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Summary

Although the function of the mammalian pancreas hinges on complex interactions of distinct cell
types, gene expression profiles have primarily been described with bulk mixtures. Here we
implemented a droplet-based, single-cell RNA-seq method to determine the transcriptomes of over
12,000 individual pancreatic cells from four human donors and two mouse strains. Cells could be
divided into 15 clusters that matched previously characterized cell types: all endocrine cell types,
including rare epsilon-cells; exocrine cell types; vascular cells; Schwann cells; quiescent and
activated stellate cells; and four types of immune cells. We detected subpopulations of ductal cells
with distinct expression profiles and validated their existence with immuno-histochemistry stains.
Moreover, among human beta- cells, we detected heterogeneity in the regulation of genes relating
to functional maturation and levels of ER stress. Finally, we deconvolved bulk gene expression
samples using the single-cell data to detect disease-associated differential expression. Our dataset
provides a resource for the discovery of novel cell type-specific transcription factors, signaling
receptors, and medically relevant genes.
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Single-cell transcriptomics of over 12,000 cells from four human donors and two mouse strains
was determined using inDrop. Cells were divided into 15 clusters that matched previously
characterized cell types. Detailed analysis of each population separately revealed subpopulations
within the ductal population, modes of activation of stellate cells, and heterogeneity in the stress
among beta cells.
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Introduction

The pancreas is a vertebrate-specific organ with a central role in energy homeostasis
achieved by secreting digestive enzymes and metabolic hormones (Kimmel and Meyer,
2010). Most of the pancreas (95%) is comprised of two exocrine cell types: acinar and duct
cells. Acinar cells produce digestive enzymes, including amylase, lipase, and peptidases
(Whitcomb and Lowe, 2007), and duct cells secrete bicarbonate (Steward et al., 2005) and
ferry the digestive enzymes to the gastrointestinal tract. Islets, about 5% of the pancreatic
mass, are dispersed within the exocrine tissue and ducts and contain endocrine cells that
secrete hormones for glucose homeostasis (Drucker, 2007). Islets contain five endocrine cell
types: alpha cells (glucagon+), beta cells (insulin+), delta cells (somatostatin+), gamma cells
(pancreatic polypeptide+), and epsilon cells (ghrelin+) (Mastracci and Sussel, 2012).

Dysfunction of the pancreas is clinically important, most notably in type 1 (T1D) and type 2
diabetes mellitus (T2D), pancreatitis, and cancer. Efforts to replace beta cells lost in type 1
diabetes have made the pancreas one of the focus organs of current regenerative biology. In
particular, significant efforts have been made to produce insulin-secreting beta cells in vitro
from pluripotent cells (Nostro et al., 2015; Pagliuca et al., 2014; Rezania et al., 2014; Russ
et al., 2015; Xie et al., 2013). It may be argued that these efforts are limited by an
incomplete understanding of the gene expression programs of adult beta cells. More
generally, because the endocrine cell types all functionally interact, there is a clear need to
systematically characterize all pancreatic cell types at the molecular level to understand their
dysfunction in disease.
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Significant advances in characterizing the transcriptomes of individual cells have been made
using both in situ and RNA sequencing (RNA-seq) approaches. Although in situ methods
are able to scale up to hundreds or even thousands of genes (Chen et al., 2015; Lee et al.,
2014; Lubeck et al., 2014), RNA-seq has the unique advantage that it can detect transcripts
comprehensively on a genomic scale. Single-cell RNA-seq has helped identify new cell
types in the mouse brain (Zeisel et al., 2015) and mouse lung (Treutlein et al., 2014) and was
recently used to characterize 70 individual human pancreatic cells (Li et al., 2016) and 341
cells from mouse islets (Xin et al., 2016). In the pancreas, fixed and sorted populations of
alpha and beta cells have previously been compared using RNA sequencing (Blodgett et al.,
2015; Dorrell et al., 2011; Moran et al., 2012; Nica et al., 2013). However, it has remained a
challenge to analyze many human cells at a high-throughput scale (Blodgett et al., 2015).
This stems both from the difficulty in obtaining tissues from human donors and developing a
system that captures a sufficient number of cells. The inDrop method provides a systematic
approach for capturing thousands of cells without pre-sorting (Klein et al., 2015). inDrop
uses high-throughput droplet microfluidics that barcode the RNA from thousands of
individual cells, implementing a sensitive linear amplification method for single-cell
transcriptome library construction (cell expression by linear amplification and sequencing
[CEL-seq]) (Hashimshony et al., 2012, 2016).

Comparing gene expression across species is an efficient method for inferring function from
transcription data. The mouse model constitutes the most studied for pancreas and diabetes
research; however, the findings are typically applied to humans, thereby highlighting the
importance of inter-species similarities and differences. The size and organization of the
endocrine pancreas have been characterized previously in humans and mice (Levetan and
Pierce, 2013). In particular, mouse islets are organized as a core of beta cells surrounded by
non-beta cells (Brissova et al., 2005), whereas, in humans, several patterns have been
reported, such as clusters of beta cells within the islets (Orci and Unger, 1975), ribbon-like
patterns (Grube and Bohn, 1983), or a diffuse unorganized form (Cabrera et al., 2006).
These anatomical differences highlight the need to understand the molecular variants
between these species as well as the conserved gene-regulatory complement across them.

In this work, we implemented the inDrop platform to study the human and mouse pancreas
and to describe its constituent cell types at higher resolution than that provided by immuno-
histochemical characterization and transcriptional analyses of bulk samples or cell type-
enriched specimens. Analysis of four human pancreas donors and islets from two strains of
mice, enriched for endocrine cells (islets), identifies all previously known cell types. Within
these cell types, we find substructure in the ductal and beta cell populations. This approach
provides a first detailed look at the gene expression program of the adult mammalian
pancreas.

Single-Cell RNA-Seq Identifies a Comprehensive List of Pancreatic Cell Types

Using inDrop, we isolated and sequenced ~10,000 human and ~2,000 mouse pancreatic
cells from four cadaveric donors and two strains of mice, respectively, and processed them
for transcriptomic analysis (Figure 1A). Our human donors spanned a range of ages and
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BMI health parameters (Table S1). From the human donors, we prepared and sequenced
several separate batches, each of approximately ~800 cells (on average, 100,000 reads were
associated with each analyzed cell). Analysis of the sequence reads revealed on average
~6,000 uniquely detected transcripts from ~2,000 genes for each cell (Figures S1B and
S1C).

After filtering out cells with limited numbers of detected genes, our dataset contained 8,629
cells from the four donors and 1,886 mouse cells from both strains. When we visualized this
dataset using t-distributed stochastic neighbor embedding (tSNE) (van der Maaten and
Hinton, 2008), we found that they formed clear clusters, suggesting distinct cell types at the
molecular level (Figures 1B-1E). Precisely delineating the clusters, however, was
challenging because of the inherent hierarchical relationships among the cell types (Figures
2B and 2D). We thus devised an iterative hierarchical clustering method that restricts genes
enriched in one cell type from being used to separate other cell types. Applying this method
to the data, we identified 14 and 13 different cell populations across the human and mouse
samples, respectively (Figures 1B—1E). We next sought to characterize the identities of these
cell populations based upon expression of unique transcripts and with reference to the
literature (Figures 1B and 1C; Table S2). For example, a particular cluster could be
annotated as beta cells because it was enriched in the expression of insulin (INS) and several
other markers (Figure S2). Similarly, we detected the cell types corresponding to alpha,
gamma, delta, and epsilon cells within islets; acinar, ductal, quiescent and activated
pancreatic stellate cells, and vascular cells; four immune cell types (tissue-resident
macrophages, mast cells, B cells, and cytotoxic T cells); and Schwann cells (Figures 1C, 1E,
and 1F).

