and that would
cover developmental stages from the second transition to birth. To
ensure we captured all cell types present in the developing pancreas,
we used a MIP-GFP reporter mouse that would allow us to enrich
for cells with an active insulin promoter. GFP-positive and ungated
embryonic pancreatic cells of embryonic ages E12.5, E13.5, E14.5,
E15.5 and E18.5 were sorted independently (Fig. S1A) and
processed using the SORT-seq protocol (see Materials and
Methods) to later be combined into a single dataset that contains
all pancreatic cell types.
After sequencing, we obtained a dataset of 7296 single cells.
A total of 4620 cells remained after quality control filtering
(Fig. S1C,D). Unsupervised clustering revealed 14 clusters.
Differential expression analysis allowed us to classify these clusters
into eight different cell types: pancreatic tip and trunk epithelium,
endocrine progenitors, maturing α- and β-cells, mesenchymal cells,
immune cells and blood vessel cells (Fig. 1A,B). Cells that were
sorted by MIP-GFP expression were mainly found in the endocrine
cell types (endocrine progenitors, maturing α cells and maturing β
cells). Some GFP-positive cells could also be found in the
mesenchymal and immune cell populations, probably due to high
autofluorescence (Fig. 1C). Characterization of fluorescence
intensity showed that non-β endocrine cells had an elevated GFP
intensity compared with tip and trunk epithelial cells [14.1 arbitrary
units (au) for tip/trunk, 32.7 au for non-β endocrine cells,
P=2.1×10−15], while cells with a β-cell fate expressed GFP at still
much higher intensities (32.7 au for non-β endocrine cells, 369.9 au
for β cells, P=2.2×10−16) (Fig. S1B). Typical markers, like Gcg and
Ins2 for α- and β-cells, Cpa1 and Sox9 for tip and trunk epithelium,
Neurog3 for endocrine progenitors, Col1a1 for mesenchyme, Apoe
for immune cells and Cdh5 for blood vessel cells, were expressed in
their specific populations (Fig. 1D), and expression of the top
differentially expressed genes per cell type were mostly cell-type
specific (Fig. 1E).
Next, the dataset was purified to contain only cells with a
pancreatic epithelial or endocrine cell fate (see Materials and
Methods). This final subset of the data contained 2589 cells, with a
median of 17,429 unique transcripts and 5053 genes per cell. Of
these cells, 1844 cells were sorted as GFP positive and 745 cells
were sorted in an ungated manner (Table S1).
Shared nearest neighbor (SNN)-based clustering of these cells
revealed nine unique clusters (Fig. 2A,B, Table S1). Genes such as
Cpa1, Sox9, Neurog3, Fev, Gcg, Ins2, Ppy and Sst, which have been
described to mark specific populations in the developing pancreas,
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also marked specific clusters in our dataset (Fig. 2C). Based on
differential expression analysis, these clusters were identified as
epithelial tip (clusters 2 and 3), epithelial trunk (cluster 6), endocrine
precursors (clusters 4 and 5), α lineage (clusters 8 and 9) or β lineage
(clusters 1 and 7). Analysis of the most differentially expressed
genes in each cluster shows a clear cell type-specific gene signature,
where differences between clusters that mark the same cell type were
much more subtle (Fig. 2D). We provide the complete list of these
genes as a resource that can be mined for cell type-specific genes
important for embryonic pancreas development (Table S2).
Clusters of poly-hormonal cells were not identified. However, we
set out to manually investigate the occurrence of multi-hormonal
cells within the clusters. Hormone-expressing cells were defined as
cells that expressed more than four log-normalized counts of a given
hormone (see Materials and Methods; Fig. S3A). Polyhormonality
was defined as any cell that expressed more than one hormone
above this threshold. Seven-hundred and forty-four Ins2-expressing
cells were mostly found in β-cell clusters 1 and 7, while the 535
Gcg-expressing cells were mostly found in clusters 8 and 9
(Fig. S3B). Only six Ppy- and 19 Sst-expressing cells were detected,
and these cells were mostly found dispersed throughout the α- and
β-cell clusters (Fig. 2C). Mean hormone expression levels per
cluster followed the same trend, with the highest Ins2 expression
levels in clusters 1 and 7 and the highest Gcg expression in cluster 8
and 9 (Fig. S3C). In total, 36 polyhormonal cells (representing 2.7%
of all hormone expressing cells) were detected in the dataset. The
most common combinations were cells co-expressing both Gcg and
Ins2 (16 cells), Ins2 and Ppy (six cells), and Ins2 and Sst (six cells)
(Fig. S3D).
As previously described (Marty-Santos and Cleaver, 2016;
Krentz et al., 2017), cell cycle stages calculated for each cell
indicated that most cells from the tip and trunk domain were in either
S, G2 or M phase of the cell cycle. In contrast, almost all cells within
the endocrine lineages have exited the cell cycle, with only few
proliferative cells still present in Neurog3-expressing endocrine
progenitor cluster 5 (Fig. S2C and Table S1).
We used cells originating from different experiments and
embryonic ages within the dataset (Fig. S2A,B). To appreciate
contribution of specific embryonic ages to each cell type, we traced
the number of cells within each cluster back to the embryonic age it
was collected from (Fig. S2E). We noticed that cells in the epithelial
tips (clusters 2 and 3) predominantly originate from E15.5, whereas
endocrine progenitors (cluster 5) originate from embryonic ages
E12.5-E15.5, but no longer contribute at E18.5. Then, a large
percentage of α cells (clusters 8 and 9) originates from embryonic
age E12.5, whereas β-cells (clusters 1 and 7) originate largely from
later embryonic ages (E15.5 and E18.5). We anticipate that
it is in part due to our enrichment for MIP-GFP-expressing cells,
especially as we observe that Ins2 expression in β-cells is increased
at later embryonic ages, likely also increasing GFP specificity
for β cells (Fig. 2C; Fig. S2B,D). Taken together, these data
validate our experimental approach to follow the dynamic gene
expression changes during pancreas development, to look for
novel subpopulations of cells and to analyze which gene expression
patterns are important during the transition from early,
undifferentiated cell types to more mature, adult-like cell states.
Epithelial tip cells, endocrine precursors and developing
α- and β-cells contain heterogeneous transcriptomic
signatures

