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Single-cell multi-omic roadmap of human and murine pancreas development

Seandela O

Abstract

The pancreas is a branched, lobular organ consisting of multiple cell types in two
separate tissue compartments that work in concert to maintain proper food digestion and
glucose homeostasis. The exocrine compartment synthesizes and secretes digestive enzymes
that are shuttled to the intestine, while the endocrine compartment produces various hormones
that enter the bloodstream and modulate systemic blood glucose levels. In this work, we sought
to understand the diversity of cell types found in the human and mouse pancreas during fetal
development. We start in Chapter 2 by performing single-nucleus Assay for Transposable
Chromatin Sequencing (snATAC-Seq) on embryonic murine pancreas and construct gene
regulatory networks of the developing endocrine and mesenchymal compartments. We uncover
candidate TF regulators and downstream target genes of cell fate decisions across
developmental time and confirm the expression of identified transcription factors. In Chapter 3,
we identify novel and known cell types within the developing human fetal pancreas and their
underlying transcriptomic profiles by utilizing single-cell RNA-Sequencing. We undercover
significant cellular diversity in all cell types of the human fetal pancreas (endocrine, exocrine,
mesenchymal, immune, neuronal and endothelial) and map the cell-cell interactions between
these cell types. In the endocrine compartment, we identify novel endocrine progenitor cell
types with varying differentiation potency and reconstruct their differentiation trajectories in
silico. We then combine our transcriptional knowledge of human fetal pancreas development
with chromatin landscape data through snATAC-Seq, allowing for a multi-omic analysis to
construct gene regulatory networks and identification potential regulators of cell fate in the
human fetal endocrine pancreas. With the chromatin landscape information from our snATAC-

Seq data, we also identify development-enriched single nucleotide polymorphisms from genome
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wide association studies of type 1 and type 2 diabetes. Additionally, we elucidate the cellular
composition of in vitro stem cell-derived endocrine cells, identifying the transcriptional control of
mis-differentiated populations. Lastly, we identify the transcription factor FEV as a regulator of
beta cell differentiation, confirming in silico predictions. Together, we describe a novel in-depth
transcriptional and epigenomic understanding of human and mouse pancreas cells, providing a

rich database for the field and expanding upon our understanding of pancreas development.
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Chapter 1: Introduction



1.1 Diabetes mellitus

Diabetes mellitus is a disease of the endocrine pancreas that leads to an impairment of
glucose regulation within the affected individual. The most common forms of diabetes include
type 1 and type 2 (T1D and T2D), representing the bulk of 537 million adults (aged 20-79 years
old) worldwide affected in 2021 (The International Diabetes Federation; https://idf.org). In T1D
and T2D the function of the endocrine beta cell, found within the Islets of Langerhans, is either
lost or impaired. Pancreatic beta cells secrete insulin, a hormone that is essential for signaling
to many cells throughout the body to transport glucose from the blood into the cells of the body
to be utilized for energy production (1). Without insulin, glucose accumulates in the blood of the
affected individual, leading to many complications such as neuropathy, retinopathy,
nephropathy and, ultimately, death if not managed properly (2). T1D is a progressive
autoimmune disease in which the immune system destroys the patient’s own pancreatic beta
cells, removing the sole source of endogenous insulin (3). T2D is commonly characterized by
insulin resistance, in which the individual’s peripheral tissues do not properly respond to insulin
signaling, leading to blood glucose accumulation. This, in turn, increases the body’s demand for
insulin production from the pancreatic beta cells, leading to metabolic exhaustion of the beta
cells which can no longer meet the body’s demand for insulin (4). Current treatments for T1D
and severe cases of T2D include constant monitoring of blood glucose levels and the
administration of exogenous insulin to maintain euglycemia. This treatment, however, is far from
perfect; only a fraction of patients achieve the target range of blood glucose levels long-term (5)
and the constant monitoring of blood glucose, carbohydrate intake, exercise, etc. leads to a
significant mental burden on the affected individual. Indeed, most, if not all, individuals develop
diabetic burnout at some point (6), characterized by participation of self-destructive behaviors
such as disregarding blood sugar levels and improperly estimating the required insulin intake for

a meal instead of accurately counting the carbohydrate intake and calculating insulin



requirement. Diabetic burnout can therefore lead to hypo- and hyper-glycemic episodes and
long-term complications (6). Thus, there is a significant need for new treatments and cures to

alleviate the daily burdens of T1D and T2D.

1.2 Curative measures for diabetes mellitus

Outside of manual injections of insulin with each carbohydrate intake, there has been
significant progress made in the production of so-called closed-loop insulin pumps, which
regulate the administration of insulin to the individual by the crosstalk between the pump and a
continuous glucose monitor, leading to clinically relevant improvements in glucose management
compared to manual administration of insulin (7,8) These systems, however, can represent a
significant financial burden on the affected individual, as well as interfere with lifestyle choices of
affected patients, such as navigating the presence of tubing from insulin pumps. While these
insulin pumps represent a significant step forward in regulating blood glucose levels in T1D
patients, they still do not regulate blood glucose with the same precision that bona fide islet cells
do, as their insulin delivery algorithms can still miscalculate the required amount of insulin and
lead to hyper- and hypo-glycemic events.

Treatments not involving exogenous insulin involve the replacement of beta cells, either
in the form of cadaveric islets or whole-pancreas transplantation. This cellular replacement
therapy is typically performed on patients with “brittle” diabetes, in which the patient suffers from
severe swings in in blood glucose levels and hypoglycemia unawareness (9). The first instance
of successful insulin independence was achieved in 1966, in which whole pancreatic tissue was
transplanted into two patients with T1D (10). The insulin independence was short-lived,
however; one patient had evidence of insulin secretion for only six days, while the other was
free from exogenous insulin therapy for four months. Additionally, these surgeries involved

extensive transplantation of pancreatic, kidney and intestinal tissue. Therefore, while whole



pancreatic transplant became a viable option for curative measures for diabetes, there was still
room for other improved transplantation methodologies.

Improved techniques for islet isolation (11,12), as well as the creation of more potent
immunosuppressive agents, lead to the first successful islet transplantation study in 2000,
achieved with the so-called Edmonton protocol (13). In this study, seven recipients with T1D
underwent transplantation of isolated islets from non-diabetic cadaveric donors and were
subsequently insulin independent. Since this landmark study, thousands of patients have
undergone islet transplantations; current data from the Collaborative Islet Transplant Registry
(CITR) report that, of all patients in their registry that received islets transplant alone (n = 1,108),
19.6% are insulin independent 0-24 years post first transplant, while 29.0% are still insulin
dependent and 19.7% have no graft function (Collaborative Islet Transplant Registry;
https://citregistry.org). Additionally, cadaveric islet transplantation was recently approved in the
US under the name Lantrida (https://www.fda.gov/vaccines-blood-biologics/lantidra). These
results point toward islet transplantation being a viable, albeit not perfect, option for effectively
curing diabetes. One pressing issue of for islet transplantation, however, is the lack of adequate
cellular mass for transplantation, as the demand for transplantable cadaveric islets far
outweighs the donor supply. In the original Edmonton study, large islet mass (>11,000 islet
equivalency (IEQ)/kg of body weight) was transplanted into the patients, equating to an average
of 2-3 donors per recipient. The requirement of a large quantity of islet mass for infusion can be
attributed to the loss of up to 60% of transplanted islet mass in the first few days following
transplantation (14). Thus, a renewable cellular source of beta cells is needed, as well as
improvement of transplant survival in the first few days following transplantation.

Significant research has been devoted to investigating methods for production of de
novo pancreatic beta cells as a curative measure for T1D and T2D. The epithelial fraction of the
adult pancreas consists of two distinct compartments that carry out different functions. The

exocrine compartment, comprised of acinar and ductal cells, secretes and shuttles digestive



enzymes to the duodenum to aid in food digestion. The endocrine compartment, comprised of
glucagon-expressing alpha cells, insulin-expressing beta cells, somatostatin-expressing delta
cells, pancreatic polypeptide-expressing PP cells, and ghrelin-expressing epsilon cells,
maintains blood glucose homeostasis. Recent research has investigated the possibility of
transdifferentiating, or reprogramming, these non-beta epithelial cells into something resembling
bona fide beta cells to replace lost beta cell mass. One study achieved viral-mediated over-
expression of key transcription factors Ngn3, Pdx1, and Mafa in the pancreatic acinar tissue of
adult mice, which reprogrammed these acinar cells into insulin-expressing beta-like cells (15).
Numerous studies have also induced insulin expression in liver and intestinal tissue through
virus-mediated expression of Ngn3, Pdx1, and Mafa (16,17). Of note, these studies resulted in
only partial rescue of a diabetic phenotype, decreasing their possible efficacy of potential
translatability in human diabetic patients. Another avenue to achieve trans-differentiation to
beta-like cells would be to reprogram other endocrine cells such as pancreatic alpha cells.
Alpha cells arise from the same endocrine progenitor cell as beta cells in mouse development
and share many physiological and morphological features of beta cells, such as anatomical
location in the pancreas, blood supply, glucose sensing, and hormone secretion machinery (18).
Successful trans-differentiation of isolated human adult alpha cells has been shown through the
overexpression of mouse Pdx1, Mafa, and Nkx6.1 (19). These reprogrammed alpha cells
secreted human insulin in presence of glucose, while curiously maintaining the expression of
alpha cell specific genes ARX and GCG and rescued a diabetic phenotype in mouse models
after transplantation. While trans-differentiation of human cells into pancreatic beta cells
represents an attractive approach for de novo generation of beta cells, there are still issues that
will need to be overcome for this approach to become a clinically viable option, with the most
prominent likely being getting adequate reprogramming, and therefore beta cell mass, to reduce
insulin dependence. Additional issues include general risks of viral-mediated gene therapies,

such as virus-induced mutagenesis and oncogene activation (20).



Another promising approach for the de novo generation of beta cells is the differentiation
of human pluripotent stem cells (hPSCs) towards the beta cell fate. hPSCs retain the ability to
differentiate into any cell type within the body and therefore represent a near-unlimited source
for the generation of pancreatic beta cells in vitro. Several directed differentiation protocols have
been devised to generate insulin-secreted beta-like cells from hPSCs using stepwise
differentiation platforms that aim to mimic endogenous development by recapitulating key cell
stages through the carefully timed addition and withdrawal of defined combinations of signaling
factors (21-25). These protocols, however, suffer from the production of non-endocrine cell
types and a failure to match the transcriptional profiles and glucose responsiveness of primary
adult human beta cells. This may be due, in part, to a relative lack of understanding about
human endocrine development. Current protocols are based on knowledge of rodent
development and therefore may be missing key regulatory pathways and lineage steps that are
unique to human development. Gaining a deeper understanding of human endocrine
development is therefore crucial for continued progress towards generating in vitro-derived

beta-like cells that recapitulate in vivo development and functionality.

1.3 Murine pancreas epithelial development

Mouse pancreas development is broadly categorized into two “waves”, or transitions,
during embryogenesis. The first wave begins at embryonic day (E) 8.5, when the gut tube
endoderm and surrounding mesoderm interact with one another and induce the expression of
Pancreatic and duodenal homeobox 1 (Pdx1) at the mid-foregut junction (26—28). These Pdx1-
expressing cells rapidly expand to form the dorsal pancreatic bud, which evaginates and pushes
into the surrounding mesenchyme. Pdx1 is required for this process, as lineage tracing (29) and
gene ablation studies (30,31) have shown that it is essential for all downstream pancreatic
lineages. The early pancreatic epithelium is comprised of multipotent pancreatic progenitor cells

(MPCs) that eventually give rise to all exocrine and endocrine cells (32). Early differentiated



endocrine cells, consisting mainly of glucagon-expressing alpha or polyhormonal cells, are also
present in the early pancreatic epithelium (33). These MPCs express Pdx1 as well as other
homeobox proteins such as NK6 Homeobox 1 (Nkx6-1) and NK2 Homeobox 2 (Nkx2-2) (34),
while the early endocrine cells are derived from early Neurogenin 3 (Ngn3)-expressing
endocrine progenitors (35). At E11, microlumen formation occurs throughout the developing
epithelium, which begin to coalesce into larger lumen structures at E11.5 to begin the initiation
of branching morphogenesis (36,37), forming the branched epithelial plexus that will eventually
give rise to the ductal network. This epithelial rearrangement leads to the compartmentalization
and differentiation of MPCs into multipotent “tip” and bipotent “trunk” domains at E12. Tip cells
are marked by the expression of carboxypeptidase A1 (Cpa1) and Pancreas Associated
Transcription Factor 1a (Ptf1a) and serve as progenitors for acinar, ductal, and endocrine cells
in the pancreas (34). The trunk cells express SRY-Box 9 (Sox9), Nkx6-1, and HNF1 Homeobox
B (HNF1B) (38—40) and can give rise to ductal and endocrine cells (34).

The secondary wave of pancreas development, which begins at E13.5 and lasts until
birth, is characterized by the differentiation of the progenitor pools into the three main cell types
found in the adult pancreas epithelium: acinar, ductal, and endocrine cells. Tip cells begin to
differentiate into protoacinar cells that not only express Cpa1, but also digestive enzyme genes
such as amylase, elastase, and trypsinogen (41). These acinar cells further mature in late
embryogenesis and are maintained through acinar proliferation in a subpopulation of adult
acinar cells (42,43). Bipotent trunk cells differentiate to either mature ductal cells or Ngn3-
expressing endocrine progenitor (EP) cells. This process is thought to be largely mediated by
Notch-mediated lateral inhibition within the trunk network, in which Notch expression in trunk
cells induces the expression of Sox9, which then directly activates the expression of Ngn3in a
cell-autonomous manner (44). At high levels of Notch signaling, however, expression of the
Ngn3 repressor Hes1 blocks endocrine differentiation. Ngn3-expressing EP cells themselves

present Notch ligands to surrounding trunk cells and therefore repress the induction of an



endocrine cell fate in neighboring cells, resulting in a mosaic expression pattern of Ngn3 and
Hes1 during development (45,46). These Ngn3-expressing EPs then give rise to the different
subtypes of pancreatic endocrine cells in a process controlled by a complex gene regulatory

network of activating and repressing transcription factors.

1.4 Heterogeneity within murine pancreatic endocrine progenitor cells

Induction of endocrine cell fate begins with the expression in bipotent progenitors within
the developing trunk of Ngn3 (29,47-50), whose expression is essential for the formation of all
differentiated endocrine cell types (47,49,50). EP cells are thought to be unipotent and largely
post-mitotic, with each EP cell giving rise to only one differentiated endocrine cell type (51).
Although we have some understanding of the transcriptional machinery needed to differentiate
an EP to a hormone-expressing endocrine cell, we do not yet fully understand the extrinsic and
intrinsic factors that influence this important step in cell fate selection. Ngn3-expressing EPs
may display differential competence across development time; in an over-expression system
EPs derived from E8.5 embryonic pancreas predominantly produced Gcg+ alpha cells, while
EPs acquired competence to make insulin-producing beta cells and pancreatic polypeptide (PP)
cells at E11.5 and E12.5 (52). At E14.5 EPs become competent to produce somatostatin-
producing delta cells, and drastically increased the propensity to produce beta cells. Recent
work has described the differences in chromatin accessibility of mid- and late-stage EP cells,
showing an increase in motif enrichment of beta cell-related transcription factors at E16.5
compared to E14.5 (53), indicating that late stage EPs have an increased capacity to bind key
beta cell specific transcription factors and therefore may preferentially differentiate into beta
cells.

With the advent of single-cell RNA-Sequencing (scRNA-Seq), a technique that allows
the transcriptional profiling of hundreds to thousands of cells at single-cell resolution (54-56),

our understanding of the heterogeneity among pancreatic EP and hormone-expressing cells has



increased dramatically (57). The application of sScRNA-Seq to the developing pancreas by our
laboratory and others has led to the discovery of multiple stages of EP populations that display
developmental-time specific markers (53,58-62). These studies have described the emergence
of “pre-alpha-first-cells” that arise at E9.5, maturing into first wave alpha cells by E11.5 - E13.5
(62) that display a specific gene signature that is different from second-wave alpha cells (60,62).
Interestingly, multiple studies have also described heterogeneity in the EP pool beyond just
Ngn3-expressing progenitor cells. Later progenitor EPs are marked by the expression of the
transcription factor Fev (58), also known as Pet1, which was initially discovered as a regulator of
serotonergic neuron cell fate in the developing brain (63). These Fev+ EPs express endocrine
lineage genes such as Chga, Isl1, Irx2, and Mafb, indicating that they are downstream of Ngn3+
EPs but upstream of differentiated hormone-expressing cells, an observation that has been
corroborated with genetic lineage tracing (58) and computational reconstruction of endocrine

lineages in silico (53,58-62).

1.5 Transcriptional control of endocrine differentiation

Endocrine differentiation is a complex process requiring the temporal expression of key
transcription factors which dictate the hormone-expressing endocrine cell into which each EP
will differentiate. As stated above, the endocrine lineage is highly dependent on the expression
of the pro-endocrine transcription factor Ngn3. Mice lacking Ngn3 display intact acinar and
ductal compartments but succumb to diabetes shortly after birth (47), while overexpression of
Ngn3 induces endocrine differentiation in mouse embryonic stem cell-derived endodermal cells
(64) and xenopus endoderm in vivo (65). Ngn3 is detectable by E9.5, but virtually absent in
adulthood (66). Direct targets of Ngn3 include many transcription factors critical to endocrine
development, including BETA2/NeuroD (67), Paired Box 4 (Pax4) (68), and Ngn3 itself (69).
Other transcription factors expressed by EPs include Regulatory Factor X3 (Rfx3) (70) and

(Rfx6) (71,72), which, through scRNA-Seq studies, we now know are expressed by the Fev+



EPs downstream of Ngn3+ cells (58,60). Pax4 and Pax6 are also expressed by EPs and are

essential for endocrine differentiation, with Pax4 regulating beta and delta cell differentiation and

Pax6 being required for alpha and beta cells (73,74).

1.6 Human pancreas development

Human pancreas development is much less understood relative to murine development.