In addition to abundant cell types, our sequencing method and clustering approach also
reliably detected rare cell types such as T cells and epsilon cells, which each constitute
approximately 0.1% of a complex mixture of diverse cell types, allowing a detailed
characterization of the cell types present in and near human islets. Although we identified
cells from all cell types in each donor, the proportions of each cell type varied considerably
(Figure S1D). Interestingly, donor 1 (17 years old) showed a particularly high number of
Ghrelin+ epsilon cells, which are believed to be absent in adults (Mastracci and Sussel,
2012). Otherwise, the variation in the ratio of alpha cells to beta cells falls within the
expected range (Fadista et al., 2014; Yoon et al., 2003). Because islet preparations deplete
non-islet cell types, variation is expected in the purity and proportions of cell types. In
addition, this variation is affected by differential responses to the culturing conditions of
each cell type (STAR Methods). The observed correspondence of the clusters to previously
characterized cell types is evidence for the quality of the dataset and its potential for new
insights. Although we could not detect acinar cells in the mouse data, we did detect beta
cells (Figure 1D). Our dataset provides a powerful resource for studying gene expression in
a complex tissue across species. For example, Figure S2 shows the gene expression of the
insulin gene in both humans and mice.
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Relationships among Cell Types Reveal Consistent Cell Types across Donors and Species

Although inDrop captures less than 10% of the transcripts in a given cell by pooling together
cells with correlated expression profiles, we derived a highly resolved transcriptome for each
of the cell types. For example, comparing the transcriptome of two cell type clusters in one
human pancreas revealed a large number of significantly differentially expressed genes
(Figure 2A), with the three most highly expressed genes also among the most differentially
expressed: INS, IAPP, and CPAL. Such differential expression provides strong evidence for
the inference that these are beta (INS/IAPP+) and acinar (CPA1+) cells, respectively.

The same approach can be used to assign all clusters of cells to known cells types.
Extending the analysis to all pairs of cell types detected in both humans and mice, we
computed the dendrogram shown in Figure 2B. A deep branch separating four cell types
from the others contained alpha, beta, gamma, and delta cells and was thus clearly
identifiable as endocrine. Among these endocrine cell types, the alpha and gamma cells
formed a group. Comparing this dendrogram with one based on the analogous mouse cell
types, we found a nearly identical pattern of relationships (Figure 2B, right). The endocrine
cells form a cluster to the exclusion of the other cell types. This confirms the expected
separation and relationships of the endocrine cells as a distinct set of cell types.

We next considered the coherence of the cell types across individuals of the same species.
Comparing ductal cells across samples (human donors 1 and 3), we found a correlation of
RZ=0.92 (Figure 2C), well above the differences between cell types within each donor (e.g.,
R?=10.72 in Figure 2A), suggesting that the average transcriptome of cell types is
conserved. Overall, cell types generally grouped together despite originating from different
individuals (Figure 2D). In particular, the endocrine cell types constituted a distinct cluster
of cell types relative to the nine other cell types. Also, in mice, cell types were highly
correlated across strains (Figure S3; /= 0.9). Comparing across species, we found that
human and mouse beta cells are reasonably well correlated (Figure 2E). Comparing across
all cell types common to both species (Figure 2F), we found that the four endocrine cell
types (alpha, beta, gamma, and delta) are the most correlated.

Endocrine-Specific Gene Expression

Our dataset represents a treasure trove for the study of gene expression specific to pancreatic
endocrine cells. We illustrate its relevance to drug discovery (FFAR4), functional maturation
of beta cells (UCN3), genetic association studies (DLK1), and mouse models of human
disease (LEPR). Agonists of FFAR4/GPR120, a G protein-coupled receptor, are currently
being developed as therapeutics for diabetes because they exert incretin-like effects to lower
blood glucose (Holliday et al., 2012). Our data provide evidence that FFAR4 is expressed in
both beta and delta human cells (Figure 3A, left), opening up the question of whether a
potential therapeutic effect of FFAR4 agonists associates with one or both of these cell
types. To confirm the expression of FFAR4 in both human beta and delta cells, we
performed immunohistochemistry stains on dissociated islet cells and detected FFAR4
protein in both cell types (Figure 3B). However, previous work in mice suggested a delta
specificity of Ffar4 (Stone et al., 2014). Using our single-cell mouse data, we found an
expression pattern that matches neither the existing literature nor human data: we detected
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Ffar4 in alpha, beta, gamma, and delta cells (Figure 3A, right). This highlights a gap in our
knowledge about FFAR4/Ffar4 as well as a key difference between mice and humans that
brings into question the relevance of mechanisms regarding FFAR4/Ffar4 inferred in mice.

UCNS, initially discovered as a specific marker of beta cell maturation in mice (Blum et al.,
2012), is known to be expressed in both alpha and beta cells in primates (van der Meulen et
al., 2012). Our data confirm that Ucn3 is restricted to beta cells in mice (Figure 3A, right)
and expand the list of human cell types that express UCN3 to include all human endocrine
cells except delta cells (Figure 3A, left). This supports the recent finding that UCN3
signaling in human delta cells is part of a paracrine feedback mechanism (van der Meulen et
al., 2015). The difference in expression pattern between mouse and human suggests an
instance of gene expression evolution across mammalian pancreata.

Genome-wide association studies (GWASSs) have implicated DLK1 as a non-immune-related
gene involved in T1D (Wallace et al., 2010). Our study and others (L. et al., 2016) show that
DLK1 is specifically expressed in human beta cells (Figure 3A, left), making it the only
known T1D GWAS hit specific to beta cells and thus bolstering the case for its potential
importance for T1D. By contrast, IAPP is believed to be specifically restricted to beta cells
(Johnson et al., 1988), which our human expression data support; however, lapp is more
promiscuously expressed in mouse cells, with detectable expression in both beta and delta
cells. Knockouts of leptin and the leptin receptors have been central models for obesity and
T2D in mice (Drel et al., 2006). Several studies in mice have suggested a direct effect of
leptin on leptin receptor-expressing beta cells (Morioka et al., 2007). Instead, our human
data show that LEPR is a delta cell-specific gene in humans (Figure 3A, left), suggesting
that leptin action in human pancreatic islets is mediated by delta cells. Together, these
examples show the value of accurate cell type-specific mapping of genes implicated in islet
function.