Next, we characterized the pancreatic cell types as described in
Fig. 2 in more detail. Unsupervised clustering designated multiple
2
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Fig. 1. Transcriptome data from embryonic pancreatic cells of multiple embryonic ages were merged into a comprehensive dataset. (A) A simplified
schematic overview of the different cell types in the developing pancreas. Colors are matched with B. (B) A UMAP plot of all cells. Specific cell types are indicated
by color, similar to A. (C) A UMAP plot of all cells. Colors indicate whether cells were live sorted or sorted as GFP-positive cells. (D) Expression maps showing lognormalized expression of typical markers for each cell type (Cpa1, Sox9, Gcg, Ins2, Neurog3, Col1a1, Apoe and Cdh5). Data are shown as log-normalized
expression. Blue indicates high expression, yellow indicates low expression. (E) A heatmap showing the top five differentially expressed genes per cell type. Data
are shown as scaled expression (ranging from −2 to 2). Blue indicates high expression, yellow indicates low expression. tip, tip epithelium; trunk, trunk epithelium;
alpha, α-cells; beta, β-cells; endo prog, endocrine progenitors; mes, mesenchyme; i, immune cells; bv, blood vessels.
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Fig. 2. Transcriptome data from embryonic pancreatic cells of multiple embryonic ages were merged into a subset of the complete dataset containing
clusters that represent all cell types of endocrine and exocrine pancreatic cell development. (A) A simplified schematic overview of the different cell types in this
subset of the developing pancreas. Colors match the UMAP in B. (B) A UMAP overview of all clustered cells in the dataset. Colors and numbers indicate clusters.
(C) Expression maps showing log-normalized expression of typical markers in the developing pancreas (Cpa1, Sox9, Neurog3, Fev, Gcg, Ins2, Ppy and Sst). Data are
shown as log-normalized expression. Blue indicates high expression, yellow indicates low expression. (D) A heatmap showing the top five differentially expressed
genes per cluster. Data are shown as scaled expression (ranging from −2 to 2). Blue indicates high expression, yellow indicates low expression.

clusters for epithelial tip cells (clusters 2 and 3), endocrine
precursors (clusters 4 and 5), cells that develop an α-cell signature
(clusters 8 and 9) and cells that are progressing towards a β-cell fate

(clusters 1 and 7). We therefore asked what gene signatures are
related to this heterogeneity within each of these four cell types. To
answer this, we analyzed the differentially expressed genes between
4
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Fig. 3. Heterogeneity within specific cell types in the developing pancreas. (A) Differential expression was calculated for each cell type that consisted of more
than one cluster, and plotted as a volcano plot (log fold change versus −log10 adjusted P-value): the epithelial tip cells (clusters 2 and 3), endocrine progenitors
(clusters 4 and 5), α-cells (clusters 8 and 9) and β-cells (clusters 1 and 7). Red dots represent genes that are considered significant, with a Bonferroni corrected
P<1×10−5 and a log fold change of at least 0.5. These thresholds are indicated by the dotted gray lines. (B) Distribution of expression of five top differentially
expressed genes from clusters compared in the volcano plots in A. For cells from the tip domain (epithelial tip) only the five differentially expressed genes
upregulated in cluster 2 were plotted because no significantly upregulated genes were identified in cluster 3. The violin plots are color coded in the same way
as the UMAP plot in Fig. 2B for clarity. Expression on the y-axis represents log-normalized expression values. Cluster numbers are indicated on the x-axis.