Evidence of pancreatic tissue is first observed at Carnegie Stage 12 (CS12; ~29-31 days post
conception (dpc)), where PDX1 can first be observed in the presumed pancreatic endoderm

(75). These PDX1-expressing cells then begin to segregate into dorsal and ventral pancreatic

buds by CS13 (~30-33 dpc), comprised of multipotent progenitors that rapidly expand and begin

to form microlumens (76). Pancreatic SOX9+/GATA4+NKX6.1+ tip cells and SOX9+/NKX6.1+
trunk cells are present by CS19 (~45-47 dpc) (76). The onset of NEUROG3-expressing
endocrine progenitors and endocrine commitment is observed at CS21 (~52-55 dpc) (77,78);
interestingly, there is no evidence of the “primary” and “secondary” transitions observed in
murine development (76).

Unlike in murine development, INS-expressing beta cells are the first predominant
endocrine cell type observed in conjunction with NEUROG3 (79). The other hormone-
expressing cells arise soon thereafter, and proto-islets can be observed by 10 weeks post
conception (wpc). The architecture of adult islets is markedly different in humans than in mice;
murine islets have a stereotypical alpha cell mantle and beta cell core, while human islet
architecture is more interspersed and random (80). The cellular composition of mouse and
human islets is also different, where beta cells make up 60-80% of the endocrine mass in the
mouse pancreas, and 50-70% in humans (80). Human islets contain more alpha cells than
mouse (20-40% vs. 10-20%, respectively), and the remaining endocrine cell types (delta,
epsilon and PP cells) make up the remaining ~10% in humans and less than 5% in mouse

islets. Whether these architecture and composition differences point to disparities in the
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formation of the islets during development, however, is not well understood. NEUROG3
expression peaks during the first trimester and is largely absent by 35 wpc. It is likely that any
increase in endocrine cell mass after this period is likely due to endocrine cell proliferation rather

than differentiation of progenitors to hormone-expressing cells.

1.7 In vitro differentiation of human stem cells towards pancreatic endocrine cells

Over the past two decades, there has been great interest in the generation of functional
human beta cells for cell-based therapies for T1D and T2D. The first report of human in vitro
stem cell-derived beta-like cells occurred in 2001, when cells that secrete insulin in response to
glucose were reported to arise spontaneously in human embryonic stem cell (hESC)-derived
embryoid bodies (EBs) after the removal of the mouse embryonic fibroblast (MEF) feeder layer
(81). While this study showed that in vitro generation of beta cells was indeed possible, there
was still a need for controlled differentiation of beta cells to reach the efficiency needed for a
cellular therapy for diabetes. The next advancement towards generating in vitro-derived beta
cells was the generation of stem cell-derived pancreatic progenitor cells that had the capability
of maturing into hormone expressing endocrine cells following transplantation into mice (82—84).
These directed differentiation protocols were based on knowledge from classical mouse
pancreas developmental studies to mimic Mother Nature, recapitulating the different cell types
through which in vivo pancreatic cells must transition to reach the pancreatic progenitor stage.
These protocols began with the induction of FOXA2+/SOX17+ definitive endoderm lineage from
hESCs through the addition of Activin A to culture media. Next, pancreatic progenitors were
formed through the addition of retinoic acid, FGFs and hedgehog signaling inhibitors (84).
These early differentiation protocols were carried out in two dimensional (2D) culture and in
many studies the resulting cells were able to reverse diabetes in mice post-transplantation.
These studies were followed by two landmark papers in which human embryonic stem cells

were differentiated in either large-scale, three dimensional (3D) format (22) or in 2D and air
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liquid interface (ALI) format (24) to generate glucose-responsive, monohormonal insulin-
expressing cells that also expressed many of the key beta cell markers, as well as
ultrastructural characteristics similar to primary adult beta cells such as mature insulin granules.
These protocols utilized Alk5 inhibition, Triiodothyronine (T3) and gamma secretase inhibitor
(XX or XXI) supplemented at the CHGA+ endocrine stages of the directed differentiations to
achieve a more mature beta cell phenotype.

Since these early papers, many different directed differentiation protocols have been
established with varying formats, uses, and efficacy in terms of functionality and ability to rescue
diabetes in mice. These newer directed differentiation protocols modulate different aspects of
beta cell differentiation, including reaggregating sorted cells (23,85), changes in culture
methods, growth factors, small molecules, and cell lines used for differentiation (23,86,87).
Additionally, in recent years studies have begun to focus on the generation of other pancreatic
endocrine cell types such as alpha cells (88,89) in order to develop stem cell-derived pseudo-
islets of defined proportions of the various endocrine cells in addition to beta cells.

While the field has made great strides in our ability to generate functional beta-like cells
in past two decades, hurdles remain before these cells display all of the characteristics of bona
fide adult beta cells. One such hurdle is the cellular mass needed per patient for a curative
dose. Although millions of stem cells can be used as material for these directed differentiations,
only about 30% of the cells in the end product resemble bona fide beta cells based on the co-
expression of NKX6.1, a key transcription factor for in vivo beta cells, and insulin (22,23,87).
The remaining end-stage cells are a mix of other endocrine cell types (i.e. GCG+ alpha cells,
SST+ delta cells, polyhormonal cells, etc.), mis-differentiated cells that resemble endocrine cells
of other tissues (23), or non-endocrine cells. Enrichment strategies have led to an increase in
the percentage of beta-like cells (23,85) but are costly and labor intensive. Another hurdle for
creating a viable cellular therapy from in vitro-derived beta cells is the functional immaturity that

they exhibit when compared to endogenous adult beta cells. Although the beta-like cells do
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exhibit insulin secretion when exposed to exogenous glucose during glucose-stimulated insulin
secretion (GSIS) assays, they lack the stereotypical biphasic insulin secretion profile typically
seen in adult beta cells, where readily made insulin granules are released during the first phase
of insulin secretion and newly made insulin granules are produced and released during the
second phase (90). Conversely, in vitro beta-like cells exhibit functional maturation after
transplantation into rodents, so whether the functional maturation in vitro is “good enough” for in
vivo transplantation remains to be seen. These two hurdles, namely, inefficient generation of
pancreatic beta cells and functional immaturity, likely are multi-factorial and involve different

contexts such as niche environment, transcriptional control, media conditions, among others.

1.8 Contribution to the field

This work elucidates cellular heterogeneity, transcriptional regulation, and chromatin
accessibility of both human and mouse pancreas development. In the developing human
pancreas, we use scCRNA-Seq to investigate the heterogeneity of the different major cell types
within the pancreas, uncovering more than 100 distinct cell types. We describe the
transcriptional expression and cell-cell signaling of these cell types, with a focus on the
mesenchymal and endothelial cells. Next, we focus on the endocrine cells of the human fetal
pancreas, identifying novel heterogeneity in the endocrine progenitor pool and quantifying the
proportional changes of this heterogenous population in vivo. With lineage reconstruction, we
construct a map of human endocrine development and describe the transcriptional changes
across differentiation. Furthermore, by integrating both scRNA-Seq and single-nucleus ATAC-
Seq (snATAC-Seq), we construct a gene regulatory network (GRN) within endocrine cells and
identify candidate TF regulators of human endocrine development and their downstream target
chromatin regulatory regions and target genes. Lastly, we use our multi-omic datasets to
understand the enrichment of T1D and T2D genome-wide association studies (GWAS) single

nucleotide polymorphisms (SNPs) in fetal endocrine cells, compared to adult endocrine cells.
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Together, our multi-omic analysis of human endocrine development will serve as a rich resource
for further understanding not only endocrine development, but also the development of non-
endocrine cell types.

Using our human fetal endocrine scRNA-Seq dataset as a roadmap, we also describe
the similarities and differences of in vivo development to that of in vitro beta like cell
development. This comparison describes the relatively similar lineage path taken by endocrine
progenitors in vitro to that of in vivo development, except for the presence of so-called “stem cell
derived enterochromaffin cells (sc-ECs)”. By comparing these sc-EC cells to both in vivo
pancreas and intestinal endocrine development, we conclude that these sc-EC cells do in fact
more resemble their in vivo intestinal counterpart and not a pancreatic pre-beta population as
was previously described (91). Lastly, we use a FEV knockout (FEV KO) hESC line to query the
functional role of the transcription factor FEV in governing beta cell development in vitro,
showing a marked decrease in beta-like cells compared to wildtype (FEV WT) cells and
confirming that FEV indeed plays a role in lineage allocation of beta cells.

In the developing murine pancreas, we use scRNA-Seq and snATAC-Seq to describe
the multi-omic landscape of pancreatic epithelial and mesenchymal cells, constructing gene
regulatory networks across developmental time and performing comparative analyses. These
analyses identify both known and novel regulators of endocrine and mesenchymal cell fate,
some of which we confirm in vivo. Our multi-omic profiling will serve as a rich resource for
further understanding the emergence of cellular diversity and maturation that occurs across

development time in both endocrine and mesenchymal cells of the developing murine pancreas.
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Chapter 2: Single-cell chromatin accessibility of developing murine pancreas identifies

cell state-specific gene regulatory programs
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2.1 Introduction

Development of the mammalian pancreas requires the coordination of multiple cell
lineages over time, culminating in the generation of a highly branched, mature organ consisting
of both an exocrine and endocrine compartment. Specification of the murine pancreas begins at
embryonic day (E) 8.5 with the expression of the transcription factor (TF) pancreatic and
duodenal homeobox 1 (Pdx17) in a focal region of the endoderm-derived primitive foregut
(92,93). These Pdx1(+) cells give rise to all of the epithelial lineages of the pancreas (duct,
endocrine, and acinar) (29) and by E9 evaginate into the surrounding mesenchyme and begin to
form a stratified epithelium. As branching morphogenesis progresses, regionalization of the
epithelium results in the formation of both trunk and tip domains by E12.5. Cells located at the
tip, marked by the expression of Cpa1, serve as multipotent progenitors that give rise to all three
epithelial cell types until E13.5, at which point they undergo fate restriction to only give rise to
acinar cells (29,34,44). Epithelial cells located in the trunk give rise to either ductal or endocrine
lineages, a fate choice dependent on levels of Notch signaling (44).

Endocrine progenitor (EP) cells derive from a subset of ductal epithelial cells that
experience lower levels of Notch and then activate expression of the TF neurogenin3 (Neurog3)
(44). Neurog3 expression marks early EP cells, which give rise to the main hormone-producing
endocrine cells in the pancreas: alpha, beta, delta, and gamma (29,34,44,47). Gene knockout
studies in mice revealed that the expression of a number of TFs that are critical for
differentiation and maintenance of pancreatic endocrine lineages, such as paired box gene 4
(Pax4) and 6 (Pax6), neurogenic differentiation 1 (Neurod1), and LIM-homeodomain protein
Islet 1 (Isl1), is dependent on Neurog3 (47).

Endocrine cell identity is specified and maintained by a complex network of TFs, many of
which play dynamic roles throughout developmental time (94). For instance, early in

development Pdx1 is required for specification of pancreatic progenitors, but later in
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development it is also important for the generation of beta cells and for the maintenance of beta
cell identity (95,96). Along with Pdx1 and Pax4, the TFs NK2 homeobox 2 (Nkx2-2) and NK6
homeobox 1 (Nkx6-1) are critical factors for beta cell differentiation, while aristaless related
homeobox (Arx) is essential for alpha cell differentiation. Arx and Pax4 play mutually opposing
roles in the differentiation of alpha and beta cells, with Arx promoting the generation of alpha at
the expense of beta and delta cells (97) and Pax4 regulating the decision towards beta and
delta at the expense of alpha and epsilon cell fate (97-99). When both Arx and Pax4 are lost,
delta cells persist but both alpha and beta cells are lost (98). Expression of Nkx2-2 and Nkx6-1
follows that of Pdx17 in early pancreatic progenitors, then becomes progressively restricted to
endocrine cells (100,101). Deletion of Nkx2-2 results in a significant reduction of the four major
endocrine cell types and an increase in ghrelin-producing epsilon cells (99-101). Nkx6-1
functions downstream of Nkx2-2 and is necessary for beta cell neogenesis through the
maintenance and/or expansion of beta cell precursors following Neurog3 expression but prior to
the production of insulin, while later it is lost from developing alpha cells (100,102).

Extrinsic signals derived from non-epithelial cells are also important in guiding pancreatic
organogenesis. Early pioneering work using pancreatic explants ex vivo showed that when E11
epithelial buds were cultured without their surrounding mesenchymal tissue, epithelial growth
and differentiation were arrested (103). More recently, genetic ablation studies have
demonstrated the requirement for pancreatic mesenchyme for expansion of the pool of early
pancreatic progenitor cells early in development and for proliferation of differentiated cells later
in development (104,105). Although the pancreatic mesenchyme is broadly appreciated as
playing an important role in pancreatic organogenesis, however, it is still not well understood
whether there exist biologically relevant sub-populations of mesenchyme with distinct lineages
and/or functional roles.

Recent single-cell RNA-Sequencing (scRNA-Seq) studies have highlighted previously

unappreciated levels of cellular heterogeneity among the epithelial cells of the developing
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murine pancreas, particularly within the endocrine compartment (53,58-60,62). Although
relatively less attention has been given to elucidating potential cellular heterogeneity within the
mesenchymal compartment, evidence from scRNA-Seq and classical genetic lineage tracing
experiments suggests that transcriptionally distinct mesenchymal cell types also exist during
development (53,58,106). As a result of this body of work, we now have a greater
understanding of the transcriptomic cues governing cell states across pancreatic development,
but we still lack an understanding of the upstream epigenetic features that regulate cell fate
decisions. Integration of gene expression data and chromatin accessibility data would permit
identification of active transcription factor binding to accessible chromatin within a given cell
type.

In recent years, Assay for Transposase-Accessible Chromatin followed by Sequencing
(ATAC-Seq) has been developed to profile genome-wide chromatin accessibility for epigenetic
analysis in a given cell type or tissue (107). This technique has been applied to sorted
populations of endocrine cells from the murine pancreas to investigate the chromatin landscape
of developing EP cells (53,108). These studies, however, lacked single-cell resolution to capture
the chromatin states of the various subpopulations of developing endocrine cells that have been
described (53,58-60,62). More recently, single-nucleus ATAC-Seq (snATAC-Seq) has emerged
as a technology to provide insights into chromatin accessibility at single-cell resolution
(109,110). snATAC-Seq has been used to profile the chromatin landscape of many developing
tissue types and has revealed cell-type specific cis- and trans-regulatory elements governing
gene expression and cell fate decisions (111-115). Furthermore, integration of scRNA- and
snATAC-Seq data for multi-omic analysis permits refinement of expressed TFs to a further
parsed subset that not only expressed but are also likely binding TF motifs in open regions of
chromatin and actively regulating expression of downstream target genes.

Here, we generate snATAC-Seq data of developing murine pancreas and perform an

integrated multi-omic analysis of both chromatin accessibility and RNA expression. We describe
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at single-cell resolution the chromatin landscape of the developing epithelium at E14.5 and
E17.5, stages at which the dynamic processes of expansion, differentiation, and morphogenesis
are actively underway. We identify candidate TFs regulating transitions across the endocrine
lineages and construct gene regulatory networks (GRNs) of active TFs binding to regulatory
regions of downstream target genes. Additionally, we generate a snATAC-Seq dataset of
developing pancreatic mesenchyme at E14.5, which to our knowledge represents the first
ATAC-Seq dataset (bulk or single-nucleus) of this cell type. We believe that these datasets and
analyses will serve as a valuable resource for the field of pancreatic biology in general and will
contribute to our understanding of lineage plasticity among endocrine cell types. In addition,
these data will serve as a reference as to which epigenetic states should be represented in the
differentiation of stem cells to the pancreatic beta cell fate to best recapitulate in vitro the gene

regulatory networks that are critical for progression along the beta cell lineage in vivo.

2.2 Results

2.2.1 Single-nucleus ATAC-Sequencing of the developing murine pancreas

To investigate chromatin accessibility in the developing pancreas, we aimed to capture a
broad range of cell types, including both epithelial and non-epithelial populations. In addition, we
were specifically interested in profiling endocrine progenitor (EP) cells but given their rare
numbers we searched for a method to achieve enrichment of this population. We utilized ePet1-
EYFP mice (referred to hereafter as eFev-EYFP, as the gene Pet1 is also known as Fev),
where EYFP expression is driven by a Fev enhancer (116,117). In previous work, we had
identified Fev as a marker of an intermediate murine EP population downstream of the better-
characterized Ngn3(+) population and upstream of differentiated, hormone-expressing

endocrine cells (58).
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As lineage reconstruction of sScRNA-Seq data had revealed that this Fev-expressing EP
population is likely the state at which endocrine lineage allocation occurs, we chose to focus on
enrichment of Fev(+) cells. Although previous work with this eFev-EYFP mouse line had
validated that EYFP expression faithfully reflected Fev expression in brain tissue, similar
confirmation had not yet been performed in the pancreas (116). We performed dual in situ
hybridization (ISH)/immunofluorescence (IF) staining of E14.5 eFev-EYFP pancreas tissue to
evaluate the architecture of EYFP expression with respect to the expression of Ngn3 and Fev
transcripts, as well as Chromogranin A (Chga) protein, a marker of differentiated hormone-
producing endocrine cells. Expression of Ngn3 and Fev transcripts was mutually exclusive
(Figure 2.1a), as expected from our previous work demonstrating by genetic lineage tracing and
scRNA-Seq that Fev-expressing cells are downstream of an Ngn3(+) state (58). Also as
expected, EYFP expression was only found in epithelial (E-cadherin(+)) cells, and mostly
localized to ductal-like structures (Figure 2.2a). A significant fraction, but not all, of EYFP(+)
cells were actively expressing Fev transcript (Figure 2.1a). In addition, we observed EYFP(+)
cells also expressing Chga (Figure 2.2a). These data are consistent with a model of Fev
expression in pancreatic EP cells in eFev-EYFP mice in which Fev transcript first begins to be
expressed as Ngn3 expression wanes, then expression of EYFP (under the control of the Fev
enhancer) follows (Figure 2.1b). Persistence of EYFP in cells that no longer express Fev
transcript likely reflects longer perdurance of EYFP fluorescent protein compared to Fev mRNA
in these cells, similar to what has been observed for Ngn3-tdTomato (118), Ngn3-YFP (119),
and Ngn3-EGFP transgenic mice (120).