Although cell identity is often described by cell morphology, histology, surface markers, or
physiological function, the gene expression programs that shape cell identity are
orchestrated by transcription factors. Therefore, we chose to explore the cell type
specificities of transcription factors detected in our dataset. Our analysis of human endocrine
transcriptomes both confirmed the expected expression patterns of key transcription factors
and revealed novel endocrine-specific transcription factor expression (Figure 3C, left; Table
S3). We confirmed the known specificities of transcription factors in endocrine cells:

MAFA, NKX6-1 (beta), IRX1, IRX2 (alpha), HHEX (delta and duct), MAFB (alpha and
beta), ARX (alpha, gamma, and epsilon), PDX1 (all types except alpha), PAX6 (all types but
lower in delta and epsilon), and NEUROD1, INSM1, and NKX2-2 (all types) (Benner et al.,
2014; Bonal and Herrera, 2008; Murtaugh, 2007; Zaret and Grompe, 2008). Our data clearly
recapitulate the known cell type specificities of pancreatic transcription factors.

Our data allowed us to discover novel endocrine-specific transcription factors. For instance,
POU3F1 is a previously unreported factor specific to delta cells, as are SIX3 and OLIG1 to
beta cells. We also identified new transcription factors that follow patterns of known,
developmentally functional transcription factors. Two have profiles resembling PDX1:
ETV1 and MEIS2 are restricted to non-alpha endocrine cells. POU6F2 and FEV resemble
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ARX: POUGF2 is detected in alpha, gamma, and epsilon cells, and although FEV is not
detected in epsilon cells, this may be due to a relative under-sampling of the epsilon
transcriptome. A similarly novel pattern involves transcription factors restricted to beta and
delta cells, including SIX2, ESR1, and RXRG. Combinations of cell type-specific
transcription factors have allowed reprogramming between pancreatic lineages (Li et al.,
2014; Zhou et al., 2008), and the role of these transcriptional regulators in development and
the maintenance of cell type identity merit further investigation.

Comparing across mice, we found an interesting pattern of conservation and divergence
(Figure 3C). Pan-endocrine expression was conserved in mice (NEURODZ, INSM1, ISL1,
NKX2-2, and PAX6). However, specific patterns of expression within the endocrine
systems, such as ETV1 and MEIS2, which had a PDX1-like expression profile in the mouse,
show “non-beta” expression in the mouse. This shift in expression specificities suggests that,
although the overall functionality of the pancreas is conserved in evolutionary time, the
specific expressions across cell types may actually be plastic.

Characterization of Pancreatic Stellate Activation and Schwann Cell Dedifferentiation

Pancreatic stellate cells have been implicated in ductal carcinoma angiogenesis and
metastasis, pancreatic fibrosis, and unusual immune phenotypes associated with pancreatic
cancers (Haber et al., 1999). Located primarily at the base of the acini and around vascular
cells, quiescent stellate cells are a type of pericyte that plays a structural role in the pancreas
and can be identified in microscopy by cytoplasmic lipid droplets that contain vitamin A
(Figure 4A). By first examining the human data, we identified stellate cells in our dataset by
their known marker gene PDGFRB along with specific gene expression of fibroblast growth
factor (FGF), WNT, Activin A, transforming growth factor B (TGF-), and numerous
cytokines. We identified pancreatic stellate cells in each human donor, 457 in total (Figure
4B).

The transcriptome of pancreatic stellate cells has not been characterized previously. When
activated, these cells alter drastically, losing their lipid droplets, migrating, secreting ligands
to several major signaling pathways such as WNT, TGFB, FGF, platelet-derived growth
factor (PDGF), and Activin A, and producing large quantities of collagens, fibronectin, and
other extracellular matrix components (Buchholz et al., 2005; Figure 4B). Consistently, we
found a clear division between cells that expressed high levels of genes associated with
stellate activation, such as collagen | and fibronectin, and those that did not. Although the
proteins produced by activated stellate have received extensive attention (Buchholz et al.,
2005), less focus has been placed on quiescent forms. In our data, among the genes enriched
in these quiescent cells were several that may play functional roles, including ADIRF,
associated with adipogenesis, and FABP4, associated with lipid transport in adipocytes.

We found a further division within activated cells (Figure 4B). One set of cells expressed
genes related to the extracellular matrix more highly, whereas the other had highly specific
expression of numerous cytokines, interleukins, and chemokines (Figure 4C). This latter
phenotype is surprising and may explain the unusual interactions reported between stellates
and immune cells. The cells of the immune-activated state are identified predominantly in
two of our samples, whereas the standard activated state predominated in the other two. We
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also detect stellate cells in mouse islets. To determine which types of human stellates they
resemble most closely, we identified genes that were enriched in the three types of human
stellates and then used their expression to cluster all stellates. We found that most mouse
stellates resembled the quiescent or standard activated stellates (Figure 4C). Although we
cannot rule out that stellate cell activation is induced by post-isolation culture conditions
rather than states present in the donor, our analysis nonetheless supports the existence of two
modes of stellate cell activation.

The second intriguing population is of neural crest origin. We hypothesize that this
population of 13 cells represents pancreatic Schwann cells responding to injury. These cells
express known Schwann cell markers such as SOX10, S100B, CRYAB, NGFR, PLP1, and
PMP22. However, components of the myelin sheath are lowly expressed or absent, and
several genes shown previously to be upregulated in the Schwann cell response to nerve
injury mark the population. These genes include SOX2, ID4, and FOXD3, which are
transcription factors associated with Schwann cell dedifferentiation and repression of myelin
sheath component expression, as well as GDNF, EDNRB, and NES (Jessen and Mirsky,
2008; Lang et al., 2015; Pereira et al., 2012). Based on this profile of expression of known
Schwann cell and injury markers, we characterize this cell population as Schwann cells that
dedifferentiated under extraction and culture conditions.

Transcriptome Analysis of Ductal Cells Provides Evidence for Functional Subpopulations

Cell types are traditionally classified by function and marker gene expression. Single-cell
transcriptome data enable us to further detect substructure within cell populations or the lack
thereof. We developed a pipeline for systematically testing whether a given cell population
contains structured variation in gene expression. Briefly, our approach proceeds by principal
component analysis (PCA) of single cell types and then seeks to identify genes that have PC
loadings greater than expected by chance, are not known as markers for other cell types, and
do not trivially correlate with the total number of transcripts per cell or with expression of
mitochondrial genes (a marker of cell stress). Applying our method to most cell type
populations did not reveal biological differences among the cells (Figure S5A). For example,

in alpha cells, searching for genes that contribute to PC1 more than expected (> \/VTV
where N is the number of genes) revealed only genes correlating to total transcript
abundance, suggesting that there is no detectable structure in this cell type (Figures S5B and
S5C). This does not rule out the presence of cell-to-cell variability within these cell types,
but it suggests that such variability may be post-transcriptional in nature or else that it is too
weak to detect without very deep and sensitive sequencing of individual cells.