the two clusters that mark the same cell type (Fig. 3A). The
heterogeneity within the epithelial tip cells was mostly defined by
genes that are involved in cell cycle progression, such as Cdk1,

Top2a and Mki67 (Fig. 3A). These genes were expressed at much
higher levels in cluster 2, a tip epithelium cluster found between
trunk and more acinar-like tip cells in cluster 3 (Fig. 3B)
5
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(Kowalczyk et al., 2015). Although Hnf1b is not differentially
expressed in the pancreatic tip clusters, this gene is closely linked to
both proliferation and multipotency during lineage specification
(De Vas et al., 2015), leading us to believe that the heterogeneity in the
tip is marked by populations of proliferative multipotent progenitors,
and non-proliferating unipotent tip cells with an acinar lineage.
We also found two clusters containing endocrine precursor cells.
One expressed high levels of Neurog3 (cluster 5), which we
designate as endocrine progenitors, whereas the other (cluster 4)
expressed high levels of endocrine markers such as Chga, Chgb and
Cpe (Fig. 3A-B), indicating that these cells are more specialized
towards an adult endocrine cell fate. This transitory endocrine
progenitor cluster (cluster 4) was specifically marked by the gene
Fev, while the Neurog3-expressing cluster harbored many highly
specific but unknown markers such as Amotl2, Btbd17 and
Gadd45a (Fig. 3A,B). Fev has recently been found in another
single-cell transcriptomics study of the developing pancreas that
encompassed one of the embryonic ages used in our study (Byrnes
et al., 2018), confirming our results that this could represent an
intermediate cell state between endocrine progenitors and moremature endocrine cell types. To further elucidate the difference
between the two clusters, we performed gene ontology (GO) and
gene-set enrichment (GSEA) analyses. The top five ranked GO
terms associated with Neurog3-expressing cluster 5 were all
associated with endocrine or nervous development (Fig. S4A).
Alternatively, GSEA revealed a strong role for protein synthesis in
Neurog3-expressing cells, with eight of the top 10 pathways
associated with transcription, translation and ribosomes (Fig. S4C).
For the transitory endocrine progenitor cluster 4, GO and GSEA
were more consistent, with both analyses showing pathways related
to the processing, regulation and secretion of hormones (Fig. S4B,
D). This indicates that these cells resemble a more endocrinecommitted, but not yet mature, α- or β-cell-specific phenotype.
In developing α- and β-cells, differential expression analysis of
the different clusters yielded relatively few markers. In α-cells,
Meis2, Scgn and Glud1 marked cluster 9, while Serpina1a,
Serpina1b and Cartpt are markers for cluster 8 (Fig. 3B). In
developing β cells, Meis2, Pak3 and Dbpht2 are markers for cluster
7. Ins1, G6pc2 and Npy are highly expressed in cluster 1 (Fig. 3B).
All cluster 1 genes can be linked to adult β-cell function. Npy has a
role in appetite sensing and G6pc2 is a catalytic gene, both of which
have been linked to insulin secretion (Imai et al., 2007; Pound et al.,
2013), while Ins1 is related to Ins2 and thus represents mature β-cell
functioning. The gene profiles allowed us to characterize cluster 7 as
an early and cluster 1 as a more-differentiated β-cell population.
Similarly, cluster 9 was characterized as an early and cluster 8 as a
more-differentiated α-cell population. Interestingly, the gene Meis2
is indicated in heterogeneity of both the developing α- and β-cells.
This gene has been shown to bind the pancreatic transcription factor
Pdx1 and is therefore an interesting candidate to study in the context
of α- and β-cell identity (Schnuriger et al., 2009).
In short, we found heterogenous gene signatures in several
populations of the developing embryonic pancreas. α- and β-cells
split into early and late clusters. The tip epithelium can be split into a
more unipotent acinar-like population and an actively dividing
population that represents the multipotent tip progenitors. Finally,
we found two populations of endocrine precursors: an early
progenitor cluster that expresses Neurog3 with mostly unknown
endocrine progenitor marker genes. The second cluster contains
cells that we consider to be transitory endocrine progenitors, have
not clearly committed towards either α or β cell fate, but express
high levels of genes that are generally involved in endocrine fate
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commitment, such as Chgb and Fev. This cluster could represent
an intermediate cell state between Neurog3-positive endocrine
progenitors and more mature endocrine cells (Byrnes et al., 2018).
Pseudotime analysis reveals specific gene regulation
patterning during pancreatic ontogeny