We further validated the eFev-EYFP mouse line using fluorescence-activated cell sorting
(FACS) and quantitative real-time polymerase chain reaction (QRT-PCR). Consistent with our IF
staining, we observed little to no EYFP signal in cells that were negative for the epithelial marker
EpCAM (Figure 2.2b). Within the population of cells positive for EpCam and negative for the

mesenchymal marker CD140a, a bimodal distribution of EYFP signal was detected (Figure
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2.2b). TagMan qRT-PCR analysis revealed that the EYFP-low population had higher expression
of Fev mMRNA compared to EYFP-high cells (Figure 2.2c). The EYFP-low population thus likely
corresponds to a stage in which EYFP expression is on the rise and Fev expression is still
present, whereas the EYFP-high population likely represents a stage where EYFP has reached
higher expression but Fev itself has begun to wane (Figure 2.1b). Thus, we selected this EYFP-
low population, enriched for Fev(+) cells, for snATAC-Seq using the 10x Genomics platform
(Figure 2.1c, Figure 2.2d). We included an additional two samples, biological replicates of
whole pancreas tissue, to capture a broad range of cell types (Figure 2.1c).

Single cells were lysed to isolate nuclei, and chromatin was then subjected to the 10x
Genomics pipeline and sequenced. The resulting dataset was analyzed with the computational
package ArchR (121). First, the datasets were filtered to retain high-quality nuclei by
thresholding on the number of unique nuclear fragments, as well as the transcription start site
(TSS) enrichment score (see Methods). This step provides enrichment of cells displaying a high
fraction of fragments that map to the TSS, versus other locations in the genome. Next, the
datasets were subjected to doublet discrimination, resulting in a final dataset consisting of a
combined total of 33,206 high-quality nuclei across the three samples. The data were then
dimensionally reduced, clustered, and visualized in a 2D Uniform Manifold Approximation and
Projection (UMAP) embedding (Figure 2.1d). The UMAP projection revealed that cells from
both replicates of the whole pancreas contributed to each of the clusters within the dataset. As
expected, cells from the eFev-EYFP(+) sample clustered only with endocrine cells from the two
Whole Pancreas samples (Figure 2.1d, inset), reflecting successful enrichment of endocrine
cells from the eFev-EYFP mouse line and effective integration of the three datasets. Each
cluster was annotated as corresponding to a specific cell type found within the developing
pancreas based on the gene score (accessibility of the gene promoter plus the gene body) of

the following marker genes: Col3a7 to mark mesenchymal cells, Wt1 for mesothelial cells, Cpa1
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and Spp1 for exocrine cells, Chga for endocrine cells, Pecam1 for endothelial cells, Rac2 for

immune cells, and Sox10 for neuronal cells (Figure 2.1e, Supplemental file 2.1).

2.2.2 Integration of single-cell transcriptional and chromatin accessibility data identifies

epithelial heterogeneity in the developing murine pancreas

To reliably identify the heterogeneity of chromatin states within the epithelial cell types of
the developing pancreas, we performed unconstrained integration of our snATAC-Seq data from
all epithelial cells with E14.5 scRNA-Seq data previously published by our laboratory (58). First,
we computationally isolated the epithelial cells from the scRNA-Seq dataset (13,093 epithelial
cells total) and performed iterative sub-clustering with the computational package CellFindR
(122) to identify biologically relevant cell types. Next, we correlated the gene expression profiles
of each of the cells within this sScRNA-Seq dataset with the gene scores of each of the cells
within our snATAC-Seq dataset. After identifying correlated cell pairs between the two datasets,
cells in the snATAC-Seq dataset were assigned the cell type label, as well as the gene
expression profile, of the cognate cell from the scRNA-Seq data.

This integration resulted in a final epithelial snATAC-Seq dataset comprised of 16,250
nuclei representing 10 distinct cell types, including Acinar, Ductal, Spp1(+)/Neurog3(+) double
positive EPs, Neurog3(+) single positive EPs, Fev(+)/Chgb(+) intermediate progenitors, and
Pdx1(+)/Mafb(+) beta cell precursors, as well as Alpha, Beta, Delta and Epsilon cells (Figure
2.3a). As expected, the sorted EYFP(+) cells contributed highly to the endocrine but not the
acinar or ductal compartments of the overall dataset (Figure 2.3a, inset). The relative
proportions of these annotated cell types in the snATAC-Seq dataset roughly matched the
proportions of the epithelial cells in the scRNA-Seq dataset (Figure 2.3b). Integration scores, a
reflection of confidence in the assignment of cell identity, were highest among terminally
differentiated cell types (e.g., exocrine and hormone-expressing endocrine cells) (Figure 2.4a),

indicating less ambiguity in chromatin accessibility once cell fate is determined. Even in the
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absence of integration with scRNA-Seq data, all cell types were identified when clustering on
chromatin accessibility alone (Figure 2.4b).

Next, we confirmed the cell type annotations by assessing chromatin accessibility (gene
score), as well as the transferred RNA expression from the integration (gene expression). We
observed high concordance between chromatin accessibility and RNA expression for the
marker genes defining our cell types (Figure 2.3¢). Additionally, we observed cell-type specific
chromatin accessibility of each marker gene locus (Figure 2.4c). To assess the reproducibility
of called peaks across both biological samples, we subsetted the dataset by sample and re-
called peaks on a subset of endocrine cells (see Methods). We detected 83,055 total peaks in
the final endocrine peakset for the whole pancreas sample replicate 1, 119,809 total peaks for
whole pancreas replicate 2, and 106,301 total peaks in the eFev-EYFP(+) sorted sample
(Figure 2.4d). We observed an overlap of 71,169 peaks between the two whole pancreas
peaksets (representing an 86% overlap for whole pancreas sample 1 and a 59% overlap for
whole pancreas sample 2). The number of peaks common to all three samples was 64,082,
which represents an overlap of 77% for whole pancreas 1, 53% for whole pancreas 2, and 60%
for the the EYFP(+) sample (Figure 2.4d). When assaying differentially-accessible or -
expressed genes, we observed far fewer significantly differentially accessible genes (n = 1,066)
compared to differentially expressed (n = 4,567) (Figure 2.3d, Supplemental file 2.1). Among
these differentially-accessible genes were top markers of each cluster identified by differential
gene expression analysis of our scRNA-Seq dataset (Supplemental file 2.1). Taken together,
these data confirm the existence of heterogeneous epithelial populations initially identified by

scRNA-Seq, here by an orthogonal method.

2.2.3 Identification of candidate regulators of epithelial cell fate

To identify regulators of cell fate decisions in the developing pancreatic epithelium, we

applied the peak calling algorithm MACS2 (123) to our dataset. We identified 232,056 peaks
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across all epithelial clusters, with 63,097 peaks exhibiting differential accessibility across cell
types (Figure 2.5a). Next, we assayed for TF motif enrichment in these differential peaks,
identifying 404 enriched motifs. A number of TFs in the same family were deemed enriched due
to the similarities in DNA binding motifs. For instance, TFs with enriched motifs included known
regulators of pancreatic epithelial development, such as Sox family members (Sox2, Sox4,
Sox9; Ductal), Hox family members (Hoxb4, Hoxc4, Hoxa4; Beta) and members of the Rfx
family (Rxf3 through Rfx7; Fev(+)/Chgb(+) and Pdx(+)/Mafb(+)) (Supplemental file 2.2). To
distinguish among TFs with similar DNA motifs identified in a given cell type, we next identified
significant TF motif deviations (calculated as deviation of motif enrichment in accessible peaks
from the expected distribution based on the average across all cells) of each cell type using
ChromVAR (124). The TFs from ChromVAR were then correlated with their gene expression
profiles from the integrated RNA expression matrix, thereby identifying so-called “correlated
TFs” that are both expressed and have significant motif deviation (Figure 2.5b, Supplemental
file 2.3). By breaking this down further on a per-cluster basis, we then were able to observe the
cell type-specific motif deviations and gene expression of the correlated TFs, narrowing the
number of TFs with enriched motifs from 404 (Figure 2.5a) to 50 correlated TFs (Figure
2.5b,c). Correlated TFs included multiple members of the Fox family (Foxk2 and Foxo1, Beta;
Foxp1, Fev; Foxa2, Delta), as well as the Sox family (Sox4, Spp1(+)/Ngn3(+); Sox9, Ductal)
(Figure 2.5c). The relationship between motif deviation and gene expression is further shown at
single-cell resolution for several endocrine genes in Figure 2.5d. Interestingly, by observing not
only motif deviation but also gene expression, we were able to determine that although both
Ductal cells and Spp1(+)/Neurog3(+) EPs showed high motif deviation of Sox4, expression was
significantly higher in the latter population (Figure 2.5d). This is in line with previously published
work that shows that Sox4 works with Neurog3 to induce endocrine differentiation in the

developing murine pancreas (125).
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We next sought to understand the correlated TFs across the Alpha and Beta cell
lineages. We first calculated the pseudotime values of cells along both trajectories (Figure 2.5e)
and then applied the same motif deviation and gene expression correlation analysis for the
genes and enriched motifs along these lineages (Figure 2.5f, Supplemental file 2.3). Across
the Alpha lineage (including Ductal, Spp1(+)/Neurog3(+), Neurog3(+), Fev(+)/Chgb(+), and
Alpha cells) we identified 34 correlated TFs. This included TFs in Ductal cells (Nr4a1, Sox9),
progenitor cells (Neurog3, Neurod?2), and Alpha cells (Foxp1, Isl1, Mafb, Mafg). For the Beta
lineage, we identified 27 correlated TFs, including Mnx1, Mafb, Mafg, Pdx1, and Foxo1. In
summary, the multi-layered approach taken here has further distilled the subset of TFs that

likely play an important role in governing fate selection during endocrinogenesis.

2.2.4 Gene regulatory networks controlling epithelial cell fate

Our analyses thus far identified accessible chromatin and correlated TFs within the
epithelial compartment of the developing endocrine pancreas. How and where these TFs bind
and affect downstream target genes to govern cell fate decisions is not as well understood,
however. To address this gap in knowledge, we next sought to construct a gene regulatory
network (GRN) for Acinar, Ductal, and endocrine cells of the Alpha and Beta lineages (Figure
2.6a). We utilized the computational pipeline Integrated Regulatory Network Analysis (IReNA)
v2 (113) (Figure 2.6a, Figure 2.7a), which combines both scRNA-Seq and snATAC-Seq data to
predict TF binding of downstream target genes in a cell type-specific manner. First, we
performed differential gene expression analysis on our scRNA-Seq dataset to identify genes
enriched in each cell type (Figure 2.7b, Supplemental file 2.4). We then performed peak-to-
gene linkage analysis in our integrated scRNA- and snATAC-Seq datasets, identifying
accessible regions of chromatin (peaks) that are either positively or negatively significantly
correlated with gene expression (genes) (Figure 2.7c). These peak-to-gene peaks were then

further filtered and annotated as correlated accessible regions (CARs) belonging to one of three
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categories: TSS (when the peak lies in the transcription start site (TSS) for the gene), gene
body (when the distance between peak and TSS is less than 100 kb, and the peak-to-gene
score calculated above is significant), or distal (when the peak is 100 kb upstream or
downstream of the TSS of a correlated gene, and the peak-to-gene score is significant). We
observed varying proportions of CAR categories among the cell types, with TSS representing
the highest proportion, followed by roughly equivalent proportions of positive and negative
CARs (Figure 2.7d). We next predicted the cell-type specific TF binding in these CARs by
searching for TF DNA binding motifs in the CARs. Once identified, we then filtered the TFs by
calculating their TF footprint score, retaining TFs with a score deemed significant by IReNA v2.

We observed the highest number of GRN TFs in the Fev(+)/Chgb(+) population (39
TFs), followed by Neurog3(+) (33 TFs) and Ductal (28 TFs) cells (Figure 2.7e, Supplemental
file 2.5) Among our network of TFs and target gene-associated CARs, we binned these
interactions as either activating or repressing by correlating the expression of each TF-target
gene pair. Genes with a positive TF-target gene correlation were annotated as being activated
by their given TF, while those with a negative TF-target gene correlation were annotated as
being repressed. The Ductal and the Fev(+)/Chgb(+) populations had the highest number of
regulations, followed by Pdx1(+)/Mafb(+) and Neurog3(+) (Figure 2.7f). The regulations among
all the populations examined were relatively evenly split between activating and repressing.
Lastly, from the GRN constructed above, we identified pairs of TFs that regulated one another;
for each TF, we identified target genes that are also TFs and mapped these pairs as either
activating or repressing depending on the correlation of gene expression of the target TF in the
given cell type. This analysis permitted us to identify TFs that regulate the expression of other
TFs in given cell types (Figure 2.7g, Supplemental file 2.6).

To examine the TFs comprising this epithelial GRN in more depth, we first focused on
the hormone(+) populations within our dataset. We found that genes enriched in the Beta cell

population are largely repressed in the Acinar, Ductal, and Spp1(+)/Neurog3(+) GRNs, then
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gradually become activated as endocrine differentiation proceeds (Figure 2.6¢). Within the
Alpha cell population, Beta cell enriched genes are almost exclusively activated, consistent with
previous studies investigating gene expression of individual TFs revealing that beta and alpha
cells share common expression of genes needed for proper development and function (94). We
then inquired within all of the GRNs defined for epithelial cell types, which TFs either activate or
repress genes enriched in the Beta cell population. Among the top activating TFs were known
regulators of Beta cell development, such as Mafb, Neurod1, and Pdx1 (Figure 2.6d). Targets
of these activating TFs identified by our GRN analysis included numerous genes, both known
and novel (Supplemental file 2.5). Repressors of Beta cell enriched genes are largely
contained within the Ductal GRN and include TFs such as Tcf3, Tead2, Sox4, and Rest (Figure
2.6e). As in Beta cell enriched genes, Alpha enriched genes follow a similar pattern of activation
and repression across the epithelial GRN (Figure 2.8a). TFs activating Alpha cell enriched
genes include Beta cell activating TFs such as Mafb and Neurod1 (Figure 2.6f). TFs repressing
Alpha cell enriched genes also included Tcf3, Tead2, Sox4, and Rest (Figure 2.6g), suggesting
that these TFs repress global hormone(+) cell gene signatures. The six TFs that overlapped
between the Alpha (18 TFs) and Beta (13 TFs) GRNs comprised known endocrine regulators
Pax6, Mafb, Neurod1, and Isl1, as well as TFs less well studied in pancreas, Zfp516 and Meis2
(Figure 2.6h). TFs unique to the Beta GRN included known regulators of beta cell fate, such as
Nkx6-1, Pdx1, and Foxo1, while those less well characterized included Mixipl. We performed
multiplexed immunofluorescence and in situ hybridization on sections of wildtype E14.5
pancreas tissue and validated the enrichment of Mixip/ expression in Ins1(+) Beta cells (Figure
2.8b). Examples of TFs unique to the Alpha GRN were Irx2 and Arx, known regulators of Alpha
cell fate. Less well characterized TFs included Pbx1, which is required for proper pancreas
development (126), Bbx, Peg3, and Etv1. We also confirmed high enrichment of Etv1

expression in Geg(+) Alpha cells, as well as some expression in Fev(+) cells (Figure 2.8c).
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Among the top activating TFs of Alpha cell enriched genes was Etv1 (Figure
2.6f), reported to be a direct or indirect target of Nkx2-2 (127). Within beta cells, failure to
properly degrade Etv1, Etv4, and Etv5 results in impaired insulin secretion (128). We took a
closer look at the downstream targets of Etv1 in the Alpha cell GRN and found that Etv1 was
predicted to activate 150 genes, and repress 130 genes, in the Alpha GRN (Supplemental file
2.5). When performing pathway analysis on these genes, we observed that Etv1 activated
pathways related to vesicle mediated transport, synaptic vesicle pathway, and membrane
trafficking (Figure 2.6i). Other targets of Etv1 included Alpha-cell related genes such as Mafb
and Irx2, as well as endocrine hormones such as Pyy (Supplemental file 2.5). Pathways
repressed by Etv1 included those related to translation initiation, cytoplasmic ribosomal
proteins, and cap-dependent translation initiation. When examining TF-TF interactions, we
found that Etv1 is repressed by Sox9 and Egr2 in the Ductal population and activated by Stat3
in the Pdx1(+)/Mafb(+) population and by Usf2 and Vdr in the Fev(+)/Chgb(+) population
(Figure 2.6j).

In summary, the computational analyses described in this section have permitted the
construction of a gene regulatory network of the acinar, ductal, and major endocrine lineages in
the developing mouse pancreas. This workflow, which is dependent on integration of both
chromatin accessibility and transcriptional data, has identified regulators of alpha and beta cell

fate that can serve as the subjects of further experimental study.

2.2.5 Gene regulatory networks governing the initiation of endocrine differentiation

During mammalian pancreatic development, a subset of cells within the branching ductal
epithelium activate the expression of the master regulator of endocrine differentiation, Neurog3.
These rare Neurog3(+) cells represent the earliest known EP population, and considerable
attention has been devoted to understanding this ductal to EP transition. In addition to Neurog3,

which is required for mouse endocrine differentiation (47), numerous other TFs have been
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identified that are also important for endocrinogenesis. Investigation of NEUROGS3 binding
across the genome in human pluripotent stem cell (hPSC)-derived EP cells revealed
widespread regulation of 138 TFs, some with known roles in endocrine development and others
with unknown function (129). Further studies in human cells used inducible and knockout
models in hPSC-derived endocrine cells to identify predicted targets of multiple endocrine TFs,
including NEUROGS3, PDX1, and RFX6 (130). Generation of an Ngn3-timer fluorescent reporter
mouse line that permitted the specific isolation of early Ngn3-expressing cells identified
numerous putative direct targets of Neurog3 in mouse EPs (131). These studies have
highlighted the need for a broad, integrated analysis of all TFs and downstream targets that
control the initiation of endocrine differentiation.