We did detect, however, substructure in the human ductal cell population. We found that the
first PC (PC1) was significantly and strongly different from random, with cells continuously
distributed along PC1, forming two lobes (Figure 5A). We ruled out an explanation of this
spread according to the number of transcripts of each of these cells (Figure S5C). We found
many genes whose expression is variable across PC1 (Figure S5D); for example MUC1 and
CFTR function in mucosal restitution and repair (Hoffmann and Hauser, 1993) and secretion
of HCOg, respectively (Ishiguro et al., 2009; Figure 5A). To characterize this variation
further, we created a moving average profile for each gene across the range of PC1. A sharp
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change in expression is found in some genes, whereas others show a more gradual change
across PC1. For example, gene CD44 shows a gradual mode of expression across PC1
(Figure 5A). Expanding this analysis to all genes with significant differences across PC1, we
find a clear separation into two gene expression classes. The first is composed of genes
enriched in low-PC1 cells. These genes are related to mucous secretion such as TFF1, TFF2,
and MUC1 and protection of the ductal tissue from the digestive enzymes transported from
acini. The second gene class shows highest expression in high-PC1 cells and then gradually
diminishes across PC1. This class of genes is related to ion transport, including CFTR,
consistent with the secretory function of ductal cells. Similar subpopulations were detected
in human donors 2 and 3, providing further support for their existence (Figure 5B).

Ductal cells have been known to exhibit two main morphologies: one forming the terminal
duct and the other connecting to the acinus (Figure 5C;) (Rovira et al., 2010). However, the
molecular properties distinguishing these cells have not been described. We hypothesized
that the observed gene expression gradient across ductal cells is location-dependent. To test
this, we applied immunohistochemistry stains to pancreatic tissues to study the expression of
MUC1 and CFTR. We found a clear spatial separation between cells with higher levels of
MUC1 and cells with higher levels of CFTR (Figure 5D).

If the ductal cell populations indeed relate to functional sub-cell types, it is reasonable to
expect that their specialization would be conserved across species. We thus repeated the
analysis in mice, and the PC analysis again revealed lobes (Figure 5E). Expression of Mucl
and Cftr showed inverse patterns, indicating that, among the mouse ductal cells, sub-cell
populations also exist. Together, our results suggest that we can clearly distinguish two
hitherto undescribed classes of ductal cells in molecular detail.

Heterogeneity of Beta Cells

Applying our subpopulation method to beta cells, we also found evidence for significant
heterogeneity among these cells. Initially, we observed two distinct subpopulations of beta
cells in the donor 1 sample; however, we found that it stemmed completely from the number
of detected transcripts per cell. We attributed the cluster of cells with low transcript counts to
dead cells and excluded them from further analysis. Performing PCA on the remaining beta
cells, we observed a distribution of cells that was not correlated with transcript counts
(Figure 6A). Instead, the variation stemmed from variable expression of genes relevant to
beta cell function, including UCN3 and the endoplasmic reticulum stress-inducible genes
HERPUDZ1, HSPAS5, and DDIT3 (Sharma et al., 2015; Figure 6B).

Overall, we found that genes with low PC1 values were correlated with genes that function
in endoplasmic reticulum (ER) stress and that high PC1 values were correlated with
functional beta genes (Figure 6C). Recent work has linked the unfolded protein response in
beta cells to proliferation (Sharma et al., 2015). Also known as ER stress, the unfolded
protein response in beta cells is triggered by high levels of insulin synthesis. Beta cells are
known to be engaged in ER stress because of the high demand for insulin secretion
(Marchetti et al., 2007). Recent studies have also shown that, within human and mouse beta
cell populations, cells exhibiting active ER stress are more likely to proliferate (Sharma et
al., 2015).
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Further work is required to characterize the beta cell heterogeneity detected here. We cannot
rule out that a heterogeneous stress signature in beta cells reflects a variable response to
pancreatic isolation, transport, and dissociation for inDrop analysis; however, it is notable
that none of the other cell types nor samples showed a comparable heterogeneous ER stress
response. The heterogeneity appears distinct from that of the ductal cells because we find a
diverse gradient of molecular phenotypes as opposed to mainly two sub-types. Moreover,
there was an absence of genes with clear “on/off” gene expression levels across the beta cell
gradient that might be detectable by in situ analysis.

Deconvolving Bulk Gene Expression Samples Using Single-Cell RNA-Seq

Gene expression studies comparing complex tissues in bulk offer the possibility of studying
gene-regulatory differences across a large number of normal and pathological samples.
Often, however, these mask the biological signal because of the variability in cell type
proportions. Although single-cell data remain prohibitively expensive to apply across
hundreds of samples, the possibility exists to leverage them toward overcoming difficulties
in studying bulk gene expression data. Specifically, statistical deconvolution methods have
been used successfully for estimating cell type proportions and cell type-specific differential
expression in silico from bulk tissue data (Shen-Orr and Gaujoux, 2013). The availability of
single-cell gene expression datasets now offers improved means for these methods because,
aggregated at the cell-type level, single-cell data provide characteristic profiles from a large
number of minimally perturbed primary cells.

Building upon previous gene expression deconvolution methods, we developed a bulk
sequence single-cell deconvolution analysis pipeline (Bseg-SC). Overall, the method
integrates bulk data with single-cell gene expression to identify cell-type specific marker
genes, estimate the proportion of each cell type in measured bulk tissue RNA-seq samples,
adjust individual gene expression samples for variation in cell type proportion so that
differential expression because of proportion differences is removed, and perform cell type-
specific differential gene expression analysis among groups (Figure 7A). An important
benefit of this approach is that, although single-cell analysis is expensive, it need only be
applied once on a given tissue to deconvolve all bulk samples.

To test Bseg-SC's ability to detect a biological signal, we analyzed a previously published
bulk RNA-seq dataset (Fadista et al., 2014) and asked whether applying our understanding
of the structure of pancreatic cell type expression reveals insight into the regulatory
differences between normal and diabetic pancreata. This dataset of bulk islet RNA-seq
contained data for 82 samples, including 51 normoglycemic, 15 impaired glucose tolerance
(IGT), and 12 T2D patients and 11 donors without HbAlc information (Fadista et al., 2014).
Because of a sample size requirement, we merged the two hyperglycemic sub-groups (IGT
and T2D) into one group and compared it with the normoglycemic group. We first identified
a set of discriminative marker genes, derived from the single-cell data, which can best be
used to estimate the proportion of each cell type in the bulk samples. We tested the
capability of these to identify cell proportions using a simulation (STAR Methods). Next, we
estimated the proportion of each of the six major cell types (alpha, beta, gamma, delta,
acinar, and ductal cells) in all bulk samples (Figure 7B). No significant proportion
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differences were detected between normoglycemic and hyperglycemic samples (p < 0.05).
However, this analysis revealed broad distributions of proportions among individuals for
each cell type as well as markedly different proportion estimates of alpha, beta, acinar, and
ductal cells among normal and hyperglycemic individuals, suggesting that much of the
reported differences in bulk gene expression data may be affected by proportion variability.

To address this, we repeated the statistical analysis of the bulk tissue samples comparing the
gene expression profiles of normal and hyperglycemic individuals, first according to the
original publication (Fadista et al., 2014) and then including estimated cell type proportions
as additional covariates into the model, hence accounting for their confounding variability.
To maintain enough statistical power, we did not include all cell types in the model but,
rather, estimated the expression profile of the four most variable cell types: alpha, beta,
acinar, and ductal (STAR Methods). Comparing the differential expression observed in the
bulk tissue with that found in the adjusted proportions (Figure 7C), we found that, of the
2,369 genes originally identified in the bulk data to be associated with high versus low
HB1AC levels (p <0.01), 1,867 (73%) did not exhibit statistical significance following cell
type proportion adjustment. The majority of the remaining genes (75%) showed a marked
reduction in statistical significance. Conversely, we identified a set of 360 genes for which
the statistical differential expression between groups increased following cell type
proportion adjustment. These were made up of 127 genes that were already significant prior
to adjustment and 233 newly significant genes. We propose that a select, smaller set of genes
is differentially expressed in hyperglycemic relative to healthy pancreatic islets when the
variability is controlled for cell type proportions.