After characterizing the differences between clusters belonging to
the same cell type, and identifying gene signatures that characterize
early and late progenitors, we aimed to identify the genes that were
differentially regulated in cells progressing from the multipotent
tip through an endocrine progenitor state towards either an α- or
β-cell fate. Therefore, we performed pseudotime trajectory analysis
as this allowed us to describe dynamic gene expression patterns in
more detail than is possible through differential gene expression
analysis, and it allowed us to evaluate cell fate plasticity over
developmental time.
Cells were ordered in pseudotime and plotted in a branching
trajectory using Slingshot (Street et al., 2018) and Monocle2 (Qiu
et al., 2017c) (Fig. 4A, Fig. S5A-C). Slingshot, which orders cells
based on original clustering, ordered cells starting at the tip
epithelium (clusters 2 and 3), going through trunk epithelium
(cluster 6) towards endocrine precursors (clusters 4 and 5) and
branching into either an α- (clusters 8 and 9) or β-cell fate (clusters
1 and 7). We found some inconsistencies regarding current
understanding of α- and β-cell development (Fig. S5A-C). First,
the trajectory starts with cluster 3, containing multipotent tip cells,
then includes cells we designated as unipotent tip cells (cluster 2),
which can obviously not contribute to endocrine specification (Pan
et al., 2013). Second, endocrine progenitors were only recognized to
be involved in β-cell development, not α-cell development, while
lineage tracing of Neurog3-expressing cells indicates all endocrine
cell types as descendants of endocrine progenitors (McGrath et al.,
2015). Lack of recognition of endocrine progenitor cells in the
development of α-cells might be biased by the early timepoint of
origin of the captured cells with an acquired α-cell fate (Johansson
et al., 2007). Finally, the branching point was determined in α-cellrelated cluster 9, not in one of the precursor clusters, suggesting that
β-cell differentiation proceeds through a transient α-cell-like state,
while both fates are considered to be independent (Qiu et al., 2017a).
In Monocle2, cells were organized from the ductal epithelium
through endocrine progenitors to a branching point, after which
α-cell and β-cell specification were separated into independent
branches. This was confirmed by expression of common markers
Cpa1, Neurog3, Gcg and Ins2 (Fig. 4A), a superimposition of the
clustering analysis we performed on the pseudotime trajectory
(Fig. S5D) and inversely, the superimposition of the pseudotime
values on the UMAP plot of the subset of our data containing all
epithelial and endocrine cells (Fig. S5E). Ordering of clusters can
then be performed by looking at the distribution of pseudotime
within each cluster, showing epithelial clusters first, then Neurog3expressing progenitors, Fev-expressing transient endocrine
precursors, α-cell clusters and finally β-cell clusters (Fig. S5F).
Taken together, the Monocle2 analysis seemed to be more consistent
with our current understanding of endocrine specification, and we
used this method for further downstream analysis.
To focus on how fate choices are made between cells progressing
towards either an α- or β-cell fate, we performed an expression
analysis on how genes are differentially regulated in both branches
after the branch point. In this way, we could identify genes that are
specific for either α- or β-cell fate acquisition. Unsurprisingly, many
of the top regulated genes that were identified by this analysis were
genes that were already differentially expressed between α- and
6
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Fig. 4. Pseudotime ordering of embryonic pancreatic cells reveals novel genes with specific regulation patterns during endocrine differentiation.
(A) Trajectories for α- and β-cell differentiation in the developing pancreas. Pseudotime progresses from the top through the branch point towards the bottom, as
indicated by color in the first panel. Pancreatic epithelial cells are located in the top of the trajectory, α-cells on the left trajectory and β-cells are on the right
trajectory, as indicated by Cpa1, Gcg and Ins2 expression. Neurog3 expression indicates that endocrine progenitors are located in between these populations.
(B) Branched expression analysis of the α- and β-branches that were determined in the pseudotime analysis. The top 50 differentially regulated genes are
hierarchically clustered into three groups. The start of pseudotime, in the ductal epithelium, is located in the middle and extends to the left for the α-branch, and to
the right for the β-branch. Color indicates scaled expression, from −3 (blue) to +3 (red). Gene names are color-coded for overlap with α-cell identity genes (green)
or β-cell identity genes (blue). (C) Branched expression analysis of the α- and β-branches that were determined in the pseudotime analysis. The top 50
differentially regulated genes after removal of α- and β-identity genes are hierarchically clustered into three groups. Color indicates scaled expression,
from −3 (blue) to +3 (red). Gene names are color-coded for overlap with α-cell identity genes (green) or β-cell identity genes (blue).