Towards this end, we began by investigating the GRN regulating the transition from a
ductal to EP cell state. TFs in the Ductal GRN promoting the expression of Spp1(+)/Neurog3(+)
EP genes include known regulators of endocrine cell fate, such as Sox4 (125,132) (Figure
2.9a). Also identified was Sox9, which induces the expression of Neurog3 and thus positively
regulates the endocrine lineage before then being turned off during differentiation (44,132).
Interestingly, Tead2 and Tcf3 activated the most genes enriched in the Spp1(+)/Neurog3(+) and
Neurog3(+) EP populations (Figure 2.9b), indicating that these TFs are important initiators of an
endocrine cell fate. The Yap/Tead signaling complex has previously been shown to activate
multipotent progenitor cell enhancers and regulate epithelial outgrowth during human pancreatic
development (133). Tcf3, also known as E47, has been shown in a human cell line to dimerize
with NEUROGS3 to bind to the promoter region of the INSM1 gene (134), which is required in
mice to maintain mature beta cell function (135). TFs involved in the transition from a
Spp1(+)/Neurog3(+) to a Neurog3(+) EP cell state include well known regulators of endocrine
differentiation, such as Nkx2-2, Pax4, and Neurod?2 (Figure 2.9a). Other TFs with no known
endocrine function included Nhlh1, whose expression was enriched in Neurog3+ cells by E14.5

scRNA-Seq and confirmed in vivo (Figure 2.10a). Major repressors of EP enriched genes in the
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Ductal GRN include TFs such as Rest and Hes1 (Figure 2.9¢). The classification of Hes? as
repressing is consistent with what is known about the role of Notch signaling in the initiation of
EP cell fate (44,136). Rest is a master regulator of neurogenesis and has been previously
described to inhibit direct reprogramming of pancreatic exocrine to endocrine cells by inhibiting
the binding of Pdx1 to key endocrine differentiation-related genes (137). In addition, loss of Rest
results in increased generation of pancreatic endocrine cells during development (138,139).
Consistent with previous studies, we confirmed expression of Rest in Spp 7-expressing Ductal
cells by in vivo staining of E14.5 pancreas and by scRNA-Seq (Figure 2.10b). Among TF-TF
pairs identified in Ductal, Spp1(+)/Neurog3(+), and Neurog3(+) cells, most were classified as
activating, with the exception of Nfib (Ductal) (Figure 2.10c). Taken together, our GRN analysis
has identified novel candidate regulators, such as Tcf3 and Tead2, of the ductal to EP cell state
transition. These results expand upon our knowledge of this key developmental transition and
serve as a resource for future studies.

We next focused on Fev(+)/Chgb(+) cells, as our previous work indicated that this cell
state represents the bifurcation point at which the Alpha or Beta lineage is established (Figure
2.6a) (58). As expected, we observed that the Acinar and Ductal cell types largely repress
genes that are enriched in the Fev(+)/Chgb(+) population (Figure 2.9d). These genes begin to
be activated as an endocrine cell fate is established (Spp1(+)/Neurog3(+) and Neurog3(+) cell
types) and are fully activated by the Fev(+)/Chgb(+) cell stage. Curiously, the Fev(+)/Chgb(+)
enriched genes are not repressed in the Alpha and Beta cell types, suggesting that Alpha/Beta
cell fate is due more to activation of key Alpha/Beta genes as opposed to the repression of
progenitor-associated genes. Among the top TF activators of Fev(+)/Chgb(+) enriched genes
(Supplemental file 2.5), we observed that known regulators of endocrine cell fate such as
Neurod1, Mafb, and Pax6 activated the most genes (Figure 2.9e). Activators also included less
well described TFs, such as Rad21 and Peg3, as well as Foxo? and Etv1 (Figure 2.9e,

Supplemental file 2.5). Conversely, TF repressors of Fev(+)/Chgb(+) enriched genes included

30



the TFs Tead2, Tcf3, Rest, Sox4, and Nfib, among others (Figure 2.9f). Next, we constructed a
network diagram of TF pairs that either activate or repress TFs enriched in the Fev(+)/Chgb(+)
population (Figure 2.9g). Consistent with our observations in Figure 2.9d, TF-TF regulations
were entirely repressive in the Acinar and Ductal cell states, and a mix of activating and
repressing in the Spp1(+)/Neurog3(+) and Neurog3(+) cell states (Figure 2.9g, Supplementary
file 2.6). In contrast, TF-TF regulations in the Alpha, Beta, and Pdx1(+)/Mafb(+) states were
exclusively activating (Figure 2.9g, Supplementary file 2.6).

When comparing the GRNs among all progenitors and precursors, we identified 18 TFs
unique to the Fev(+)/Chgb(+) population (Figure 2.10d, Supplementary file 2.6). Among these
TFs identified within the Fev(+)/Chgb(+) GRN, Rad 21 and Mafb were among the top activators
of the transition from Fev(+)/Chgb(+) to either Pdx1(+)/Mafb(+), Alpha, or Beta cell states
(Figure 2.10e-g). Among the top 10 TFs with the highest number of activating regulations
across the transition from Fev(+)/Chgb(+) to Alpha cells was Vitamin D receptor (Vdr), whose
expression has been linked to beta cell function and diabetes (Figure 2.10f) (140-142). As
expected from Figure 2.6f, Etv1 had a higher number of activating regulations for Alpha cell-
enriched genes compared to Pdx1(+)/Mafb(+) or Beta populations (Figure 2.10e-g).

The gene Fev was initially described as a prototypical serotonergic transcription factor in
the brain (143), then as a gene expressed in developing and adult mouse pancreatic islets
(144). More recently, we found that Fev in the pancreas marks an intermediate progenitor of the
mouse endocrine lineage (58). Our GRN analysis computed 83 genes activated and 57 genes
repressed by Fev (Supplemental file 2.5). Pathway analysis of activated genes included
pathways related to synaptic vesicle cycle, signaling by NRTKs, and membrane trafficking
(Figure 2.9h). These data corroborate previous findings in which full body knockout of Fev
resulted in decreased pancreatic insulin content, an impairment of insulin secretion, and
consequently defects in glucose clearance (144). Pathway analysis of repressed genes included

many pathways related to translation, such as translation initiation complex formation, cap-
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dependent translation initiation, and eukaryotic translation initiation (Figure 2.9h). Downstream
TF interactions of Fev were all activating and included the TFs Foxa2, Usf2, and Nfe2l1 (Figure
2.9i).

Next, we sought to confirm the occupied peaks and downstream targets of Fev in our
GRN analysis. Although ChlIP-Seq data of Fev binding in the endocrine pancreas is not
available, a previous study published ChIP-Seq data from Fev-expressing 5-HT(+) neurons in
the E12.5-E15.5 developing hindbrain (117). Given the documented similarities in transcriptional
networks between serotonergic neurons and pancreatic endocrine cells (144), we asked how
much shared overlap there is between our gene-associated CARs in the pancreatic Fev GRN
and serotonergic neuron ChlP-Seq peaks. When intersecting these peak sets, we observed 90
of the 270 (33%) Fev GRN CARs overlapping with peaks from the ChIP-Seq dataset (Figure
2.11a). Target genes of these gene-associated CARs included Myo6, Mef2a, and Tmem30a
(deemed activated by Fev in our GRN analysis), as well as Rrs1, Rpl41, and Cxadr (deemed
repressed by Fev in our GRN analysis). Non-overlapping activated gene-associated CARs
included Vamp3, Chga, Foxa2, and KIf7. Repressed gene-associated CARs included Notch2,
Nr5ac, and Apex1. The overlap of Fev GRN CAR and ChIP-Seq peak for Mef2a was visualized
at the Mef2a gene locus in the Fev(+)/Chgb(+) and Pdx1(+)/Mafb(+) clusters (Figure 2.11b).
Next, to confirm the potential gene targets of Fev in our GRN analysis, we interrogated
published RNA-Seq data from wildtype and Fev knockout 5-HT(+) serotonergic neurons from
E15.5 mouse hindbrains. We intersected the target genes of Fev in our GRN analysis with
differentially expressed genes between Fev wildtype and knockout mice (Figure 2.11¢c) (117).
We found that 38 of the targets of Fev in the embryonic pancreas were differentially expressed
between the Fev wildtype and knockout embryonic serotonergic neurons, including genes such
as Celf1, Pcsk1, Mcm6, Chga, Dctn3, and Fabpb.

Taken together, our data identify both known and novel regulators of pro-Alpha and pro-

Beta cell fates that are active in the Fev(+)/Chgb(+) stage, the cell state that represents the
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bifurcation point in the endocrine differentiation trajectory. Our analyses also yield a
comprehensive view of potential targets of Fev, as well as insights regarding its function in
regulating the machinery required for the production of endocrine hormone-containing vesicles.
Lastly, our analysis has identified conserved Fev-occupied peaks and target genes between
serotonergic neurons and Fev(+) endocrine progenitors, as well as potential tissue-specific

regions of Fev-mediated regulation.

2.2.6 Characterization of chromatin accessibility and identification of GRNs within

pancreatic mesenchymal cell types

Although proper development of the pancreatic epithelium depends on signals from the
surrounding mesenchyme, the lineage and function of pancreatic mesenchymal cells remains
vastly understudied. In previous work, we and others have used scRNA-seq to identify multiple
transcriptionally distinct mesenchymal populations, including mesothelium, within the developing
murine pancreas (53,58). Still, the upstream genetic regulators that maintain these distinct cell
states are not defined. Data from snATAC-Seq of pancreatic mesenchymal cells would shed
light on whether distinct states of chromatin accessibility correspond to transcriptionally distinct
cell subpopulations and would reveal which TFs and binding sites are actively involved in
controlling mesenchymal cell state.

We integrated the snATAC-Seq data from the mesenchymal populations within our
merged E14.5 whole pancreas dataset (replicates 1 and 2) with the age-matched (E14.5)
scRNA-Seq data, using methods as described above. Clustering of the scRNA-Seq dataset
identified six populations of mesenchymal cells, including one cluster enriched in the expression
of Gap43 (Gap43(+)), another cluster enriched in expression of Sfrp2 (Sfrp2(+)), two clusters
expressing chemokines (Cxcl12(+) and Cxcl13(+)), Vascular Smooth Muscle cells (VSM;
Acta2(+)) and finally Mesothelium (Wt1+) (Figure 2.12a). Integration and cell label transfer

classified all populations in our snATAC-Seq dataset (Figure 2.12a,b). Clustering on chromatin
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accessibility alone, without integration with scRNA-Seq data, still resulted in the identification of
similar clusters as in the integrated dataset (Figure 2.13a).

Once the mesenchymal clusters were identified, we next asked whether there were
secreted factors uniquely produced by any of these mesenchymal subpopulations that may be
signaling to any of the epithelial subpopulations identified above. We performed cell-cell
communication analysis using CellChat (145) on the mesenchymal and epithelial compartments
in our E14.5 scRNA-Seq dataset (Figure 2.13b). We found 33 cell-cell communication signaling
pathways that were significantly active in the mesenchymal and epithelial datasets
(Supplemental file 2.7), including communication based on ECM signaling (Mk, Ptn, Mpz,
Laminin) and secreted factors (Bmp, Ephb, Ngf, Notch). When focusing on
mesenchymal/mesothelial to epithelial signaling, we found that the ECM pathways Mk, Ptn and
Collagen showed high relative strength for incoming signaling to Acinar and Ductal cells (Figure
2.13b), with high outgoing strength across multiple mesenchymal populations. Strong signaling
to Beta cells included Grn, likely being received by the Cxcl12(+) mesenchymal population,
which showed the strongest outgoing strength. Jam signaling, which is important in cell
migration, was highest in outgoing signaling from Mesothelial cells, while highest in incoming
signaling in the Acinar, Ductal, Spp1(+)/Neurog3(+), and Neurog3(+) populations. Taken
together, these data elucidate the potential cell-cell communication between the developing
mesenchymal, mesothelial, and epithelial cells of the embryonic pancreas.

Next, we identified differentially accessible peaks across all of the mesenchymal
populations and found a total of 182,020 peaks, with 59,707 peaks displaying differential
accessibility (Supplemental file 2.2). The majority of these differentially accessible peaks were
enriched in the Gap43(+) and Mesothelial populations, with the remaining populations showing
more modest numbers. Motif enrichment in these differentially accessible peaks identified 217

enriched motifs (Supplemental file 2.2). Correlation of gene expression and motif deviation
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scores identified 34 correlated TFs (Figure 2.12c¢,d), including known regulators of
mesenchymal cell fate, such as Wt1, Twist2, and Hand2.

We next assembled the mesenchymal GRN with IReNA v2 as described above. Among
the mesenchymal cell types, the Gap43(+) and Mesothelial populations had the highest number
of total regulations (Figure 2.13c) as well as the highest numbers of TFs in each of the GRNs
(Figure 2.13d). In the TF-TF network, TFs active in the GRN of Mesothelium largely repressed
the expression of Gap43(+)-associated TFs, whereas the Gap43(+) population activated
Cxcl12(+)-associated TFs (Figure 2.13e). We next assessed which GRN TFs were either
exclusive or shared among the mesenchymal populations (Figure 2.13f). The GRN in the
Gap43(+) population contained 18 specific TFs, including genes involved in epithelial-
mesenchymal transition (EMT) such as Snai2, Twist2, and Zeb1, suggesting that cells within the
Gap43(+) population may be actively undergoing EMT processes during pancreatic
development. Other Gap43(+) cell type-specific TFs included Hoxb4 and Prxx1. TFs exclusive
to the Cxcl12(+) population included members of the nuclear factor 1 (Nfia and Nfic), Ap-1 (Junb
and Jund), and KIf families (KIf6; KIf2 shared with the Gap43+ population). TFs specific to the
Sfrp2(+) GRN included Hoxb5, Meis2, and Bcl11a, while Pbx1 was shared with the Cxcl12(+)
population, and Barx1 was shared with the Mesothelial population.

We next focused on mesothelial cells, which consist of a monolayer of specialized cells
that line the pleura and internal organs of adult tissues and serve numerous functions in the
adult, including lubrication of tissue and immune surveillance (146). In the developing lung,
lineage tracing studies have demonstrated that mesothelium also acts as a progenitor for
certain specialized mesenchymal cell subtypes (147). Furthermore, previous work in our lab
predicted the downstream lineages of mesothelial cells in the developing pancreas based on
pseudotemporal ordering of sScRNA-Seq data (58). Despite this, relatively little is known about
how mesothelial cells are formed and maintained during pancreatic development. Within the

snATAC-Seq dataset, we identified 20 TFs uniquely active within the GRN of the Mesothelial
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population (Figure 2.13f). Top TFs activating Mesothelial-enriched genes included Wt1, which
has previously been shown to be a master regulator of mesothelial formation (148), along with
KIf13, whose role in mesothelial cell development and homeostasis is not well understood and
thus warrants further study (Figure 2.12e). Top repressing TFs of Mesothelial-enriched genes
included KIf2, Ebf1, and KIf6 (Figure 2.12f). Pathway analysis of activated and repressed genes
in the Mesothelium GRN identified pathways related to metabolism as activated, and ECM
formation and deposition as repressed (Figure 2.12g).

Taken together, profiling of the chromatin accessibility within the cells of the developing
mouse pancreatic mesenchyme has determined differentially accessible peaks among these
populations and identified TFs potentially important in mesenchymal development through the
use of motif enrichment and gene expression correlation analyses. Lastly, we have constructed
a set of mesenchymal GRNs, identifying active TFs and their downstream target genes. These
data will provide a resource for future work geared towards studying mesenchymal biology and

understanding how this important but understudied non-epithelial population is maintained.

2.2.7 Mapping the gene regulatory networks of pancreatic epithelium across

developmental time

Previous work from our laboratory (58) used scRNA-Seq to profile the murine pancreas
across three developmental timepoints. Although this timecourse analysis revealed shifts in
endocrine cell differentiation, proliferation, and gene expression programs across
developmental time, the regulatory elements governing these changes remain poorly
understood. To better characterize how gene regulatory networks within the pancreatic
epithelium shift across developmental time, we performed snATAC-Seq on two independent
samples of whole pancreas tissue at E17.5, each sample comprising at least n = 3 pancreata.
After performing quality control and filtering steps (see Methods), we generated a merged

dataset consisting of 78,669 high-quality nuclei comprised of the expected broad pancreatic cell

36



types (Figure 2.15a). Of these broad groups, 8,859 were labeled as endocrine based on the
Gene Score for Chga (Figure 2.14a, Figure 2.15a,b). We then performed unconstrained
integration of our E17.5 snATAC-Seq epithelial cells with E17.5 scRNA-Seq (58) as described
above for E14.5. This integration resulted in a final epithelial shATAC-Seq dataset comprised of
8 distinct cell types, including Acinar, Ductal, Spp1(+)/Neurog3(+) double positive EPs,
Neurog3(+) single positive EPs, Fev(+)/Chgb(+) intermediate progenitors, Alpha, Beta, and
Delta cells. (Figure 2.14a). All epithelial cell populations annotated in the scRNA-Seq dataset
were successfully captured in the snATAC-Seq dataset, although the relative proportions of
some cell types varied, presumably due to cell isolation and nuclei capture (Figure 2.14b). We
then identified correlated TFs across the hormone(+) lineages as detailed above. Across the
Alpha lineage, we identified 39 correlated TFs, including Ductal TFs (Nr5a2, Sox9), progenitor
cells (EIf5, Neurog3, FoxaZ2), and Alpha cells (Rfx3, Rfx6, Arx, Isl1, Mafb, Mafg) (Figure 2.15c).
For the Beta lineage, we identified 32 correlated TFs, including Arid3a, Pax6, and Pdx1 (Figure
2.15d). For the Delta lineage, we identified 34 correlated TFs, including Rfx3 and 6, Lhx1,
Pou3f4, Pax6, Arx and Pdx1 (Figure 2.14c).