Finally, we sought to identify the specific cell types that show differential expression using a
regression-based method for statistical deconvolution (Shen-Orr et al., 2010). This method
leverages the inherently large variability in cell type proportions among samples to infer
average cell-type specific expression profiles to assess cell type-specific differential
expression between groups. Again we limited the statistical deconvolution model to alpha,
beta, acinar, and ductal cells. Our analysis identified a signal of cell type-specific differences
in alpha cells (45 genes upregulated at a false discovery rate [FDR] of 0.05) and beta cells
(24 genes downregulated at an FDR of 0.1) (Figure 7D). Notably, we detected cell type-
specific differential expression across the genes characterizing ER stress in beta cells (Figure
6) and found that all six of them showed cell type-specific differences in alpha or beta cells
(significant at a looser FDR of 0.15). UCN3, NEUROD1, and HERPUD1 were upregulated,
and DDIT3 was downregulated in alpha cells, whereas MAFA, HERPUD1, and HSPA5
were downregulated in beta cells. (Figure 7D, underlined). This suggests that the potential
beta cell heterogeneity identified in the single-cell data may be smaller in a diabetic relative
to a normal state or, alternatively, represents a regulated cell state important for insulin
glycemic control, which may be impaired under a pathological condition.

Discussion

We have shown that we can determine the transcriptomes of thousands of pancreatic cells,
map them to known cell type identities, and point to their functional roles. We found that
cells form distinct clusters when studied with tSNE, the common dimensionality reduction
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algorithm, as well as with an iterative hierarchical clustering method (Figure 1). The
similarity among the summary transcriptomes of these clusters clearly distinguishes sets of
cells. These sets are conserved across individuals (Figure 2), and each cell type has
dominant genes specifically expressed in that cell type. This systematic and unbiased
characterization method of analyzing pancreatic endocrine cells is consistent with previous
analyses, suggesting a satisfying correspondence between classical studies and systematic
transcriptome analysis. However, this approach extends the analysis beyond a few highly
expressed marker genes by providing an atlas detailing gene expression across thousands of
cells from four individuals. This approach also sheds light on pancreatic cell types that were
previously understudied, such as pancreatic stellate cells (Figure 4).

By characterizing both human and mouse pancreatic cell types, we describe the ways in
which corresponding cell types are similar or different. At the largest scale, the cell types
themselves are conserved between mouse and human (Figure 1), and the transcriptomes of
these cell types are very similar (Figure 2). Because this pattern of similarity matches our
expectation, discrepancies between the two species are rare and, thus, potentially interesting.
We identify several key differences in specific genes relevant to pancreatic biology as well as
in the patterns of expression exhibited by transcription factors (Figure 3).

Beyond identifying the major cell types, we were also able to identify subpopulations within
two of the observed cell types. In ductal cells, we detected a distinct subpopulation that may
correspond to cells in contact with acinar cells and another that likely corresponds to
terminal duct cells (Figure 5). More relevant to diabetes research, we detected classes of beta
cells. Beta cells from one donor also showed a distinct population structure, with the primary
axis characterized by a gradient of ER stress (Figure 6). Confirming the presence of this
heterogeneity in vivo and understanding its significance will require further study.

Finally, we developed a method to deconvolve bulk RNA-seq data based on our single-cell
data and were able to compare gene expression profiles among healthy and diabetic donors.
This analysis revealed that a large number of genes identified in the bulk data as
differentially expressed among diabetic and healthy donors were likely variable solely
because of cell type proportion differences (false positives), whereas the differential
expression of other genes between these two group was masked (false negatives) by the
same phenomena. After cell proportion adjustments, we were able to detect differentially
expressed genes in alpha and beta cells, including two genes also identified by our single-
cell analysis as markers of a beta cell subpopulation marked by a potential unfolded protein
stress response (Figures 6 and 7).

One limitation of our analysis is the lack of spatial resolution. However, the specific genes
identified in our analyses of population substructure are clear candidates for follow-up
experiments to couple the observed gene expression differences to spatial information. For
example, it will be important to determine whether stressed beta cells are spatially
concentrated in islets or uniformly dispersed. Furthermore, if diabetes ensues, then the
pattern may change. Such a three-dimensional map will be important for an understanding
of pancreatic function and potential therapeutics to the diseased state.
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StarkMethods

Contact for Reagent and Resource Sharing

Further information and requests for reagents may be directed to, and will be fulfilled by the
corresponding author Itai Yanai (itai.yanai@nyumc.org).

Experimental Model and Subject Details

Mouse and Human Sample Preparation

Institutional review board approval for research use of human tissue was obtained from the
Harvard University Faculty of Arts and Sciences. Human islets were obtained from NDRI
(The National Disease Research Interchange) and were recovered in CMRLS for 24 or 48h
(Our human donors span a range of ages and BMI health parameters (Table S1)). Donor
anonymity was preserved, and the human tissue was collected under applicable regulations
and guidelines regarding consent, protection of human subjects and donor confidentiality.
Animal studies were performed in strict accordance with the recommendations in the Guide
for the Care and Use of Laboratory Animals of the National Institutes of Health. All of the
animals were handled according to approved institutional animal care and use committee
(IACUC) protocol number [93-15]. The protocol was approved by the Committee on the Use
of Animals in Research and Teaching of Harvard University Faculty of Arts & Sciences
(HU/FAS). The HU/FAS animal care and use program is AAALAC International accredited,
has a PHS Assurance (A3593-01) on file with NIH's Office of Laboratory Animal Welfare,
and is registered with the USDA (14-R-0128). Animals were euthanized in accordance with
AVMA Guidelines for the Euthanasia of Animals. Both ICR and C57BL/6 mice strain used
were obtained from Jackson Laboratories. Mice were maintained on regular chow (Prolab
Isopro RMH 3000, LabDiet) and on a 12 hr light/dark cycle with continuous access to food
and water. Mouse islets were isolated (and pooled) from five C57BL/6 and ICR mice by
perfusion of the common bile duct with 0.8 mM Collagenase P (Roche), digestion of the
pancreata with 0.8 mM Collagenase P (Roche) and purification of the islets by Histopaque
gradient (Sigma) centrifugation. Single cell dispersion was carried out as follows: islets were
settled by centrifugation (250 rpm, 3 min), washed with 2 ml of PBS. Islets were centrifuged
(250 rpm, 3 min) again and PBS was replaced with 1 ml of TrypLE Express. Samples were
incubated at 37°C for 18-20 min. Following incubation, TrypLe was removed and 2ml of
CMRLS media was added. Cells were gently dispersed mechanically using a P1000 pipette.
Cells were then spun down (500 rpm, 3 min) and washed with 1 ml PBS prior to a final
resuspension in PBS. Cells were then stored on ice for < 30 min awaiting encapsulation into
droplets and immediate lysis. Immediately before running cells through the inDrop device,
Optiprep was added to the cell suspension to a final concentration of 16%v/v, and the cell
concentration was adjusted to 75,000 cells/mL. The cells were encapsulated at a rate of
12,000/hour, and approximately 80% of encapsulated cells were successfully barcoded.
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Method Details