β-cells (Fig. 4B), like Ins2, Iapp, Npy, Hadh and G6pc2 in the β-cell
branch and Gcg, Arx, Irx2 and Ttr in the α-cell branch. We then
removed all genes from our branched expression analysis that
intersected with genes that were differentially expressed between
clusters 8 and 9 (α-cell fate) and clusters 1 and 7 (β-cell fate). The

remaining genes should thus represent a list of genes that are
implicated in regulation of α- or β-cell fate acquisition, without being
direct markers of these cell types (Fig. 4C). A subset of these genes
represent ribosomal proteins that are highly expressed in the ductal
epithelium, while another subset of these genes co-express with
7
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Expression patterns of combinations of genes, or individual
genes in developmental time, are predictive of cell fate
acquisition

Plotting gene expression in pseudotime allowed us to obtain the
directionality of gene expression throughout pancreatic development.
Thus, we investigated how gene expression signatures changed during
the major transitions through pseudotime in our dataset. First, we
plotted the imputed expression of known markers Cpa1, Sox9, Gcg
and Ins2 (Fig. 5A). As expected, expression for Cpa1 and Sox9 was
high in the epithelium, which was organized in the beginning of
pseudotime (red dots). The expression for these genes markedly
declined over pseudotime, and was very low in both cells with an
α- and β-cell-fate. Gcg and Ins2 expression, reversely, was low in the
epithelium and increased in its specific populations over pseudotime:
Gcg markedly increased expression in α-cells, whereas Ins2
was strongly upregulated in β-cells. The α- and β-cell transcription
factors Arx and Pdx1 showed very similar patterns to their cell typespecific hormones. Neurog3 was not associated with a specific
branch, but showed a marked and narrow peak in expression around
pseudotime 20, before the data splits into the α and β branches. Fev,
a marker for cells in cluster 4, which we dubbed as transitory
endocrine progenitors, peaks later in pseudotime than Neurog3, but
before the hormones Gcg in α cells and Ins2 in β cells, which is also in
line with expectations. Finally, we checked expression patterns of
some novel markers for endocrine cells. Amotl2 and Btbd17, both
novel endocrine progenitor markers, show the same specific and
narrow expression peak as Neurog3. Finally, expression patterns of
Prom1 and Hopx were plotted as novel branch-specific endocrine
progenitor fate acquisition markers for α- and β-cells, respectively
(Fig. 5A).
As combinations of expressed genes can be indicative of specific
populations of cells, we sought to investigate relations between typical
markers in subpopulations of our dataset. Ptf1a and Sox9, for example,
are typical markers for the tip and trunk of the pancreatic epithelium,
respectively. However, their co-expression indicates multipotent cells
in the tip structures (Pan et al., 2013). In our data, their expression
is negatively correlated (Fig. 5B), as indicated by polynomial
interpolation, although most cells express both genes at some
abundance. Hes1 is a notch signal that inhibits Neurog3 expression
(Ahnfelt-Ronne et al., 2012), and thus their expression in the
pancreatic epithelium is mutually exclusive, whereas the expression
of trunk markers Hes1 and Sox9 is positively correlated (Fig. 5B).
In the endocrine differentiation of α- and β-cells, the first stages
of development (represented in clusters 5 and 4) are shared between
the cell types. As a consequence, the start of the gene trajectories in
pseudotime is similar. Neurog3 expression rapidly diminishes after
peaking in the beginning of pseudotime. Pax4 and Arx, which are
considered to be key regulators in α- and β-cell fate decisions
(Napolitano et al., 2015), are both expressed in endocrine
progenitors. On a transcriptome level, Pax4 expression gradually
declines during both α- and β-cell development, but Arx expression
is maintained in α-cells while β-cells downregulate Arx towards
maturation. Interestingly, no obvious correlation was found between
the expression of Pax4 and Arx in endocrine progenitors, although
Pax4 expression was upregulated in Neurog3-expressing cluster 5
compared with the developmentally more advanced progenitor
cluster 4. Finally, while Arx and Gcg are positively correlated in

developing α-cells, Pax4 and Ins2 are negatively correlated in
developing β-cells, which indicated that Pax4 expression is reduced
at the later stages of pseudotime in β-cells.
In conclusion, this dataset can be used to mine gene signatures
that are co- or anti-correlated. By following the gene signatures
described in Fig. 5 and using our website (singlecellpancreas.eu) to
check the expression of any given gene in the embryonic pancreas,
the user can obtain a better grasp of key gene expression patterns
important for cell type specification during pancreatic development.
This resource serves as a starting point for understanding pancreas
developmental transitions at a time-resolved single cell resolution.
DISCUSSION