Next, we sought to construct GRNs for each of the epithelial cell types in the E17.5
pancreas utilizing the IReNA v2 pipeline as detailed above for the E14.5 sample. After
constructing the GRN, we observed the highest number of GRN TFs in the Neurog3(+)
population (57), followed by the Fev(+)/Chgb(+) (50) and Ductal (44) populations (Figure 2.15e,
Supplemental file 2.4). As in the E14.5 GRN, the Ductal, Fev(+)/Chgb(+), and Neurog3(+)
populations had the highest number of regulations (Figure 2.15f). We observed that the Acinar
population displayed a marked reduction in the number of regulations at E17.5 compared to
E14.5 (Figure 2.15¢c, Figure 2.7f). Next, we focused on the hormone(+) cell types in our GRN
analysis. The E17.5 Alpha cell population contained 23 total GRN TFs, 19 of which were unique
to the Alpha cell population (Figure 2.14d). These Alpha GRN TFs included known regulators

such as Irx2, Arx, and Neurod1, as well as unknown regulators such as Bptf, Thap11, and
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Nfat5. When comparing Alpha GRN TFs at E17.5 (23) to those at E14.5 (18), we found that 7
TFs are unique to E17.5, including Foxa2, Foxp1, and Bptf, while two are unique to E14.5 (Pbx1
and Fbp1) (Figure 2.15g). Alpha GRN TFs common between E14.5 and E17.5 (16) include key
Alpha cell regulators such as Irx2, Arx, Isl1, and Neurod1, as well as Etv1 and Peg3. The E17.5
Beta GRN contained six total TFs, two of which (Insm1 and Mixipl) are not found in the Alpha or
Delta GRNs (Figure 2.14d). While a number of known regulators of beta cell fate such as Nkx6-
1, Mnx1, Mafg, and Isl1 are unique to the E14.5 Beta GRN, only Banp is unique to the E17.5
Beta GRN. Shared GRN TFs were Pax6, Pdx1, Mafb, Insm1, and Mixip!/ (Figure 2.15h). Lastly,
the E17.5 Delta GRN contained six TFs: known Delta regulator Hhex, along with Pdx1, Zbtb20,
Junb, Fos, and KIf7. (Figure 2.14d). Top TFs regulating Delta cell-enriched genes included
Mafb, Neurod1, KIf7, Rad21, and Pax6 (Figure 2.14e), while TFs repressing Delta cell-enriched
genes included Tcf3, Tead2 and Jun (Figure 2.14f).

Lastly, we sought to understand how the targets of GRN TFs change across
developmental time. We focused on activated target genes of Fev in the Fev(+)/Chgb(+) GRN
and identified 91 targets in the E17.5 GRN compared to 83 in the E14.5 GRN (Figure 2.14g,
Supplemental file 2.3). Targets unique to E14.5 included genes such as Vamp3, Dctjn3,
Mef2a, KIf10, and Ptpm2, while shared genes included Fam174a, Serinc1, Tmem30a, Chga,
and Tmed8. Targets unique to the E17.5 GRN included genes involved in pancreatic secretion,
beta-catenin independent Wnt signaling, and signaling by NTRK1 (TRKA) (Figure 2.14h), such
as Pdx1, ltpr3, Rab6a, Gng12, and Pak3. The predicted TF targets of Fev at E17.5 were Nfix
(Spp1(+)/Neurog3(+)), Nfib (Ductal), Pdx1 (Beta), Usf2 (Fev(+)/Chga(+)), and
Ccnt2 (Fev(+)/Chga(+)) (Figure 2.14i, Supplemental file 2.4). Taken together, these data
have permitted the construction of a gene regulatory network of E17.5 exocrine and endocrine
cells in the developing mouse pancreas and permitted a direct comparison of the important TFs
and target genes across these two timepoints to yield a more refined understanding of the

regulatory dynamics of endocrine maturation across developmental time.
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2.3 Discussion

Numerous studies have used scRNA-Seq to characterize developing mouse pancreas
tissue, providing important insights into cellular heterogeneity and key transcriptional programs
expressed in developing cell types (53,58—-60,62). Still, these datasets lack information about
which of the expressed TFs are active and binding, and about how the TFs are organized into
regulatory networks. Profiling of the chromatin accessibility landscape at single-cell resolution
has emerged as a powerful approach for generating new insights about regulatory programs
governing development and cell fate decisions across multiple tissue types (113,114,149,150),
and we have now extended this approach to developing mouse pancreas tissue. Given that we
were particularly interested in interrogating mechanisms underlying endocrine lineage
allocation, we utilized a genetic tool to achieve significant enrichment of EP cells. Previous work
from our laboratory had identified the transcription factor Fev as a marker of a novel endocrine
progenitor state, and lineage reconstruction analysis indicated that it is at this Fev(+) state that
lineage allocation is executed (58). Here, we validated the use of an eFev-EYFP transgenic
mouse line for enriching for Fev-expressing endocrine cells in the developing pancreas.

We have generated a comprehensive map of chromatin accessibility in the developing
E14.5 and E17.5 murine pancreas, including enriched endocrine populations as well as non-
endocrine cell types. Although previous studies have investigated chromatin accessibility in the
developing pancreatic epithelium through bulk ATAC-Seq of sorted populations (53,108), to our
knowledge our study represents the first to examine chromatin accessibility at true single-cell
resolution. By integrating both scRNA-Seq and snATAC-Seq data, we successfully generated a
refined list of correlated TFs that are not only expressed, but also likely binding to open regions
of chromatin to control cell fate decisions across developmental time. The analyses performed
in this study utilized separate, computationally integrated scRNA and snATAC Seq datasets; in

the future, performing multi-omic profiling of the transcriptional and chromatin states within the
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same cell may lend even greater confidence in the GRN reconstruction and identification of TFs
governing cell fate.

Here, we have constructed cell-type specific GRNs describing active TFs and their
putative target genes through the binding of cis-regulatory regions. Future work could leverage
the datasets presented here to catalog in greater depth the gene-associated CARs to identify
specific cis-regulatory elements operant in specific subtypes of cells on a gene-by-gene basis in
a manner reported in other tissues, such as the human retina (151). An advantage of our single
cell level data is that it permits identification of not only cell type-specific, but even cell subtype-
specific differences in active regulatory elements. Our analysis identified several known
regulators of endocrine cell fate, such as TFs Pdx7 and Nkx6-1 in beta cells and Arx in alpha
cells, as well as identified novel candidate TFs, such as Mixipl in beta cells and Pbx1 and Peg3
in alpha cells. Furthermore, we identified a number of potential developmental timepoint-specific
GRN TFs that may drive changes in proliferation and maturation that occur in endocrine cells as
development progresses (53,58,60). Although here our focus within the epithelial compartment
was on the endocrine lineages, our dataset also provides a rich resource for future interrogation
of gene regulatory networks controlling acinar and ductal cell fates. Identification of these
networks will inform efforts underway at generating stem cell-derived exocrine cells in vitro for
studies aimed at understanding exocrine cell physiology and modeling of diseases such as
cystic fibrosis, pancreatitis, and pancreatic cancer (152,153).

Traditional single-gene studies, along with genomic studies, have led to the identification
of numerous TFs that play a functional role in regulating pancreatic endocrine differentiation.
Although some individual TF-TF interaction pairs have been identified through these methods,
the field still lacks an understanding of how these TFs are broadly arranged in regulatory
networks across cell types and developmental stages. Our analysis permitted the creation of a
TF-TF regulatory network, identifying TFs that control cell fate decisions through the binding and

regulation of other important TFs. The assembly of these networks has identified both known

40



and novel TF-TF interacting pairs whose associations can be experimentally validated in future
studies using tools such as Chromatin Immunoprecipitation Sequencing (ChIP-Seq) for
confirmation of binding to specific DNA regions. Furthermore, CRISPR-mediated gene editing
can be used to assess the downstream consequences of loss of individual candidate TFs on
cell fate outcomes.

One transcription factor that we focused on in this work is the gene Fev. In a beta cell
line, Fev has been demonstrated to bind not only to serotonergic genes, reflective of common
transcriptional cascades that drive the differentiation of both serotonergic neurons and of beta
cells (154), but also to a conserved insulin gene regulatory element (144). To investigate
ubiquitous versus tissue-specific regions bound by Fev, we compared target peaks of Fev from
our GRN analysis to Fev ChIP-Seq data obtained from developing serotonergic neurons and
found some overlap of Fev-occupied chromatin between the two datasets. To probe
downstream targets of Fev, we assessed the intersection of target genes of Fev in our
embryonic pancreatic endocrine GRN with genes differentially expressed between Fev WT and
knockout embryonic serotonergic neurons. This analysis identified candidate genes directly
regulated by Fev in both tissue types. Generation of ChIP-Seq data from embryonic pancreas
will permit further validation of our GRN analysis in a tissue-specific manner.

In contrast to the pancreatic epithelium, the cellular composition and transcriptional
features of the pancreatic mesenchyme have been less well described. We and others have
applied scRNA-Seq to mesenchymal tissue to identify transcriptionally distinct sub-populations
(53,58) and infer lineage relationships among some of these cell subtypes (57). In addition,
functional heterogeneity among pancreatic mesenchymal cells has begun to be explored. For
instance, one study reported that expression of Pbx1 in a subset of Nkx2-5+ mesenchymal cells
defines an anatomically specialized, pro-endocrine niche (106). Which genes, including TFs,
govern the acquisition of mesenchymal subpopulation identity, however, is poorly understood.

Our work begins to investigate novel TFs regulating mesenchymal cell fate and will serve as an
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important resource for understanding mesenchymal development and function. Our dataset
identifies which gene networks should be activated in order to generate not only organ-specific
mesenchyme, but mesenchymal subtypes from pluripotent stem cell sources (154). Generation
of stem cell-derived mesenchymal subtypes would then permit their co-culture with stem cell-
derived endocrine cells in order to recapitulate in vitro the endogenous signaling events
between mesenchyme and endocrine cells during development. In addition, the CellChat
analysis presented here provides a complementary set of data by identifying candidate secreted
mediators of cell-cell signaling between mesenchymal and endocrine sub-populations.

The map of chromatin accessibility generated here not only provides deeper
understanding of fundamental mechanisms underlying genetic control of developmental
programs, but also holds relevance to the translational goals of beta cell regeneration and cell
replacement therapy. For instance, our comprehensive characterization of chromatin state
across endocrine development provides insights into the lineage plasticity observed among
endocrine cells (94), and future work can leverage information about active endocrine cell type-
specific GRNs to improve strategies for trans-differentiation of non-beta endocrine cells to the
beta cell fate. Furthermore, the generation of functionally mature beta cells from hPSCs remains
a strong focus of cell replacement therapeutic strategies for patients with diabetes, and such in
vitro protocols would benefit from an improved understanding of the dynamics in chromatin
accessibility across endocrine development in vivo. Our dataset identifies which GRNs should
be modulated in vitro to better approximate in vivo development. For instance, it will be
interesting to benchmark recently published multi-omic datasets of hPSCs undergoing
differentiation to a beta cell fate (91,155) against our multi-omic dataset generated here to

evaluate the fidelity of cells generated in vitro to their in vivo counterparts.
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2.4 Materials and Methods

Animal studies

All mouse procedures were approved by the University of California, San Francisco
(UCSF) Institutional Animal Care and Use Committee (IACUC). Mice were housed in a 12-hour
light-dark cycle in a controlled temperature climate. Noon of the day of a vaginal plug was
considered embryonic day (E)O0.5.

eFev-EYFP (ePet1-EYFP) mice were kindly donated by Dr. Evan Deneris, and have
been previously described (116,117). Mice were maintained on a C57BL/6J background.
Wildtype C57BL/6J mice used for breeding and for the whole pancreas samples were obtained
from the Jackson Laboratory. Genotyping of eFev-EYFP mice was conducted on tail DNA, with
forward primer TGCGATGGGAAGATAAGAGGGG and reverse primer

GAAGTTCACCTTGATGCCGTTC.

Histology, immunofluorescence, and imaging

E14.5 pancreata were dissected in ice cold 1x PBS, then fixed in 4% paraformaldehyde
(PFA) overnight at 4 C. After washing three times in 1x PBS, tissues were preserved in 30%
sucrose in PBS at 4 C overnight and then embedded in Optimal Cutting Temperature (O.C.T.)
compound (Tissue-Tek) and flash frozen prior to sectioning at 10 um thickness.

For immunofluorescence staining, cryosections were washed 3 times in 1x PBS,
permeabilized in 0.5% triton X-100 in PBS (PBT) for 10 minutes at room temperature (RT), and
then blocked with 5% normal donkey serum (NDS) in 0.1% PBT for 1 hour. Sections were
stained overnight at 4 C using primary antibodies against GFP (1:500, Abcam Cat. ab13970),
Chga (1:250, Abcam Cat. ab15160), or E-cadherin (1:100, BD Transduction Laboratories Cat.
610182). The next day, sections were washed three times in 1x PBS and then incubated with

species-specific Alexa 488-, 555-, or 647-conjugated secondary antibodies and DAPI in 5%
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NDS in 0.1% PBT for 1 hour at RT. Sections were washed three times in 1x PBS and covered in
Fluoromount-G mounting solution (SouthernBiotech, Cat. 0100-01).
Images were captured with an SP8 Leica confocal laser scanning microscope. Maximum

intensity Z-projections were then prepared using Image J software (156).

In situ hybridization

Multiplexed in situ hybridization/immunofluorescence was performed with RNAscope
technology using probes purchased from Advanced Cell Diagnostics, Inc. Probes against
mouse Fev (Cat. 413241), Ngn3 (Cat. 422401), Mixipl/ (Cat. 558141), Etv1 (Cat. 557891), Nhilh1
(Cat. 585751), Spp1 (Cat. 435191), and Rest (Cat. 316251) were used according to the
manufacturer’s instructions for the RNAscope multiplex fluorescent detection V2 kit (Advanced
Cell Diagnostics, Inc., Cat. 323110). 10 ym thick cryosections were brought to RT, washed with
PBS to remove O.C.T., and treated with hydrogen peroxide and proteinase lll. Tissue was
hybridized with the probe mixture for 2 hours at 40 C. Hybridization signals were amplified via
sequential hybridization of amplifier AMP1, AMP2, and AMP3 and label probes Opal 570
(1:1500, PerkinElmer, Cat. FP1488001KT), Opal 650 (1:1500, PerkinElmer, Cat.
FP1496001KT), and Opal 690 (1:1500, PerkinElmer, Cat. FP1497001KT).

Following signal amplification of the target probes, sections were incubated in 1x
blocking buffer for 1 hour at RT, followed by staining with primary antibodies against GFP
(1:500, Abcam Cat. ab13970), Epcam (1:100, BD Biosciences, Cat. 552370), Ins (1:100, Abcam
Cat. ab7842), or Geg (1:250, Cell Signaling Technology Cat. 2760S). The next day, sections
were washed three times with 1x PBS and then incubated with species-specific Alexa 488- or
Alexa 555-secondary antibodies and DAPI in 5% NDS in 0.1% PBT for 1 hour at RT. Sections
were then washed three times in 1x PBS, mounted with ProLong Gold Antifade Mountant

(Invitrogen, Cat. P36930) and stored at 4 C prior to imaging. Optical sectioning images were
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taken with a Leica confocal laser scanning SP8 microscope equipped with white light sources.

10 steps X 1 mm thickness Z-sections were captured for each imaging area.

Dissociation and sorting of murine pancreas tissue for quantitative RT-PCR

E14.5 pancreata were dissected from embryos of pregnant eFev-EYFP dams and kept
in separate wells of a 96-well plate. EYFP fluorescence was assessed under a microscope to
confirm the genotype of each pancreas. Pancreata with EYFP fluorescence (EYFP(+)) were
then pooled together and transferred to a 1.5 ml microcentrifuge tube, then dissociated into
single cells by incubating with 250 ul of TrypLE Express dissociation reagent (Gibco, Cat.
12604013)) at 37 C for 20 minutes, with pipet trituration at 5-minute intervals. Dissociation was
neutralized with FACS buffer (10% FBS + 2 mM EDTA in phenol-red free HBSS), and the
single-cell suspensions were passed through 30 um cell strainers.

Cells were stained with SYTOX Blue dead cell stain (Invitrogen, Cat. S34857) to remove
dead cells, then with a PE-conjugated antibody against mesenchymal marker CD140a (1:50;
eBioscience Cat. 12-1401-81) and an APC-conjugated antibody against epithelial marker
CD326/EpCam (1:50; eBioscience Cat. 17-5791-82) at 4 C for 30 minutes. Stained cells were
washed twice in FACS buffer and sorted using a BD FACSAria Il cell sorter (BD Biosciences).
After size selection to remove debris and doublets and sorting on SYTOX Blue negative (live)
events, cells were further subgated on CD140a(-)/CD326(+) (epithelial) cells and then on EYFP
fluorescence.

RNA was extracted from EYFP(-), EYFP-low, and EYFP-high sorted cells with the
RNeasy Mini Kit (Qiagen, Cat. 74106). Reverse transcription was performed with the
PrimeScript High Fidelity RT-PCR Kit (Takara, Cat. R022A). RT-PCR was run on a 7900HT
Fast RT-PCR instrument (Applied Biosystems) with Tagman probes for Fev (assay ID:

Mm00462220_m1, Cat. 4331182) and GAPDH (assay ID: MmM99999915_g1, Cat. 4331182) in
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triplicate. Data were normalized to GAPDH. Error bars represent standard error of the mean

(SEM).

Dissociation and sorting of murine pancreas tissue for snATAC-Seq

For the whole pancreas samples, C57BL/6J embryonic pancreata (n=10 from 3 litters for
E14.5 replicate 1 and n=16 from 3 litters for E14.5 replicate 2; n=7 from 1 litter for E17.5
replicate 1 and n=3 from 1 litter for E17.5 replicate 2) were pooled into a single 1.5 ml
microcentrifuge tube per replicate, per timepoint. Biological replicate experiments for each
timepoint were performed on different days. For the eFev-EYFP sample, E14.5 pancreata
(n=15) were dissected from embryos of two pregnant eFev-EYFP dams, and each pancreas
was kept in a separate well of a 96-well plate. EYFP fluorescence was assessed under a
microscope to confirm the genotype of each pancreas. E14.5 pancreata with EYFP
fluorescence (EYFP(+)) (n=5) were then pooled together, pancreata without EYFP fluorescence
(EYFP(-)) (n=10) were pooled together as a negative control, and each sample was transferred
to a separate 1.5 ml microcentrifuge tube.

The E14.5 whole pancreas, E17.5 whole pancreas, E14.5 EYFP(+), and E14.5 EYFP(-)
samples were dissociated into single cells by incubating with 250-350 ul per sample of TrypLE
Express dissociation reagent (Gibco, Cat. 12604013)) at 37 C for 20 minutes, with pipet
trituration at 5-minute intervals. Dissociation was neutralized with FACS buffer (10% FBS +
2mM EDTA in phenol-red free HBSS) and the single-cell suspensions were passed through
37 uym cell strainers.

All samples were stained with SYTOX Blue dead cell stain (Invitrogen, Cat. S34857) to
remove dead cells. Cells were washed twice with FACS buffer and sorted using a BD FACSAria
Il cell sorter (BD Biosciences). After size selection to remove debris and doublets, all cells were
sorted on SYTOX Blue negative (live) events, and the E14.5 EYFP(+) and EYFP(-) samples

were further sub-gated on EYFP fluorescence. Live cells from whole pancreas and live EYFP(+)
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cells from the EYFP(+) sample were collected into separate tubes containing 1x FACS buffer

and immediately subjected to extraction of nuclei as described below.