Single Cell Sequencing Bioinformatics Pipeline

Clustering

inDrop encapsulation of the cells and reverse transcription (RT) reaction was carried out as
previously reported (Klein et al., 2015). Library preparation was carried out according to this
protocol with the following minor changes: random hexamers were used during the second
reverse transcription step (after linear amplification), eliminating the need for primer
ligation. The number of PCR cycles required for final library enrichment ranged from 9-12
cycles. Paired end sequencing was performed on Illumina Hiseq 2500 machine. Reads
lacking any of the expected sequences in read 1 (known cell barcode, adaptor sequence
(W1), or beginning of the poly-T tail) were removed. Reads were trimmed using
Trimmomatic (Bolger et al., 2014) (version 0.32) and split into individual cells based on
their match against both cell barcode sequences (BC1 and BC2, each with 384 unique
possible sequences), with errors of up to two nucleotides mismatch corrected. Read 2 was
then mapped to the reference transcriptome using bowtie (Langmead and Salzberg, 2012)
(version 1.1.1) and expression was quantified as previously described (Klein et al., 2015)
with the added modification of ignoring reads containing a high fraction of single-base
repeats after quality trimming.

Clustering was carried out recursively: for every subset of cells, only highly expressed genes
(fraction of total TPM above 0.5) and highly variant (Fano factor above mean-dependent
threshold) were used. Then, hierarchical clustering was performed with Ward's criterion over
correlations computed from the expression of the selected genes (log, TPM). This is carried
out recursively, until a subset of cells is 3 (or less), has only 3 high-variance genes (or less)
or has less than 2 genes enriched for that subset (75% of the TPMs). Finally, we examine the
clustering and search for cases which were over-split (sample-specific effects, outliers of a
few cells in a cluster) and assign them to merged final clusters.

Clustering Samples across Donors

For each donor, we identified the most variable 2000 genes with at least three counts in at
least three cells. Variability was measured using the n-score noise statistic (Klein et al.,
2015), which is closely related to the Fano factor and measures above-Poisson noise. From
these genes, we selected those with the highest loading coefficients for each non-random
principal component. For each pair of cell types, we computed the cosine similarity among
every cell in the two groups to all other cells. These were summarized by an average score
for each cell. The similarity between the cell types is then estimated as the average of these
scores. Hierarchical clustering was used to order the similarity matrix.

Immunohistochemistry of FFAR4/GPR120

Human islets were obtained through the Integrated Islet Distribution Program and the
National Disease Research Interchange (NDRI) and cultured (Walpita et al., 2012). For
dissociation, islets were pelleted, washed in PBS, and centrifuged at 1000 rpm for 5 min at
room temperature. Pelleted islets were incubated at 5000 IEQ/mL in Accutase (Life
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Technologies) at 37°C for 20 min. The pellet was resuspended in CMRL complete media,
and an aliquot was removed for cell counting using Countess Automated Cell Counter
(Thermo Fisher Scientific). ~30,000 cells were seeded per well in 96-well plates (donor
information can be provided if necessary). Cultures were then fixed for 20 min at room
temperature using 3% paraformaldehyde in PBS and washed twice with PBS. Cells were
permeabilized for 20 min at room temperature using 0.2% Triton X-100 in PBS and blocked
for 2 hr at room temperature with 2% bovine serum albumin (BSA) in PBS. The C-peptide
antibody GN-ID4 was obtained from the Developmental Studies Hybridoma Bank
developed under the auspices of the National Institute of Child Health and Human
Development (NICHD) and maintained by the University of lowa, Department of Biology
(lowa City, I1A), the FFAR4/GPR120 antibody was from Novus Biologicals, AlexaFluor488
goat anti-rat and AlexaFluor594 goat anti-rabbit were from Life Technologies. Primary
antibodies were diluted in 1% BSA in PBS and incubated overnight at 4°C, followed by
three washes with 1% BSA in PBS. Cultures were then incubated with secondary antibodies
diluted in 1% BSA in PBS for 1 hr at room temperature, followed by five washes with PBS.
Plates were stored foil-sealed at 4°C with 100 uL/well PBS. Plates were imaged with an
ImageXpress Micro automated microscope (Molecular Devices).

Immunohistochemistry of MUC1 and CFTR

Formalin fixed paraffin embedded tissue sample from resection specimens of pancreas were
de-paraffinization using W-cap reagent (Bio-Optica), with epitope retrieval Citrate buffer for
20 min (95°C) and then transferred to warm DDW (65°C) container for additional 20 min.
Sections were then transferred to DDW for 15 min in RT followed by 3 washes in DDW and
moved to PBS. Sections were permeabilized for 2 hr at RT using 5% Goat serum, 0.2%
triton in PBS. Conjugated MUC1 antibody (Alexa Fluor 647) and CFTR anti mouse primary
and secondary antibody (Alexa Fluor 594) were obtained from Abcam. Conjugated and
primary antibodies were diluted in blocking solution at required concentration and incubated
overnight at 4°C in a moist light chamber. After 3 washes in PBS, secondary antibody was
incubated for 1 hr in RT. Slides were washed 8 times in PBS and covered with DAPI
containing mounting solution. Slides were imaged using laser scanning confocal
microscope.

Deconvolution of Bulk Gene Expression Data

The Bseg-SC methodology was implemented in R using Bioconductor packages (Gentleman
et al., 2004). Code will be made available as an R package at http://github.com/shenorrlab/
bseg-sc.

Bulk-RNA-Seq Pre-processing

To evaluate cell-type specific differences between diabetic and healthy individuals we
retrieved the Fadista et al. RNA-Seq dataset (GEO accession GSE50244) (Fadista et al.,
2014). This dataset contains gene expression profiles of 82 donors, 21 of which were
identified as diabetic and/or having a high level of hbalc and 47 of which were healthy
controls. We downloaded the raw reads data from GEO dataset GSE50244 and TPM
matrices were generated using Kallisto (Hensman et al., 2015). Reads were then aligned
using ENSEMBL transcripts. This resulted in a gene expression matrix (tpm) of 34824
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genes and 82 samples. We removed 2 samples (GSM1216808, GSM1216834) that appeared
as outliers with respect to BMI/HBALC values and PCA respectively.

Marker Selection and Proportion Estimation for Bseq-SC

To estimate the proportions of alpha, beta, gamma, delta, acinar and duct cells we
formulated a ‘basis’ matrix composed of the characteristic expression profiles for each of the
estimated cell types. The matrix was generated based upon the single-cell data using only
healthy donors (Table S1). Different cell types have different transcriptomic activity, the
heterogeneity of which is also present in bulk tissue gene expression data, yet is hidden due
to the count summarization across all cells. Information on cell-type transcriptomic
expression variability is captured by single-cell measurements as shown by the variability of
the average number of counts (prior to transcripts per million (TPM) normalization) in cells
across cell types (Figure S9A). To reflect this heterogeneity in the basis matrix and avoid
estimation biases, we multiplied the TPM profiles of the cells within a cell type by their
mean total counts. These re-scaled cell expression profiles were then averaged first within
each islet and then across islets. This resulted in a matrix of genes x cell types. The
deconvolution basis matrix was defined as the sub-matrix formed by a set of cell type-
specific marker genes (Figure S9B). Genes were selected based on three conditions: 1) high
expression (fraction of total TPM above 0.5), 2) high variation (Fano factor above mean-
dependent threshold), and 3) cell-type restricted (p < 1072, defined by a Kolmogorov-
Smirnov test). This resulting basis matrix was then applied for estimating cell proportion of
each sample using CIBERSORT (Newman et al., 2015). Differences in cell type proportions
between groups was assessed using Wilcoxon test applied to the arcsine-transformed
estimated proportion matrix (p value cutoff 0.05).