In this study, we present a comprehensive dataset containing single
cells from the mouse embryonic pancreas from embryonic ages
E12.5 to E18.5. Although we focus on α- and β-cell development,
the dataset contains all known cell types of the developing pancreas,
and allowed us to discover heterogeneity within the epithelial tip,
endocrine precursors, and developing α- and β-cells. We expect this
dataset to be a valuable resource for mining genes that are lineage
and cell-type restricted during pancreatic development.
We used lineage reconstruction analysis to indicate the existence
of an immature endocrine state between the Neurog3+ endocrine
progenitors and the mature endocrine cell types. The gene Fev
specifically marks this particular population, which we call
transitory endocrine progenitors. This gene has been described
recently in subpopulations of embryonic pancreas cells at E15.5 and
E18.5 (Krentz et al., 2018). Pseudotime analysis along α- and β-cell
differentiation further reveals how cells progress from one cell state
to the next in developmental time, and allows us to assess dynamic
gene expression changes. Well known markers, such as Cpa1, Sox9,
Neurog3 and the hormones Ins2 and Gcg, behave as expected in
this pseudo-temporal timeline (Ahnfelt-Ronne et al., 2012), and
clustering of all differentially regulated genes provides a resource of
known and unknown genes in pancreatic development that can be
harvested for potential new markers and candidate genes important
for pancreatic development.
The gene Amotl2, for example, was found to be co-expressed with
Neurog3 in the endocrine progenitor population. This gene has been
shown to be important for cell movement in zebrafish embryos
(Huang et al., 2007), breaking of cell polarity and tumor invasion
(Mojallal et al., 2014), as well as being involved in neural
development (Proszynski et al., 2013). A possible function for
this gene could be in the delamination of Neurog3 + progenitor cells
to a more endocrine-committed transitory progenitor cell state,
marked by Fev. We postulate that finding genes like this, with no
known function in pancreatic development but with described
functions in other tissues can provide a good starting point for
generating new hypotheses regarding pancreatic development.
Importantly, we used a MIP-GFP reporter to enrich for endocrine
cells in general and β-cells in particular, which means that this
dataset is skewed towards β-cell differentiation within the endocrine
compartment and could have limited use when studying other
lineage allocations. This enrichment specifically allowed us to build
a more-complete and faithful roadmap for β-cells. This strategy has
been used recently (Krentz et al., 2018) to achieve a similar
enrichment for endocrine cells from E15.5 and E18.5 mouse
embryos, showing the necessity of focusing on a particular cell type
to build a complete roadmap. However, other cell types, such as
α-cells, are also abundantly present in the dataset, can be followed
through pseudotime and are a valuable resource for the research
community. We postulate that dim GFP expression driven by the
8
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Neurog3-expressing endocrine progenitors, like Serpini1 (which is
associated with neuronal development; Lee et al., 2006), Inppl1
(which is associated with metabolic syndrome; Sleeman et al., 2005)
and Prom1 (an adult stem cell marker; Katoh et al., 2007).
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Fig. 5. Pseudo-temporal expression patterns of key factors of pancreatic development and their interactions. (A) Expression dynamics of specific
genes in pseudotime. In each plot, log imputed expression is plotted for each cell as a function of pseudotime. Color indicates the state of the cell (epithelium in red,
α fate in green or β fate in blue). Loess curve fitting represents the local polynomial regression over pseudotime for both α- and β-fate progression from the
epithelium, indicated by color (α-fate in green or β-fate in blue). (B) Log imputed expression of key developmental genes were plotted against each other for cells of
specific clusters, as indicated in the plots, to show their relationship during specific stages of development. Colors indicate which clusters the cells belong to;
dark-blue dots represent polynomial interpolations to indicate relationships between genes.

mouse insulin promoter in non-β endocrine cells allowed us to still
enrich for these cells, albeit less efficiently, thus increasing our yield
of these cell types.

Other studies have been performed to characterize the embryonic
pancreas at the single cell level. However, as these studies were
carried out on a small subset of genes (Petersen et al., 2017), at a
9
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single time point (E13.5) (Stanescu et al., 2017) or with limited
sequencing depth (QC threshold of 200 genes per cell) (Byrnes et al.,
2018), they are of limited use when following gene expression changes
during the second transition in pancreatic development. We therefore
decided to build on these datasets by making a comprehensive
roadmap containing cells from several embryonic ages (E12.5, E13.5,
E14.5, E15.5 and E18.5), combined with high-depth sequencing
(median over 5000 genes per cell). We show that this dataset can be
mined for novel marker genes, to study cell type heterogeneity and to
find gene expression patterns that play a role in forming the different
cell types that make up the pancreas, especially those of α- and β-cells,
which were the focus of this study. We hope this study, which can be
browsed at singlecellpancreas.eu, will provide a valuable resource for
understanding pancreatic development.
MATERIALS AND METHODS
Animal experiments