Extraction of nuclei

All buffers (e.g., 0.1x lysis buffer, lysis dilution buffer, and wash buffer) were freshly
prepared according to the 10x Genomics Demonstrated protocol (CG000212 RevC) and
maintained at 4 C. Nuclei were isolated from whole pancreas (25,000 cells for E14.5 replicate 1
and 50,000 cells for E14.5 replicate 2; 1,000,000 cells for E17.5 replicate 1 and 500,000 cells
for E17.5 replicate 2) or from Fev-high (EYFP(+)) cells (25,000 cells for E14.5) using the
demonstrated protocol. Sorted cells were added to a 2 ml microcentrifuge tube and centrifuged
at 500 rcf for 5 minutes at 4 C. All supernatant was removed without disrupting the cell pellet.
100 ul chilled 0.1x lysis buffer was then added and pipetted 5 times to fully mix the buffer with
the cells, then incubated for 3 minutes on ice to achieve full cell lysis. 1 ml chilled wash buffer
was added to the lysed cells to terminate the lysis. Lysed cells were centrifuged at 500 rcf for 5
minutes at 4 C, and supernatant was gently removed. Nuclei were resuspended in 50 ul wash
buffer, transferred to a 200 ul tube, and spun down and resuspended in 10 ul 1x Nuclei buffer
(10x Genomics, Part Number 2000153). 2 ul of the suspension was loaded onto a
hemacytometer to determine the concentration of nuclei and simultaneously assess nucleus
quality. High-quality nuclei from the whole pancreas and eFev-EYFP samples were then used

for downstream library construction and sequencing.

snATAC-seq capture, library construction, and sequencing
Input nuclei were subjected to transposition, partitioning, and library construction using
10x Genomics Chromium Next GEM Single Cell ATAC Reagent Kit v1.1 Chemistry, according

to the manufacturer’s instructions. An Agilent Fragment Analyzer was used for assessing the

47



fragment distribution of both the whole pancreas and eFev-EYFP libraries, which were run on

the Illlumina NovaSeq 6000 platform.

Clustering of murine scRNA-Seq data

For clustering of murine scRNA-Seq data for integration with our snATAC-Seq data, we
applied the clustering algorithm CellFindR (122) to our previously published scRNA-Seq dataset
of developing murine pancreas tissue (58). 10x Genomics outputs of E14.5 and E17.5
pancreata were downloaded from the Gene Expression Omnibus (GEO) (GSE101099; samples
GSM3140916, GSM3140919, GSM3140920, GSM2699157, GSM3140917, and GSM3140918),
and analyzed with Seurat v3.2.3. Seurat objects were created from each 10x output with
Read10x() and CreateSeuratObject() and filtered to retain high quality cells (nFeature_ RNA >
1250 and percent.mt < 7 for GSM3140916; nFeature_ RNA > 1500 and percent.mt < 5 for
GSM3140919 and GSM3140920; nFeature_RNA > 500 and < 3000 and percent.mt < 5 for
GSM2699157; nFeature_ RNA > 500 and < 5000 and percent.mt < 5 for GSM3140917 and
GSM3140918). The datasets were then normalized and variable features calculated with
NormalizeData() and FindVariableFeatures(), respectively. The samples were then integrated
using Seurat’s standard batch correction method (157) with SelectintegrationFeatures(),
FindIntegrationAnchors() and IntegrateData(). The integrated object was then scaled with
ScaleData() and principal component analysis (PCA) performed with RunPCA(). UMAP
dimensional reduction was calculated with RunUMARP() with dims = 1:30. Neighbors were found
in the dataset with FindNeighbors() with dims = 1:30 and clustering performed with
FindClusters(), resolution = 0.2 for E14.5 and 0.4 for E17.5. Next, broad cell types were
manually annotated based on expression of known marker genes (i.e. Col3a1 for mesenchyme)
and used for subsequent iterative sub-clustering.

For iterative subclustering with CellFindR, each broad cell type (Mesenchyme,

Mesothelium, Exocrine, and Endocrine) was subsetted individually. PCA, Neighbors and UMAP

48



were recalculated as described above (Mesenchyme: dims 1:15; Mesothelium: dims 1:15 for
E14.5 and 1:10 for E17.5; Exocrine: dims 1:10 for E14.5 and 1:15 for E17.5; and Endocrine:
dims 1:10) and the first clustering resolution calculated with find_res() from CellFindR. lterative
subclustering was then performed with sub_clustering(). Subclusters that displayed
characteristics of doublets (expressing markers of more than one broad group e.g.,
Col3a1+/Cpat+ acinar cells) or low quality (e.g. clustering based on high mitochondrial gene

content) were manually removed.

snATAC-Seq analysis

FASTQ files were generated from raw sequencing reads using the bcl2fastq function
from lllumina. BAM files and single-cell accessibility counts were generated using the
cellranger-atac count function from Cell Ranger software (version 1.0.1 for the E14.5 datasets,
version 2.1.0 for the E17.5 datasets). Reference genome used was Mus musculus assembly
mm10, annotation gencode.vM17.basic. Files processed with Cell Ranger ATAC were then
analyzed using ArchR (version 1.0.1) (121).

Unless otherwise noted, parameters and function calls were kept the same between the
E14.5 and E17.5 datasets. First, ArchR Arrow files were created with the ArrowFiles() function
with default settings. For 14.5, an ArchR project was then created using both whole pancreas
and EYFP(+) sorted cells with ArchRProject(), resulting in an initial dataset consisting of 46,453
nuclei. For E17.5, an ArchR project was created using the whole pancreas sample, resulting in
an initial dataset of 113,071 nuclei. Each project was then filtered for high quality nuclei (TSS
enrichment >= 10 and number of fragments >= 3,000) (39,845 nuclei retained in E14.5; 102,644
retained in E17.5), and doublets removed with addDoubletScores() and filterDoublets() (35,823
nuclei retained in E14.5; 94,175 retained in E17.5). Next, iterative LS| was performed on both
E14.5 and E17.5 datasets with the addlterativeLSI() function, with clustering parameters of

resolution = 0.2, sampleCells = 10,000, n.start = 10, varFeatures = 25000. Clustering was
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performed with addClusters() with resolution = 0.1 and method = “Seurat”’. UMAP dimensional
reduction was performed with addUMAP(), with minDist = 0.5. Clusters were manually
annotated based on the Gene Score of known marker genes with addimputeWeights() and then
visualized by UMAP. For E14.5, cluster 9 was removed as no discernable markers for the
known pancreatic cell types were detected, resulting in a final dataset consisting of 33,206 total
cells with a median number of 14,756 fragments per cell and a median TSS enrichment score of
14.914. For E17.5, each Broad Group was subsetted and re-clustered at higher resolution in
order to separate out potential doublet clusters or empty droplets that were not removed with
the doublet filtering detailed above. Doublet/empty droplet clusters were removed from the
Mesenchymal, Epithelial and Endothelial Broad Groups, resulting in a final dataset consisting of
78,669 nuclei with a median number of 15,965 fragments per cell and a median TSS enrichment
score of 21.037.

For epithelial analysis, epithelial (exocrine and endocrine) nuclei were subsetted based
on accessibility of known marker genes (Cpa1, Spp1, Chga). lterative LS| was recalculated with
iterations = 4 for E14.5 and = 2 for E17.5, resolutions = 0.1, 0.2, 0.4, and 0.5 for E14.5 and =
0.5 for E17.5, sampleCells = 5,000 for E14.5 and 10,000 for E17.5, n.start = 10, and
varFeatures = 15000 for E14.5 and 25,000 for E17.5. Clustering was performed with resolution
= 0.9 for E14.5 and = 1.2 for E17.5, and UMAP recalculated with minDist = 0.5. Clustered
epithelial cells from the scRNA-Seq data described above were used for unconstrained
integration with addGenelntegrationMatrix(). Chromatin accessibility peaks were then called
with Macs2 via ArchR with addGroupCoverages(), addReproduciblePeakSet() and
addPeakMatrix(). Marker peaks within the epithelial compartment were calculated with
getMarkerFeatures() using the “PeakMatrix”. For motif analysis within marker peaks, motif
annotations were added with addMotifAnnotations() with the “cisbp” motif set and then
calculated with peakAnnoEnrichment(). ChromVAR (124) analysis was performed with

addBgdPeaks() and addDeviationsMatrix(). Correlated transcription factors were correlated
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between the “GenelntegrationMatrix” (RNA expression from the unconstrained integration) and
“MotifMatrix” (ChromVAR motif deviations) with correlateMatrices(), keeping TFs with a
correlation > 0.5, padj < 0.01 and max delta greater than 0.5 of the upper quartile.

For pseudotime lineage calculations, we manually imputed the cell states for each cell
lineage (Alpha and Beta for E14.5; Alpha, Beta and Delta for E17.5) and computed the
pseudotime values with addTrajectory().

To compare peaks across the E14.5 whole pancreas and EYFP(+) sorted samples, we
first subsetted the epithelial dataset to retain all cell types that had sufficient cell numbers to call
peaks after being split by sample. This included the following clusters: Neurog3(+),
Fev(+)/Chgb(+), Pdx1(+)/Mafb(+), Alpha, and Beta cells. We then split this subsetted dataset
according to the sample from which they were derived and then re-called peaks with
addGroupCoverages(), addReproduciblePeakSet() and addPeakMatrix(). We extracted these
peaks with getPeakset() for each sample and assessed overlap with findOverlaps() from the R

package IRanges (https://github.com/Bioconductor/IRanges).

For mesenchymal and mesothelial analysis in the E14.5 datasets, nuclei were subsetted
based on accessibility of known marker genes (Col3a1, Wt1). Iterative LS| was recalculated with
iterations = 2, resolution = 0.5, sampleCells = 10,000, n.start = 10, and varFeatures = 25000.
Clustering was performed with resolution = 0.3, and UMAP recalculated with minDist = 1.5.
Clustered mesenchymal and mesothelial cells from the scRNA-Seq data described above were
used for unconstrained integration. Peak calling, marker peak identification, motif analysis,

ChromVAR analysis and transcription factor correlation were performed as described above.

Gene regulatory network analysis
Gene regulatory networks (GRNs) were constructed as described by Lyu et al., 2021
(113) (https://github.com/Pinlyu3/IReNA-v2). Candidate cluster-enriched genes were calculated

with the scRNA-Seq dataset of epithelial or mesenchymal cells with Seurat’s FindAllMarkers()
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with min.pct = 0.1 and logfc.threshold = 0.25. DEGs were retained with an average logFC > 0
and padj < 0.01. DEGs were then mapped to specific cell types with the IReNA v2 function
Process_DEGs_to_Celltypes().

Peak-to-gene linkage was performed with ArchRs addPeak2GeneLinks() function for
both epithelium and mesenchyme using the “GenelntegrationMatrix” (integrated RNA Seq
counts). Peak-to-gene links were then extracted with the IReNA v2 function Get_p2g_fun().

To identify potential cis-regulatory elements for each candidate gene, called correlated
accessible regions (CARs), we separated the peak-to-gene links into three categories: TSS
(when the peak lies within the transcription start site (TSS) for the gene), gene body (when the
distance between peak and TSS is less than 100kb, and the peak-to-gene score calculated
above is significant), or distal (when the peak is 100kb upstream or downstream of the TSS of
correlated gene, and the peak-to-gene score is significant). These peak-to-gene links were then
filtered to only include genes in the DEG list calculated above with Selection_peaks_to_one().

Next, we predicted the cell-type specific transcription factors binding in these CARs. We
first took the snATAC fragments for each dataset (whole pancreas and Fev-high) and then
extracted the fragments for each cell type. We converted these fragment lists to .BAM files and
corrected the Tn5 insertion bias with TOBIAS (158) ATACorrect with default parameters except
--read_shift 0 0. We then converted the TOBIAS output bigwig files to GRanges with the IReNA
v2 function Check_normalized_Signal(). Next, we calculated TF binding motifs in our peaks with
motifmatcher (https://github.com/GreenleafLab/motifmatchr), filtering calculated TFs out from
the motif analysis if they were not enriched in each cell type by the DEG analysis. Next, we
calculated the NC (average bias-corrected Tn5 signal in the center of the motif), NL and NR
(average bias-corrected Tn5 signal in the left and right flanking regions of the motif) scores with
Calculate_footprint_celltypes() and filtered TFs with a score of NC <-0.1 and NL > 0.1 and NR

>0.1.
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Next, we used MAGIC (Mining Algorithm for Genetlc Controllers) (159) to compute
correlation between TF and target gene gene expression. We retained the top and bottom 2.5%
of correlations for our downstream analysis.

Lastly, we constructed the cell-type specific GRNs. We combined the peak-target links
from our third step with the cell-type specific TF-peak links from our fourth step with
Reg_one_cells_RPC_MG(). We then classified these interactions as either activating or
repressing with our TF-target gene interactions calculated above with
Add_Cor_to_GRN_network_and_Filter(). We then identified feedback TF-TF pairs in our

constructed GRN with FoundFeedBackPairs_new() and Process_the Feedback_res().

Confirmation of Fev GRN peaks and targets

Peaks from Fev ChlP-Seq data detected in E12.5-E15.5 hindbrain were obtained from
GEO (accession number GSE74315), from the supplementary file labeled “GSE74315_mycPet-
1_ChIP_peaks.mm10.bed.gz.” Fev-occupied CARs from the Fev(+)/Chgb(+) GRN were taken
written in .bed format. These peaks were then intersected using the bedtools software

(https://github.com/arg5x/bedtools2) with default settings. Differentially expressed genes

between Fev wildtype and knockout E15.5 hindbrains were downloaded from GEO (accession
number GSE74315) under the supplementary file labeled “GSE74315_WT_vs_Pet1KO_5-

HT_neuron_E15.5C_Clontech_cuffdiff.txt.gz.”

Data Availability
Raw and processed data for the single-nucleus ATAC-Sequencing analyses reported in this
manuscript have been deposited to the GEO database under accession number GSE210569.

The authors declare that all data supporting the findings of this study are available within the
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article and its supplementary information files, or from the corresponding author upon

reasonable request.
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Figure 2.1: Single-nucleus ATAC-Seq of developing murine pancreas.

(A) Multiplexed immunofluorescence and in situ hybridization staining of E14.5 pancreas from
eFev-EYFP transgenic mouse embryos. Neurog3 transcript is shown in red and marks early
endocrine progenitors (EPs), Fev transcript is shown in cyan and marks intermediate EPs, and
EYFP protein is shown in green. DAPI marks nuclei in white. Five selected regions of interest
(ROls) are outlined by dashed white rectangles on the merged image and shown at higher
magnification to the right. These ROIs highlight examples of cells that are 1) Ngn3(+)/Fev(-
YEYFP(-); 2) Ngn3(+)/Fev(+)/EYFP(-); 3) Ngn3(-)/Fev(+)/EYFP(-); 4) Ngn3(-)/Fev(+)/EYFP(+);
and 5) Ngn3(-)/Fev(-)JEYFP(+). Scale bar is 20 um. (B) Model of Fev and EYFP expression in
EPs undergoing differentiation to a hormone-producing, Chromogranin A (Chga)-expressing
state in eFev-EYFP reporter mice. Each circle represents a cell state across endocrine
differentiation. (C) Overview of experimental approach for generating single-nucleus ATAC-Seq
(snATAC-Seq) data. To enrich for Fev-high EPs, E14.5 eFev-EYFP murine pancreas was
dissociated, and the resulting single cell suspension was subjected to FACS to enrich for
EYFP(+) epithelial cells (“EYFP+ Cells”). In parallel, E14.5 pancreata from control (C57BL/6J)
embryos were dissociated and subjected to FACS to isolate all live cells (“Whole Pancreas”) to
profile a broad spectrum of cell types, including non-epithelial cells. After subjecting samples to
snATAC-Seq, data were then integrated with previously-published single-cell RNA-Sequencing
(scRNA-Seq) datasets of E14.5 murine pancreas previously published by our laboratory (58).
(D) Uniform Manifold Approximation and Projection (UMAP) visualization of merged snATAC-
Seq datasets from both Whole Pancreas (biological replicates 1 and 2) and EYFP(+) samples,
comprising a total of 33,206 nuclei. Each dot represents a single cell, and each cell is colored
according to cell type. Contribution of each sample (Whole Pancreas and eFev-EYFP(+)) to the
total dataset is depicted in the inset, with the eFev-EYFP(+) sample contributing only to the
endocrine cluster, as expected. (E) Feature plots depicting the Gene Scores (accessibility of the
gene promoter plus the gene body) for some of the marker genes used to annotate the cell
types in panel D. Inset for Sox10 shows Sox10-expressing neuronal cells at higher
magnification.
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Figure 2.2: Strategy for enrichment of Fev-expressing pancreatic endocrine progenitors.

(A) Immunofluorescence staining of E14.5 pancreas from eFev-EYFP transgenic mouse
embryos. In the left panel, Chga marks differentiated endocrine cells in red, and green reflects
EYFP expression. Nuclei are stained with DAPI in white. In the right panel, E-cadherin marks
the cell membranes of pancreatic epithelial cells in white, and green reflects EYFP expression.
Nuclei are stained with DAPI in blue. Scale bars iare 20 ym (left panels) and 60 ym (right
panels). (B) FACS plots depicting the gating strategy used to assess EYFP expression in eFev-
EYFP(+) embryos. Cells were dissociated from E14.5 pancreata and stained with antibodies
against EpCAM (an epithelial marker also known as CD326) and CD140a (a mesenchymal
marker also known as PDGFRa). Two populations were sorted: EpCAM(+)/CD140a(-) epithelial
cells (gate 1) and EpCAM(-) non-epithelial cells, which comprise both a CD140a(+)
mesenchymal and CD140a(-) population (collectively captured by gate 2). Flow analysis of
EYFP expression revealed both an EYFP high and an EYFP low population within the
EpCAM(+)/CD140a(-) epithelial population, and an absence of EYFP expression in EpCAM(-)
non-epithelial cells. (C) Quantitative RT-PCR (Tagman) analysis of sorted EYFP(-), EYFP-low,
and EYFP-high cells confirmed that EYFP efficiently reflected Fev expression in the embryonic
pancreas, with no Fev expression detected in EYFP(-) cells. Somewhat higher expression of
Fev was detected in the EYFP-low vs. -high population. (D) FACS plot depicting the gating
strategy used for isolating Fev-High (EYFP-low) cells for single nucleus ATAC-Seq (snATAC-
Seq).
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Figure 2.3: Integration of single-cell transcriptional and chromatin accessibility data
identifies epithelial heterogeneity in the developing murine pancreas.