Bseq-SC Cell Type-Specific Differential Expression and Statistical Adjustment of Cell Type

Proportions

We integrated bulk gene expression data with the estimated proportion using csSAM (Shen-
Orr et al., 2010), which we applied to compare islets from normoglycemic patients (HBA1C
< 6) to hyperglycemic patients (sub-groups 6 < HBA1C < 6.5 and HBA1C = 6.5). We
performed two separate cell-type dependent gene expression analyses. First, we repeated the
original bulk data analysis (Fadista et al., 2014) using edgeR (Robinson et al., 2010) which
includes gender and age as unique covariates, and tested differences in either hyperglycemic
sub-group (F-test). This was performed on all genes, after removal of pseudogenes,
mitochondrial and ribosomal genes. Then we expanded this model and statistically adjusted
the bulk expression profile of each sample for variation in cell-type proportions, so as to
allow for differential expression analysis of bulk samples independent of the biases
introduced by variation in between sample cell-type proportions. To limit the number of
covariates, we only included the estimated proportions of alpha, beta, acinar and ductal cells,
which were the three cell-types whose proportion distribution we observed to be most
variable between normoglycemic and hyperglycemic subjects. Second, we used the csSAM
methodology to estimate the average cell-type expression profile of each sample and
perform differential cell-type specific expression profiling between groups (hyperglycemic
versus normoglycemic). In order to increase statistical power, we applied these this analysis
on a set of 366 genes defined based on the first analysis, as those whose p value after
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proportion adjustment was < 0.01 and lower than before adjustment. The six ER-stress genes
were added to this list. Markers used to estimate cell type proportions were excluded and we
used an FDR cutoff of 0.05 and 0.1 for alpha and beta cells respectively, selecting genes that
were exclusively identified in either cell type.

Quantification and Statistical Analysis

Statistical parameters including the exact value of A2 and p values are reported in the
Figures and the Figure Legends. For the de-convolution analysis, genes were judged to be
statistically significant when p < 0.01 and cell-type specific differentially expressed having
FDR < 0.05.

Data and Software Availability

Software

The Bseg-SC software is available as an R package at http://github.com/shenorrlab/bseg-sc.

Data Resources
The accession number for the data reported in this paper is NCBI GEO: GSE84133.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

We report over 12,000 individual pancreatic cell
transcriptomes in human and mouse

We detect novel expression of TFs, signaling receptors,
and medically relevant genes

We identify subpopulations and heterogeneity within
pancreatic cell types

We deconvolve bulk gene expression samples using the
single-cell data
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Figure 1. A Transcriptomic Map of the Human and Mouse Pancreas
(A) Single-cell RNA-seq was carried out on human and mouse pancreatic islets using the

inDrop microfluidics system to generate data that allow for quantification of transcript
abundance across cells and genes.

(B and C) Heatmap of all cells clustered by recursive hierarchical clustering (STAR
Methods), showing selected marker genes for every population of human (B) and mouse (C).
The top bar indicates assigned cluster identity (legend shown in F). The bottom bar indicates
the donor of origin.

(D and E) tSNE plot of cells from donor 1 based on the expression of highly variable genes
for human (D) and mouse strain C57BL/6 (E). The detected clusters are indicated by
different colors as shown in (F).

(F) Schematic of the pancreatic islet and the cellular neighborhood along with the identified
cell types and their respective markers.
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Figure 2. The Endocrine Transcriptome Is Readily Distinguished from the Other Cell Types and
across Donors

(A) Plot comparing the average expression (log1g, transcripts per million [tpm]) of donor 1
beta and acinar cells. Genes with high differential expression are noted.

(B) Dendrogram showing relationships among the cell types in human (left) and mouse
(right). The dendrogram was computed using hierarchical clustering with average linkage on
the logyg tpm values of the highly variable genes.

(C) Same as (A) for the ductal cells of donors 1 and 3.

(D) Heatmap indicating correlations on the averaged profiles among donors for all cell types
(STAR Methods).

(E) Same as (A) for human beta cells of donor 1 and mouse beta cells of mouse 1.

(F) Heatmap indicating Pearson's correlations on the averaged profiles among common cell
types for human and mouse.

Cell Syst. Author manuscript; available in PMC 2017 January 12.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Baron et al.

Mouse

39%

5% [2%

A Human

o 10 51% |56% |57% |4% 3% s 1 3%
og 103 5 g 108

S5 oF--¥--¥--¥--4--4--4 SE gk --}--

5 5-—‘L

3 19 0% [12% 0% [21% |o% 0 26%
£

w

%

20% [28%

94%

e

7% ga%

5%

0% [14% [1

©
E
E
5
o

NEUROD1
INSM1

% alpha+beta
alpha

ARX-

2 I -like

- delta

, beta+
delta

Norm TPM

acinar

ductal -
alpha -
beta

g g
s 3
s

epsilon -

20 2

Cell Syst. Author manuscript; available in PMC 2017 January 12.

gamma -

delta
ductal

endocrine

I PDX1-like

I non-beta

[ beta
alpha

ARX-
-like

- delta

Norm TPM

E30
20 2nd

Figure 3. Endocrine Transcriptomes Reveal Novel Expression Patterns of Key Genes
(A) Violin plots for expression of UCN3, FFAR4, LEPR, IAPP, and DLK1 across alpha,

beta, gamma, and delta cell types for all human donors (left) and two mice (right). The
percent number indicates the fraction of cells with detectable expression of the gene.

(B) FFAR4 (GPR120) is expressed in delta and beta cells of human islet cells. C-peptide and
Somatostatin mark beta and delta cells, respectively. Note the co-positive yellow cells in
both merged images showing FFAR4 expression in both beta and delta cells.

(C) Heatmap showing gene expression of transcription factors across the human (left) and
mouse (right) endocrine cell types.

Page 25



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Baron et al.