Mouse embryos that express GFP under transcriptional control of the mouse
insulin promoter (MIP-GFP mice, Jackson Laboratories #006864) were
isolated at embryonic days (E) 12.5, E13.5, E14.5, E15.5 and E18.5. All
experiments on animals were carried out in accordance with the guidelines
of the Animal Welfare Committee of the Royal Netherlands Academy of
Arts and Sciences (KNAW).
Tissue preparation

From obtained embryos, the pancreas was isolated as described previously
(Petzold and Spagnoli, 2012). Pancreases from MIP-GFP embryos were
digested into single cells using TrypLE (Thermo Fisher, #12605010)
containing 10 µg/ml pulmozyme (Roche, Basel, Switzerland), and washed
with PBS containing 10% FBS (Thermo Fisher, 10500064). Cells were
stored on ice until they were sorted using FACS. DAPI (Thermo Fisher,
D1306, 20 µg/ml) or TO-PRO3 (Thermo Fisher, T3605, 1 µM) was added
to cell suspensions immediately before sorting to distinguish between live
and dead cells.
FACS sorting

Cells were sorted as single cells into hard-shell 384-well PCR plates
(BioRad) containing 100 or 200 nl of RT primers, dNTPs (Promega), ERCC
spike-ins (Ambion) and 5 µl vapor-lock (Qiagen) using FACSJazz or
FACSAria II (BD biosciences) as described previously (Muraro et al.,
2016). For every embryonic age, MIP-GFP-negative cells as well as MIPGFP-positive cells (to enrich for endocrine cell types) were sorted into
separate plates (Fig. S1A). Index sorting was performed in order to couple
FACS-obtained data such as forward scatter, side scatter and GFP intensity
to our transcriptome data. Sorted cells in plates were snap frozen on dry ice
and stored at −80°C.
Processing of sorted cells

Plates of sorted cells were thawed on ice and lysed at 65°C, after which
reverse transcription (RT) and second-strand reactions were carried out. RT
reactions were performed using primers containing a polyT tail, a 4 or 6 bp
unique molecular identifier (UMI) sequence, a cell-specific barcode
sequence (8 bp), an Illumina 5′ adapter and a T7 promoter sequence.
Contents from all wells in a plate were pooled into a single library after
second-strand synthesis. RNA in these libraries underwent linear
amplification using in vitro transcription, followed by fragmentation to
lengths between 200 and 1000 bp. Next, a second RT reaction using random
hexamer primers containing the Illumina 3′ adapter was performed and
libraries were amplified using PCR. Sequencing was performed on Illumina
NextSeq ( paired-end, 75 bp reads). A median of 90,000 reads per cell
were sequenced.
Library sequencing and mapping

Sequenced reads were mapped to a reference transcriptome based on the
mouse genome release mm10 as described previously (Muraro et al., 2016).
Reads with the same UMI – barcode – transcript combination were likely
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caused by PCR over-amplification and were thus counted as a single read,
and the number of reads per transcript per cell were corrected for RNA –
UMI collision using poissonian counting statistics (Grün et al., 2015). Data
from all plates were pooled into a single dataset containing 7296 cells and
19,788 genes.
Data processing