(A) UMAP plots enabling visualization of scRNA-Seq (left) and snATAC-Seq (right) data for all
epithelial cells in the E14.5 pancreas. Numbers of cells or nuclei are depicted on the right, along
with cell type annotations. The scRNA-Seq dataset was previously published by our group (58).
(B) Bar graph depicting the proportion of all each cell type as a fraction of all epithelial cells in
the scRNA-Seq and snATAC-Seq datasets. Colors match the cell types in (A). (C) Feature plots
showing chromatin accessibility (Gene Score; left) or Gene Expression (right) of genes that
mark each epithelial cell type. Cpa1, Spp1, Chga, Neurog3, Fev, Ins1, Gcg, Sst, and Ghrl mark
acinar, ductal, pan-differentiated endocrine, early endocrine progenitor (EP), intermediate EP,
beta, alpha, delta, and epsilon cells, respectively. (D) Heatmaps depicting genes that are
differentially accessible (gene score; top heatmap; 1,066 genes) or differentially expressed
(gene integration matrix; bottom heatmap; 4,567 genes) across the epithelial clusters. Genes
listed were selected from the set of genes determined to be differentially expressed among
scRNA-Seq clusters in panel (A).
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Figure 2.4: Confirmation of cell type assignments.

(A) Ridge plots depicting scores from the integration of scRNA-Seq and snATAC-Seq data for
each cell type identified in Figure 2.3a. A higher integration score indicates higher confidence in
the assignment of cell identity. (B) UMAP visualization of snATAC-Seq clustering of the
epithelial compartment, here without integration with scRNA-Seq data. All clusters in Figure
2.3a are present even when clustered based on chromatin accessibility alone. (C) Track plots of
cell type-specific marker genes. Each row indicates a cell type, and each column is a marker
gene. The x-axis represents position along the chromosome, which is labeled at the top of each
plot. The y-axis represents normalized ATAC signal aggregated across all cells within a
population. Regions identified as peaks are depicted as bars above the gene body. (D) Venn
diagram showing overlap of peaks called in a subset of endocrine cells (Neurog3(+),
Fev(+)/Chgb(+), Pdx1(+)/Mafb(+), Alpha, and Beta cells) in the EYFP(+) sample and the whole
pancreas samples (replicates 1 and 2).
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Figure 2.5: Identification of candidate correlated transcription factors governing
pancreatic epithelial cell fate.

(A) Heatmaps depicting enriched marker peaks (left; n = 63,097) and transcription factor (TF)
motifs enriched in marker peaks (right; n = 404) for each epithelial cell type. (B) Dot plot shows
so-called “correlated” TFs (those with high correlation between motif deviation score and gene
expression) in all epithelial cells. (C) Heatmaps revealing cell type-specific motif deviation
scores (top) and gene expression values (bottom) of positive TFs identified in (B). (D) Feature
plots displaying motif deviation (top) and gene expression (bottom) of selected positively
correlated TFs at single-cell resolution. (E) Pseudotemporal ordering of epithelial cells along the
Alpha and Beta lineages based on chromatin accessibility. (F) Heatmaps depicting positively
correlated TFs across pseudotime (from left to right) for the Alpha lineage (left heatmaps; n = 34
correlated TFs) and Beta lineage (right heatmaps; n = 27 correlated TFs).
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Figure 2.6: Mapping the gene regulatory networks active in the Alpha and Beta cell
populations.

(A) Cell populations used as input for IReNA. Arrows denote known lineage relationships. (B)
Schematic depicting application of the Integrated Regulatory Network Analysis (IReNA) v2
pipeline to identify gene regulatory networks (GRNs) within specific cell types. The GRN refers
to active, cell type-specific transcription factors (TFs) and their target genes. (C) Bar graph
indicating the number of downstream target genes for TFs enriched in the Beta cell type.
Activating (red bars) and repressing (blue bars) refers to positive or negative correlation
between gene expression levels of the TF and the target gene. (D-E) Bar graphs showing the
top 10 TFs with the highest number of activating (D) or repressing (E) regulations of target
genes enriched in the Beta cell type. (F-G) Bar graphs showing the top 10 TFs with the highest
number of activating (F) or repressing (G) regulations of target genes enriched in the Alpha cell
type. (H) Venn diagram depicting the overlap between Alpha and Beta GRN TFs. (I) Bar graph
depicting top most significantly (p-value < 0.01) enriched pathways of genes activated (red bars)
or repressed (blue bars) by the TF Etv1 in the Alpha cell GRN. (J) Network diagram
representing regulations between Etv1 and interacting TFs. Each TF is represented by a circle
(node) that is colored by the cell type in which that TF is active in the GRN. Activating
regulations are depicted by red lines, while repressing are depicted by blue lines.
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Figure 2.7: Gene regulatory network map of the developing pancreatic epithelium.

(A) Diagram depicting the IReNA v2 pipeline. (B) Heatmap showing the top differentially
expressed genes (DEGs) used as input for GRN construction. Each column represents the
average expression of a given DEG within each of the epithelial cell populations shown in
Figure 2.3a. (C) Heatmaps showing ATAC accessibility (left) and RNA expression (right) of
identified peak-to-gene (P2G) links used as input for GRN construction. Columns represent
single cells and rows represent accessible peaks (left) and their correlated genes (right). (D) Bar
graph cataloging correlated accessible regions (CARs), broken down according to CAR type, for
each cell population. The three CAR types include those that lie within the transcription start site
(TSS) of a gene (gray), as well as those that are positively (red) or negatively (blue) correlated
with their linked gene. (E) Histogram showing the number of TFs in the GRN of each of the
epithelial cell types. (F) Bar graph representing the proportion of all TF-gene interactions that
are activating vs. repressing. (G) Bidirectional network diagram depicting all TF-TF interactions
among all cell types shown in Figure 2.3a. TFs are denoted by each node, which is colored by
the cell type in which the TF is active in the GRN. Activating regulations are depicted by red
lines, while repressing are depicted by blue lines.
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Figure 2.8: Confirmation in vivo of cell type specific GRN TF expression in the
developing pancreas.

(A) Bar graph indicating the number of downstream target genes for TFs enriched in the Alpha
cell type. Activating (red bars) and repressing (blue bars) refers to positive or negative
correlation between gene expression levels of the TF and the target gene. (B-C) Multiplexed
immunofluorescence and in situ hybridization staining of WT E14.5 pancreas tissue. (B) Ins-
expressing Beta cells are shown in magenta, and Gcg-expressing Alpha Cells are shown in
white. Mixipl transcript expression is shown in green. DAPI marks nuclei in blue. Expression of
Mixipl across all epithelial cells, as measured by scRNA-Seq, is depicted in the feature plot to
the right. Cluster annotation is shown in Figure 2.3a. (C) Alpha cells expressing Gcg protein are
shown in yellow. Etv1 transcript expression is shown in green, and Fev-expressing progenitor
cells are shown in magenta. DAPI marks nuclei in blue and Epcam marks epithelial cells in
white. Expression of Etv1 as measured by scRNA-Seq is depicted in the feature plot to the right.
All scale bars are 20 ym.
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Figure 2.9: Mapping the gene regulatory networks active in the Fev-expressing
pancreatic endocrine population.

(A) Cartoon depicting the number of activating (red) and repressing (blue) regulations between
transcription factors (TFs) in Ductal, Spp1(+)/Neurog3(+), and Neurog3(+) populations, with
representative TFs indicated. (B-C) Bar graphs depicting the top 10 TFs in the Ductal GRN with
the highest number of activating (B) or repressing (C) regulations of target genes that are
enriched in the Spp1(+)/Neurog3(+) and Neurog3(+) cell types. (D) Bar graph depicting the
number of TF regulations of target genes enriched in the Fev(+)/Chgb(+) cell type. Activating
(red bars) and repressing (blue bars) refers to positive or negative correlation, respectively, of
gene expression between the TF and target gene. (E-F) Bar graphs depicting the top 10
transcription factors with the highest number of activating (E) or repressing (F) interactions of
target genes enriched in the Fev(+)/Chgb(+) cell type. (G) Network diagram depicting all TF-TF
regulations between TFs enriched in the Fev(+)/Chgb(+) GRN and all other GRNs. TFs are
denoted by each node, which is colored by the cell type in which the TF is found. Each
activating regulation is depicted by a red line, while each repressing regulation is depicted by a
blue line. (H) Bar graph depicting top significant (p-value < 0.01) pathways of genes activated
(red bars) or repressed (blue bars) by Fev in the GRN analysis. (I) Network diagram depicting
the TFs activated (red lines) by Fev in the GRN analysis. Each node (TF) is colored according
to the cell type in which it is expressed.
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Figure 2.10: Gene regulatory networks active in the endocrine progenitor populations.

(A-B) Multiplexed immunofluorescence and in situ hybridization staining of WT E14.5 pancreas
tissue. (A) Endocrine progenitors expressing Ngn3 transcript are shown in magenta. Nhih1
transcript expression is shown in green, and epithelial cells are marked by Epcam in white.
DAPI marks nuclei in blue. Expression of Nhlh1 across epithelial cells, as assessed by scRNA-
Seq, is depicted in the feature plot to the right. Cluster annotation is shown in Figure 2.3a. (B)
Ductal cells expressing Spp1 transcript are shown in magenta. Rest transcript expression is
shown in green, and epithelial cells are marked by Epcam in white. DAPI marks nuclei in blue.
Expression of Rest across epithelial cells, as assessed by scRNA-Seq, is depicted in the feature
plot below. Scale bars in (A) and (B) are 20 um. (C) Network diagram depicting the TFs
activated (red lines) or repressed (blue lines) among Ductal (green), Spp1(+)/Neurog3(+) (pink),
and Neurog3(+) (blue) cell types. Nodes represent TFs and are grouped and colored according
to the cell type in which they are active. The directionality of regulations is modeled in the
diagram at the bottom. (D) Venn diagram depicting TFs that are shared vs. unique within the
GRN constructed from all four EP populations. (E-G) Bar graphs depicting the top 10 TFs within
the Fev(+)/Chgb(+) GRN with the highest number of activating regulations of target genes
enriched in the (E) Pdx1(+)/Mafb(+) (F) Alpha or (G) Beta cell types.
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Figure 2.11: Confirmation of Fev GRN targets.

(A) Venn diagram of intersected peaks from GRN targets of Fev in the pancreatic

Fev(+)/Chgb(+) population and Fev ChlP-Seq data from E12.5 to E15.5 mouse hindbrains (35).

(B) Track plot displaying accessibility of the Mef2a locus in Fev(+)/Chgb(+) cells. Fev GRN and
Fev ChIP-Seq peaks are highlighted. Overlap of peak sets is denoted by the red box. (C) Venn
diagram showing intersection of Fev targets and significantly differentially expressed genes in
wildtype (WT) and Fev knockout (KO) E15.5 mouse hindbrains (117).
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Figure 2.12: Chromatin accessibility and gene regulatory network in the developing
pancreatic mesenchyme.

(A) UMAP plots enable visualization of scRNA-Seq (left) and snATAC-Seq (right) data for all
mesenchymal cells in the E14.5 pancreas. Numbers of cells/nuclei are depicted on the right,
along with cell type annotations. The scRNA-Seq dataset is from our previously published work
(58). (B) Bar graph depicts the proportion of each cell type in the scRNA-Seq and snATAC-Seq
datasets. Colors match the cell types in (A). (C) Dot plot showing correlated transcription factors
(as determined by correlation between motif deviation score and gene expression) in
mesenchymal and mesothelial cells. (D) Heatmaps reveal cell type-specific motif deviation
scores (top) and gene expression values (bottom) of positive transcription factors identified in
(C). (E, F) Bar graph depicting the top TFs activating (E) and repressing (F) genes enriched in
the mesothelial population. (G) Bar graph depicting top significant (p-value < 0.01) pathways of
genes activated (red bars) or repressed (blue bars) by mesothelial cells in the GRN analysis.
VSM, vascular smooth muscle.
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Figure 2.13: Gene regulatory network in the developing pancreatic mesenchyme.

(A) UMAP visualization of snATAC-Seq clustering of mesenchymal cells, here without
integration with scRNA-Seq data. All clusters in Figure 2.12a are present even when clustered
based on chromatin accessibility alone. (B) CellChat analysis depicting cell-cell communication
between mesenchyme and epithelium at E14.5. Heatmaps depict outgoing signals derived from
mesenchymal cells (left) and incoming signals to epithelial cells (right). Cell populations are
represented across columns, and signaling factors are represented across rows. (C) Bar graph
depicting the proportion of all TF-gene interactions that are activating (red) vs. repressing (blue).
(D) Histogram showing the total number of GRN TFs identified within each cell population. (E)
Network diagram showing all TF-TF interactions among all cell types shown in Figure 2.12a.
Each TF is denoted by a node, which is colored by the cell type in which the TF is active.
Activating regulations are depicted by red lines, while repressing are depicted by blue lines. (F)
UpSet plot depicting shared and exclusive Mesenchymal TFs within the GRN. Numbers above
each bar designate the number of TFs within that set. VSM, vascular smooth muscle.
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Figure 2.14: Mapping the gene regulatory networks of pancreatic epithelium across
developmental time.

(A) UMAP plots enable visualization of scRNA-Seq (left) and snATAC-Seq (right) data for all
epithelial cells in the E17.5 mouse pancreas. Numbers of cells or nuclei are depicted to the
right, along with cell type annotations. The scATAC-Seq dataset is comprised of two
independent biological replicates (n = 7 pancreata from 1 litter for replicate 1; n = 3 pancreata
from 1 litter for replicate 2) of whole pancreas. Contribution of each sample (replicate 1 and
replicate 2) to the merged dataset is depicted in the inset. The scRNA-Seq dataset is from our
previously published work (58). (B) Bar graph depicts the proportion of each cell type within the
scRNA-Seq and snATAC-Seq datasets. Colors match the cell types in (A). (C) Heatmaps
depicting positively correlated TFs across pseudotime (from left to right) for the Delta lineage
(Ductal to Spp1(+)/Neurog3(+), to Neurog3(+), to Fev(+)/Chgb(+), to Delta). (D) Venn diagram
depicting the overlap in TFs among Alpha, Beta, and Delta GRNs. (E-F) Bar graphs showing the
top 10 TFs with the highest number of activating (E) or repressing (F) regulations of target
genes enriched in the Delta cell type. (G) Venn diagram depicting both the common and the
timepoint-specific activated target genes of Fev in the E14.5 and E17.5 Fev(+)/Chgb(+) GRNs.
Selected TFs within each group are listed in the boxes at the bottom. (H) Bar graph depicting
pathways significantly (p-value < 0.01) enriched among target genes activated by Fev that are
unique to the E17.5 Fev(+)/Chgb(+) GRN. (I) Network diagram representing regulations
between Fev and interacting TFs. Each TF is represented by a circle (node) that is colored by
the cell type in which that TF is active in the GRN. Activating regulations are depicted by red
lines, while repressing are depicted by blue lines.
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Figure 2.15: Gene regulatory analysis of the developing E17.5 pancreatic epithelium.

(A) Uniform Manifold Approximation and Projection (UMAP) visualization of merged E17.5
snATAC-Seq dataset, comprising a total of 78,669 nuclei. Contribution of each sample (whole
pancreas replicates 1 and 2) to the merged dataset is depicted in the inset. (B) Feature plots
depicting the Gene Scores (accessibility of the gene promoter plus the gene body) for a subset
of the marker genes used to annotate the cell types in panel A. (C-D) Heatmaps depicting
positively correlated TFs across pseudotime (from left to right) for the Alpha lineage (C) and
Beta lineage (D). (E) Histogram showing the total number of TFs identified within each cell
population in the E17.5 GRN. (F) Bar graph representing the proportion of all TF-gene
interactions that are activating (red bars) vs. repressing (blue bars). (G-H) Venn diagrams
depicting the overlap and exclusivity of TFs in the E14.5 and E17.5 (G) Alpha and (H) Beta
GRNSs.
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Chapter 3: Single-cell multi-omic roadmap of human fetal pancreas development
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3.1 Introduction

Diabetes mellitus is one of the most common endocrine disorders worldwide, affecting
hundreds of millions of individuals across the globe (160). Type 1 diabetes (T1D) is a disease of
the endocrine pancreas characterized by immune-mediated destruction of insulin-producing
beta cells. Beta cell replacement therapy holds great promise for eliminating the need for
exogenous insulin delivery and effectively curing the disease (161,162). Several protocols have
been devised to generate insulin-secreting beta-like cells from human pluripotent stem cells
(hPSCs) using stepwise differentiation platforms that aim to mimic endogenous development by
recapitulating key cell stages through the carefully timed addition and withdrawal of defined
combinations of signaling factors (22—-25,163,164). These protocols suffer, however, from the
production of non-endocrine cell types and a failure to match the transcriptional profiles and
glucose responsiveness of primary adult human islets. This may be due to a relative lack of
understanding about human endocrine development in vivo, as current protocols are based on
knowledge of rodent development and may therefore be missing key regulatory pathways and
lineage steps unique to human development. Indeed, multiple studies have identified
discrepancies between mouse and human pancreatic islets, including structural (165),
transcriptomic (166), and metabolic (167) differences. Therefore, gaining a deeper
understanding of human endocrine development is crucial for continued progress towards
generating in vitro-derived beta-like cells that recapitulate endogenous function.

In mice, all pancreatic epithelial cell types, including both exocrine and endocrine, are
generated from a domain of the gut tube that begins to express the transcription factor Pdx1
around embryonic day (E) 8.5 (93). The initial pancreatic bud then branches extensively,
forming the tip and trunk regions of the finger-like projections that comprise the ductal
epithelium as it expands and begins regional specification (168). The hormone-expressing

endocrine cells, including insulin-producing beta cells, derive from endocrine progenitor (EP)
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cells that activate the expression of the transcription factor Neurog3 in a subset of ductal trunk
cells (29,169). During human development, NEUROG3 is also a presumed marker of EP cells
(169). The expression of NEUROG3 in humans begins as early as 8 weeks post conception (w),
peaks at 10-12 w, and then gradually decreases to very low levels by 35 w (169). While in
murine pancreatic development the expression of Neurog3 in EPs occurs in two distinct waves,
in human development it has been reported to occur in a single wave, further highlighting
differences between human and rodent pancreas development (35,76).