Quiescent
stellate

Activated
stellate

c 108
7
Joel oxes 7 /
it “cQLiAT
s 4171. 2
a SF3 12 )
Sl oxtLT o icf'%‘ %'-6‘/22 ;
% "—32 L pL.4A1 OL3A1
£ xote SR TUM PN
% 102 il 20K o FTHY
; : .
S ' H I! M B £IGF
£ i L ..
£ = 1 lH B : 0 MMP1A
101§ F b I >
100 -

100 101 102 103 104 105
Standard Activated (TPM)

Page 26

s ] !,!'m rw— = ke

Immune Act. Standard Activated

PZE:J:‘E || M | I M IM AIIMF!F“M

“ ‘ IHIHIIIIIIIIIIIIIII I T
iy

] Mnﬂnnnlﬁn' |
! 1\

I
I
\ |

COL4AT
PDGFRA -|
COL1A1 A\

Mz
MMF’Z-‘ L
et ]I
VCAN - |

FN1
oxeLs -| LI

I 'M\n i M"’"W )n' ||'r Mﬂ le

IL11
| A B

FGF2
— Human Sample 1 ICR
— Mouse Sample 2 — C57BLI6
Sample 3
— Sample 4

V-VE'=" .wﬁ-‘v‘mﬁ

Quiescent

>

Species
Human
Sample

Mouse |
Sample

Figure 4. Multiple Modes of Pancreatic Stellate Cell Activation and Existence of Pancreatic

Adult Neural Crest Stem Cells

(A) Nlustration of pancreatic stellate cells within the pancreas, indicating their typical
periacinar localization and activation from a quiescent state.

(B) Hierarchical clustering of both human

and mouse stellate cells on the basis of genes

differentially expressed within human stellate cells and their mouse homologs. Genes
highlighting the distinct clusters are displayed in the heatmap. Three groups of cells are
indicated: quiescent, standard activated, and immune-activated. Most activated mouse
stellate cells follow the pattern of standard activation. The three bottom rows indicate

species and donor identities.

(C) Plot comparing the average expression (tpm) of the two distinct populations of human
activated stellate cells reveals genes involved in immune signaling and secretion of the
extracellular matrix, as indicated by annotated genes. Annotated genes are differentially
expressed (fold change > 2 and above variation expected from Poisson sampling) and

indicative of different biological functions.
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Figure 5. Subpopulations of Ductal Cells in the Human Pancreas
(A) Differential expression of MUC1, CFTR, TFF1, and CD44 in PC space defined by the

ductal cells. Bottom: moving averages for each gene computed based upon equidistant
ranges across PC1.

(B) Heatmaps showing genes that are differentially expressed across PC1 for each of the
three donors. Heatmaps including all genes names can be found in Figure S6.

(C) Schematic of the location of terminal and centroacinar ductal cells.

(D) Immunohistochemistry stains of human pancreata for CFTR and MUCL1. Note their
spatial isolation among the ductal cells.

(E) Differential expression of Mucl, Cftr, Tff2, and Plat in PC space defined by the mouse
ductal cells. Bottom: moving averages for each gene computed based upon equidistant
ranges across PC1.
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(A) PCA on beta cells colored by the transcript numbers. Beta cells were filtered for having

at least 3,000 detected transcripts.

(B) Moving average of HSPA5, MAFA, HERPUD1, DDIT3, and UCN3 sorted by PC1

score. Bottom: PCA plots colored by the expression of the same genes.

(C) Heatmap showing expression of genes that contribute more to PC1 than expected. The
profiles were computed as the moving average of 30 bins across PC1. Heatmaps including
all genes names can be found in Figure S6.

Cell Syst. Author manuscript; available in PMC 2017 January 12.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuely Joyiny

Baron et al.

Page 29

A Bseq-SC

Bulk RNA-seq Data Cell type Cell specific
proportions

- ELF

> 2.
2 4
Deconvolution

100
00 50 5 10

o
1SNET

Single cell RNA-seq

alpha beta delta gamma ductal acinar

03
el 0.10
02 003 02 04
050 002 .
01 o 02
o . o
025 o
% oo = P o

Normal % Diabetic

frequency

Wocollnon

c 2 . . . . + D NATI0
o | —
wer: | I
i6 . | o2 |
_ . o {
S wor|
> | . |
2 gf - .. . >~ e =
= LDLRAD3
8 senpez |
© iy [ |
76 y “PLD4 1 wow _—
verns [
3 * . GNRHRABPNIL onics —
g el - —
g 4 1 e
k) swor —
o WNIG ™ —
) PG”Z%% ] Lom |
PRR3sp17c2TAG2 soc2 I
st ——
ol e— |

<N 2
0 1 2 3 4 5 6 7 8 9 Effectsize

Adjusted p-value (-log10)

Figure 7. BSeq-SC Uses Single-Cell RNA-Seq to Deconvolve Bulk Heterogeneous Tissue Data
and Decouples Disease-Associated Differential Expression from Cell Type Proportion-Associated
Differences

(A) Schematic of the BSeg-SC analysis. Single-cell RNA-seq information is used to
deconvolve bulk pancreatic islet RNA-seq samples to estimate the cell type proportion of
key cell types. Statistical deconvolution is used to leverage the variation in cell type
frequencies between individuals to estimate average cell type-specific expression in diabetic
versus healthy individuals and to compute cell type-specific differential expression.

(B) Proportion differences of pancreatic cell types between normal and diabetic samples.
(C) The majority of genes identified as differentially expressed between normal and diabetic
in bulk samples are not significantly different following statistical adjustment to cell type
proportions derived from the deconvolution. Genes that were not significant in the un-
adjusted bulk analysis but were found to be significant after adjustment are shown in red.
(D) Cell type-specific effect size in alpha (blue) and beta cells (purple) for the top ten
significant genes between hyper- and normoglycemic groups. The ER stress genes UCN3
and MAFA were upregulated and downregulated in alpha and beta cells, respectively (see
the complete list in Figure S9D).
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Key Resources Table
REAGENT or RESOURCE SOURCE IDENTIFIER
Antibodies

C-peptide antibody GN-1D4

University of lowa, Department

of Biology

Cat#AB_2255626; RRID: AB_2255626

FFAR4/GPR120 antibody

Novus Biologicals

Cat#NBP1-00858; RRID: AB_1503311

AlexaFluor488 goat anti-rat

Life Technologies

Cat#ab150113; RRID: AB_2576208

AlexaFluor594 goat anti-rabbit

Life Technologies

Cat#ab150080;

Conjugated MUC1 antibody

Life Technologies

Cat#ab196189

CFTR anti mouse primary

Life Technologies

Cat#ab2784; RRID: AB_303297

Alexa Fluor 568 Anti-mouse

Life Technologies

Cat#ab175701

Critical Commercial Assays

TruSeq Stranded mRNA Library Prep
Kit

Illumina

Cat#RS-122-2101

Deposited Data

Raw data files for RNA sequencing NCBI Gene Expression GSE84133
Experimental Models: Organisms/Strains

Human samples Prodo/NDRI N/A
Mouse C57BL/6 abd ICR Melton Lab N/A

Software and Algorithms

Trimmomatic

Bolger et al., 2014

http://www.usadellab.org/cms/?page=trimmomatic

Bowtie

Langmead and Salzberg, 2012

http://bowtie-bio.sourceforge.net/index.shtml

inDrop pipeline

Klein et al., 2015

N/A

Kallisto Hensman et al., 2015 https://pachterlab.github.io/kallisto/

Bseq-SC This study http://github.com/shenorrlab/bseg-sc

CIBERSORT Newman et al., 2015 https://cibersort.stanford.edu/

csSAM Shen-Orr et al., 2010 https://cran.r-project.org/web/packages/csSAM/index.html
edgeR Robinson et al., 2010 https://bioconductor.org/packages/release/bioc/html/edgeR.html
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