Cells with fewer than 6000 UMI counts and/or cells that expressed
fewer than 2000 genes were filtered from the dataset. Data were processed
in R using Seurat version 2.3.4 as follows: metadata were added regarding
the origin of the cell (experimental code, embryonic age, live or GFP
sorted). Then data were log-normalized with a scaling factor of 10,000.
Variable genes were detected using an x low cut-off of 0.2 and a y low
cut-off of 0.5, with high cut-offs set to infinity and data divided into 20 bins.
All genes were scaled using a negative binomial model assuming UMI
data, with the number of expressed UMIs and genes per cell were used
as variables to regress. A total of 40 principal components were calculated
and assessed using jackstraw. All PCs were found to contribute significantly
and were thus used for downstream analysis. Clustering was performed
using Seurats FindClusters function with sensitivities ranging from 0.1 to 2
in 0.1 steps. Using clustree version 0.3.0, it was first observed on a
sensitivity resolution of 0.5 that clustering was not changed at a higher
sensitivity, and this sensitivity was then picked for assessment of clustering
using the AssessNodes function of Seurat after building a clustering tree
of the clustering. Nodes that had a higher out-of-bag error rate than
10% were removed and clusters underneath these nodes were merged.
UMAP dimensional reduction was calculated using the umap package
version 0.1.0.3, with metric function set to euclidean and using only
variable genes, as detected by Seurat. Differential expression was calculated
between clusters using the FindMarkers function from Seurat, using the
‘negbinom’ test, and the number of expressed UMIs and genes per cell were
used as variables to regress. Based on the top upregulated genes per cluster,
cell type identities were determined for each cluster and clusters that
represent the same cell type were merged. Differential expression for
individual cell types was then calculated similarly as it was calculated
for clusters.
Next, cells expressing more than three raw UMI counts of Apoe or Cd93,
or five transcripts Col1a1 or Hbb-y were excluded from the dataset, as they
represented cell populations unrelated to endocrine or exocrine cells (blood
vessel, immune, mesenchyme and red blood cells). The genes Malat1,
Lars2 and Rn45s, which were strongly upregulated in some libraries and are
linked to cellular stress (Yao et al., 2016; Schild et al., 2014; Yoshikawa and
Fujii, 2016), were then excluded from the dataset. After filtering, the full
dataset consisted of 2589 cells and 19,696 genes. To correct for any batch
effects caused by the embryonic age of the collected tissues, Seurat objects
were then generated per embryonic age, and data were log-normalized and
scaled as described previously. Cells from different embryonic ages were
then merged into a single dataset using multiCCA (Butler et al., 2018), using
the first six CCAs for downstream analysis. Experiment identifiers,
embryonic age and FACS characteristics were added manually to
metadata. Cell cycle state was calculated as described previously (Tirosh
et al., 2016). Clustering resolution was set to 0.7 and was consecutively
evaluated using Seurat’s AssessNodes function. Clusters were merged when
the out-of-box error scores were above 10%. In this manuscript, pancreatic
epithelium is defined as the cells from the tip and trunk domain.
Differentially expressed genes per cluster, and differential expression
between specific clusters, was calculated using the FindMarkers function is
Seurat using the ‘negbinom’ test, with the number of genes and UMIs for
every cell as variables to regress. Data for specific genes (Cpa1, Ptf1a, Sox9,
Hes1, Gcg, Ins2, Neurog3, Fev, Arx, Pax4, Pdx1, Amotl2, Btbd17, Prom1
and Hopx) was imputed using the AddImputedScore function of Seurat,
using all variable genes as template to fit. Imputed data was only used to
generate comparative gene plots. To determine which cells can be
designated to express a hormone, density plots were generated for the
hormones of all cells. For Gcg- and Ins2-expressing cells, bimodal
expression patterns could clearly be observed, and the local minimum
between the modes was mathematically determined (4.23 log-normalized
counts for Gcg, 4.16 log-normalized counts for Ins2). For γ- and δ-cells, a
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Pseudotime analysis

Raw data were filtered so that the same cells and genes remained as for the
Seurat object containing only the pancreatic epithelial endocrine cells, and
was then used in the single cell RNA-sequencing toolkit Monocle2 version
2.10.1 (Qiu et al., 2017b,c). Clustering information from Seurat was
transferred to the monocle pData object. Differential expression was
calculated using the differentialGeneTest from Monocle, using the Seuratdetermined clusters to generate a full model. Genes that had a q-value lower
than 0.05 were used to set the ordering filter and reduce dimensions using
DDRTree version 0.1.5. Differentially regulated genes in pseudotime were
calculated using full model ‘∼sm.ns(Pseudotime)’, and genes that were
differentially regulated between the α and β branch were calculated using the
BEAM function in monocle. The top 50 differentially regulated genes, as
determined by BEAM, were clustered into three groups using ward.D2 as
clustering method. Genes were then removed that were differentially
expressed between α- and β-cells, as determined by Seurat (clusters 1+7
versus cluster 8+9, FindMarkers function using ‘negbinom’ test and
regressing the number of UMIs and genes). The top 50 remaining
differentially regulated genes from the BEAM analysis were then also
clustered into three groups using ward.D2.
Pathway analysis

Gene ontology was performed using the web interface www.geneontology.
org. Only biological processes for Mus musculus were obtained this way. For
gene-set enrichment analysis (GSEA), the GSEA Java Desktop Application
from the BROAD institute was used (software.broadinstitute.org/gsea/
index.jsp) and GSEA was calculated using h.all, c1.all, c2.all, c3.all, c4.all,
c5.all, c6.all and c7.all geneset databases.
Software and resources

Rstudio version 1.1.463 was used in combination with R version 3.5.3. Data
were processed using Seurat version 2.3.4 (Butler et al., 2018) and Monocle
version 2.10.1 (Qiu et al., 2017b,c). Clustering was assessed using clustree
version 0.3.0.
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