Heterotypic interactions between epithelial and non-epithelial cells are broadly important
for mammalian development, including in the pancreas, where they regulate expansion of
pancreatic epithelial progenitors as well as their subsequent differentiation (103—105,170). In
particular, islet development depends on complex interactions between endocrine cells and
multiple other cell types, including neurons and endothelial cells (170-172). To fully understand
human endocrine pancreas development in vivo and then successfully mimic the process in
vitro will require a comprehensive catalog of not only the endocrine cells, but also the non-
epithelial pancreatic cell types, as well as signaling pathways through which they act.

Murine single-cell RNA-Sequencing (scRNA-Seq) studies performed by our laboratory
and others have uncovered EP subtypes downstream of the Neurog3-expressing population,
and some have cataloged the cell heterogeneity within other non-endocrine compartments as

1>°-27 Single-cell studies of human pancreas have begun to reveal heterogeneity of human

wel
endocrine cells. For instance, scRNA-Seq has been applied to cells generated by beta cell
differentiation protocols in vitro and to adult human islets, where previously unappreciated levels
of cellular heterogeneity were described (23,166,173-178). A study of human pancreas tissue
at 9 w used single-cell gPCR on a small number of sorted cells to detect the expression of 96
prospectively defined developmental genes and described a putative EP population as well as

an early differentiated endocrine cell population (179). More recently, a paper focusing on early

pancreatic epithelial progenitors reported potential pathways that may be broadly mediating
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interactions between mesenchymal and epithelial cells; however, the number of endocrine cells
investigated was limited (178). Work focusing on human fetal endocrinogenesis identified
putative EP cell states in silico, although these states remain to be confirmed in vivo and there
was no investigation of how endocrine cells interact with other cell types in the developing
pancreas (177). Thus, a comprehensive characterization of the full panoply of both epithelial
and non-epithelial cell types in the developing human pancreas is still lacking. Importantly, the
field also still lacks an understanding at the single-cell level of how cell composition and lineage
trajectories of in vitro stem cell-derived beta cells compare to those of endogenous developing
human cells.

In the quest to characterize the relevant cell states of endocrine differentiation in vivo
that need to be recapitulated in vitro for cell replacement therapy approaches, the field also
lacks an understanding of the epigenetic mechanisms by which those endocrine cell states are
established and maintained. A study investigating in vitro generation of pancreatic progenitors
identified heterogeneity in global chromatin accessibility depending on which in vitro
differentiation protocol was used, highlighting the need for an in vivo comparator against which
epigenetic data from in vitro differentiation platforms can be benchmarked (180). Recent studies
using single-nucleus Assay for Transposase-Accessible Chromatin with Sequencing (snATAC-
Seq) have provided evidence of distinct epigenetic states across endocrine subclusters in the
adult islet (181). These studies also localized type 1 and type 2 diabetes-associated genetic risk
variants to regions of accessible chromatin in adult islet cells and predicted their regulatory
function by interpreting their co-accessibility with target genes (181-183). Although a large
number of diabetes genetic risk variants have been discovered in Genome-Wide Association
Studies (GWAS) (184-186), it is not clear which are operant during development, thereby
exhibiting regulatory functions in a cell-specific and/or developmental stage-specific manner.

In this study, we utilize large-scale scRNA-Seq to generate a comprehensive atlas of

human fetal pancreas tissue ranging from 8 to 20 w. We describe previously unappreciated
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levels of cell heterogeneity within the endothelial, mesenchymal, exocrine, neuronal, immune,
and endocrine lineages of the human pancreas and identify putative signaling pathways active
among these lineages. Within the endocrine lineage, we identify four novel progenitor cell types,
confirm their existence in independent tissue samples, and reconstruct their lineage trajectories
in silico. By performing snATAC-Seq analysis on 12 w human fetal pancreatic tissue and
performing a multi-omic analysis integrating snATAC-Seq and scRNA-Seq data, we provide
novel insights into regulatory landscapes of single cells in the developing human endocrine
pancreas. We also leverage the snATAC-Seq data to identify a potential developmental-specific
role of multiple diabetes GWAS risk alleles. In addition, we compare the molecular profiles and
cellular trajectories of endogenous human fetal pancreatic endocrine cells to those generated in
vitro from human stem cells. Through genome editing of hPSCs, we identify the transcription
factor FEV as a regulator of human endocrine differentiation. This study will serve broadly as a
resource for the field of pancreatic development and will also provide the foundation for future
improvements in therapeutic strategies for generating replacement beta cells that more closely

resemble their in vivo counterparts both in identity and function.

3.2 Results

3.2.1 Interrogating the developing human pancreas at single-cell resolution

To characterize the cellular heterogeneity within the human fetal pancreas, we
performed droplet-based scRNA-Seq on eight independent biological samples ranging from 8 to
20 w, a window of human pancreatic development encompassing specification of endocrine
progenitors (EPs), differentiation into hormone-producing cell types, and islet morphogenesis
(76). Each tissue sample was dissociated and subjected to red blood cell lysis to deplete
erythrocytes. Resulting single-cell suspensions were then used directly (“Total Pancreas”) or

subjected to magnetic bead-based selection to either enrich for EPCAM+ cells (“Epithelial(+)”)
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or deplete CD45+ cells (“Immune(-)”), and then prepared for sequencing using the 10x
Chromium Single-Cell Gene Expression v3 platform (Figure 3.1a, Supplemental file 3.1).
Following sequencing and quality control processing (Methods), the resulting data were
computationally merged into a final dataset consisting of 114,873 cells, each of which was then
classified as belonging to a “Broad Group" based on the expression of established marker
genes: Mesenchymal (COL3A17), Immune (RAC2), Exocrine (CPA1), Endothelial (PECAM1),
Neuronal (SOX170), Endocrine (CHGA), and Proliferating (TOP2A) (Figure 3.1b). Individual
biological samples showed varying degrees of contribution to all Broad Groups, with
experimental enrichment or depletion affecting the overall contribution as expected. For
instance, samples subjected to positive selection for epithelial cells showed enrichment of
endocrine and exocrine populations and relatively fewer cells classified as mesenchymal,
immune, or endothelial (Figure 3.2a,b). Importantly, we observed high concordance of technical
and biological replicates based on Pearson correlation of Epithelial cells (Figure 3.2c).

To further investigate the cellular heterogeneity within each Broad Group, we next
applied the clustering algorithm CellFindR (122,187) to our dataset (see Methods). CellFindR
iteratively increases Louvain clustering resolution based on the condition that each cluster
expresses a minimum of 10 genes with greater than 2-fold expression in comparison to all other
clusters. Once this condition is broken, principal components are recalculated and each cluster
is further sub-clustered following the same condition, creating tiers of clusters with the
nomenclature of the initial cluster represented by an integer and subsequent sub-clusters
followed by a period and an integer. CellFindR defines cell populations that are biologically
relevant and generates a clustering map with multi-tier hierarchy. Within the merged datasets,
CellFindR identified a total of 103 clusters in the developing human pancreas, including 15
mesenchymal, 8 exocrine, 8 endocrine, 8 endothelial, 13 neuronal, 31 immune, and 20
proliferating clusters. This highlights the striking and previously undescribed cell heterogeneity

in the developing human pancreas (Figure 3.1c-h).

90



3.2.2 Cellular heterogeneity and cell-cell communication across non-endocrine lineages

of the fetal pancreas

The importance of mesenchyme in guiding pancreatic organogenesis has been
demonstrated through mechanical removal and recombination experiments, as well as genetic
ablation studies (103,105,188). Recent work has shed light on the functional heterogeneity
within murine pancreatic mesenchyme, where an Nkx2.5+ mesenchymal sub-population has
been reported to establish a pro-endocrine niche during mouse pancreatic development (106).
The full panoply of cell subtypes within the human fetal pancreatic mesenchyme and their roles
in heterotypic cellular signaling, however, remain unknown. In this study, we employed
CellFindR to identify 15 sub-clusters of mesenchymal cells (Figure 3.1d, Figure 3.3a), including
known cell types such as vascular smooth muscle (Immature and Mature VSM, clusters 6.0 and
6.1, respectively), Pericytes (cluster 2) and Mesothelial cells (cluster 7), annotated based on
differential gene expression analysis (Figure 3.3b, Supplemental file 3.1). In addition, several
novel populations were identified that express modulators of WNT signaling, including genes
encoding Secreted Frizzled Related Protein 1 (SFRP1) (SFRP1"CEBPD+, cluster 1.0; SFRP1",
cluster 1.1) and SFRP2 (SFRP2+, cluster 0). We also discovered a heterogenous population of
cells enriched for expression of C-C Motif Chemokine Ligand 2 (CCL2): CCL2"PRRX1+ (cluster
3.0), and CCL2"CCL21+ (cluster 3.2). In contrast to the other mesenchymal populations, the
relative proportions of mature VSM (0.35% of total mesenchymal cells at 8 w; 2.9% at 10 w,
2.04% at 12 w) and CCL2"CCL21+ (0.18% of total mesenchymal cells at 8 w; 2% at 10 and 12
w) populations increased only by 10 w (Figure 3.3c), suggesting that these populations may
expand later in development compared to the rest of the mesenchymal compartment.

We next validated the existence of novel mesenchymal subpopulations by performing

multiplexed in situ hybridization (ISH) and immunofluorescence (IF) staining for SFRP1, SFRP2,
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and CCL21 transcripts, along with the broad mesenchymal marker protein VIMENTIN (VIM) on
tissue at developmental stage 18 w (Figure 3.3d). SFRP1, SFRP2, and CCL21 colocalized with
VIM, confirming their classification as mesenchymal genes. SFRP1 was detected in a broad
population of VIM+ mesenchymal cells, whereas SFRP2 was expressed in a restricted subset of
VIM+ cells that were also found to be positive for SFRP1 (Figure 3.3d), confirming the
predictions of the scRNA-Seq data (Figure 3.4a). In addition, CCL21 expression overlapped
with a subset of VIM+ mesenchyme (Figure 3.3d). Collectively, these data confirmed the in vivo
existence of heterogeneous mesenchymal populations inferred by CellFindR.

To understand how mesenchymal cell subtypes may be communicating with one
another via cell-cell signaling, we employed the computational package CellChat, which infers
cellular communication within complex scRNA-Seq datasets (145). Signaling pathways scored
as significantly active between mesenchymal subtypes included the FGF, EGF, and
COLLAGEN pathways (Supplemental file 3.2). We focused on the PDGF signaling pathway,
as it has been shown to be important for mesenchymal development in multiple other organs,
including metanephric organs and the gastrointestinal tract (189,190). We found that the
immature and mature VSM cell populations scored highest as producers of PDGF ligands
(“Senders"), while multiple clusters were predicted “Receiver” populations (Figure 3.3e). In
particular, the PDGFA-PDGFRB ligand-receptor pair was predicted to have the highest relative
contribution to mesenchymal PDGF signaling, followed by PDGFA-PDGFRA (Figure 3.3f). To
better understand the contribution of each ligand-receptor pair, we analyzed the dominant
Senders and Receivers for each pair separately. For the PDGFA-PDGFRB ligand-receptor pair,
the dominant sources of PDGFA ligand were predicted to be the immature and mature VSM
clusters, and the dominant receiver through the PDGFRB receptor was predicted to be pericytes
(Figure 3.3g). This result is similar to PDGF signaling in the retina, where pericytes are
recruited to developing endothelium through PDGF signaling to aid in formation of the blood-

retinal barrier®’. When analyzing the PDGFA-PDGFRA ligand receptor pair, we found that the
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dominant receivers of the PDGFA ligand through the PDGFRA receptor were predicted to be
the SFRP-expressing clusters (SFRP1"CEBPD+, SFRP1", and SFRP2+) (Figure 3.3h). The
effects of PDGFA-PDGFRA signaling in these populations are unknown and warrant further
study.

Endothelial cell-derived signals are essential for proper formation of the murine pancreas
(171,191). The murine pancreas is surrounded by vasculature as early as E10.5, with arterial
and venous specification occurring at E11 (192). In human fetal pancreas tissue, CD31+ blood
vessels are present as early as 7 w (193). Previous studies demonstrated phenotypic (194) and
functional (192,195) heterogeneity within pancreatic endothelial populations. However,
transcriptional heterogeneity among endothelial cells in the human fetal pancreas has not yet
been investigated at the single cell level. Thus, we next focused on the endothelial compartment
of our single-cell dataset to better understand its potential signaling role in pancreatic
organogenesis. CellFindR identified eight clusters within the endothelial Broad Group, with five
main subtypes (Figure 3.1e). These included RGCC+ capillaries (cluster 0), NR2F2+/ACKR1+
venous cells (cluster 2), PRND+/IGFBP3+ angiogenic tip cells (cluster 1), proliferating cells
(clusters 4.0 and 4.1), and a heterogeneous population of GJA5+ arterial cells (GJA5+/HPGD+;
cluster 3.0; GJA5+; cluster 3.1; GJA5+/SERPINE2", cluster 3.2) (Figure 3.3i,j, Figure 3.4b,
Supplemental file 3.1). We detected no major shifts in prevalence of these populations across
the developmental timepoints within our dataset (Figure 3.4c), suggesting that pancreatic
endothelial specialization is already established at 8 w.

To validate our CellFindR inferences, we performed ISH for arterial marker GJAS (196),
capillary/venous marker PLVAP (197), and venous marker ACKR1, along with antibody staining
for pan-endothelial marker CD31, in 18 w fetal tissue (Figure 3.3k,l). In vivo analysis revealed
mutually exclusive GJA5+ arterial and ACKR1+ venous blood vessels that co-localized with

CD31 (Figure 3.3k). We also observed PLVAP+/CD31+ capillary/venous cells that did not
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colocalize with GJAS probe (Figure 3.31). Taken together, these data establish endothelial
cellular heterogeneity in the developing fetal pancreas.

To investigate cellular communication among pancreatic endothelial populations, we
again applied CellChat analysis, which identified the NOTCH signaling pathway as among the
most significant (Supplemental file 3.2). While NOTCH signaling has previously been shown to
be a critical regulator of endothelial specification (198) its role in fetal pancreatic endothelial
development and maturation has yet to be described. We found that Arterial populations 1, 2,
and 3 scored the highest as “Senders” of NOTCH ligands, while the Arterial_1 and Angiogenic
Tip Cell populations scored the highest as “Receivers” (Figure 3.3m). When assessing the
contribution of each ligand-receptor pair, we observed that the JAGGED1 (JAG1)-NOTCH4 pair
was predicted to make the highest relative contribution to NOTCH signaling within our
endothelial dataset (Figure 3.3n). NOTCH ligand JAG1 has been implicated as a pro-
angiogenic molecule that can counteract the anti-angiogenic effects of Delta-Like Canonical
Notch Ligand 4 (DLL4)-NOTCH signaling in mice (199). Within our dataset, the arterial
populations were scored highest as “Senders” of the JAG1 ligand, with both the Angiogenic Tip
cell and Arterial_1 population predicted as “Receivers” (Figure 3.30). These data suggest that
pancreatic arterial cells may maintain angiogenic tip cell fate through NOTCH signaling
mediated by the pro-angiogenic molecule JAG1.

Heterogeneity was also discovered within the remaining Broad Groups. In the exocrine
compartment, for instance, we observed CFTR-expressing ductal cells (clusters 2.0, 2.1.0 and
2.1.1; Supplemental file 3.1) (200). In addition, three sub-clusters of acinar cells appeared to
represent a continuum of maturation states, characterized by varying degrees of expression of
digestive enzymes (clusters 1, 3.0, and 3.1) (Figure 3.4d, Supplemental file 3.1). We
annotated Exocrine cluster 0.0 as Pre-Acinar and 0.1 as Pre-Ductal cells, based on their
displaying gene expression profiles most highly correlated to acinar and ductal cells,

respectively (Figure 3.4e), but not markers characteristic of mature acinar or ductal populations
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(i.e PRSS1 and CELAS3, Acinar; CFTR, Ductal) (Supplemental file 3.1). These may represent
tip and trunk cells that eventually give rise to the differentiated exocrine tissue (34). In the
Neuronal Broad Group, we identified clusters representing myelinating Schwann Cells (clusters
0.0, 0.1, and 0.2), as well as peripheral nerve subtypes expressing various neurotransmitters
such as VIP, NPY, and NOST (clusters 1.0.0, 1.0.1, 1.1.0, 1.1.1 and 1.2) and proliferating
neuronal cells (clusters 2.0.0, 2.0.1, 2.1.0, 2.1.1, 2.2) (Supplemental file 3.1; Figure 3.4f). In
the Immune Broad Group, we identified 16 lymphoid lineage populations, including T, B, and NK
cells. We also identified 15 myeloid lineage populations, including neutrophils, monocytes,
macrophages, and mast cells (Figure 3.4g). The proportion of myeloid and lymphoid lineage
cells remained relatively stable from 8 to 12 w, while a substantial increase in the proportion of
lymphoid cells was observed at 16 w, possibly due to the infiltration of B cells from the blood
(Figure 3.4h).

Next, we deployed CellChat to interrogate the incoming and outgoing signaling pathways
active among all subtypes of each Broad Group (Figure 3.4i,j). The Midkine (MK), pleiotrophin
(PTN), and RESISTIN pathways were the top three most highly scored both for incoming and
outgoing signaling (Supplemental file 3.2). Previous studies in mice revealed the fundamental
function of VEGF signaling in islet vascularization and vessel architecture (192,195). CellChat
predicted that in the developing human fetal pancreas, VEGF signaling was strictly sensed by
endothelial cells (receivers) and secreted by epithelial cells. VEGF signaling cross talk was also
observed between pancreatic mesenchyme (sender), epithelium (sender), and endothelial cells
(receiver), suggesting that mesenchymal and epithelial cells promote vascular modeling through
the secretion of VEGF in the fetal human pancreas, paralleling murine development. In addition,
mesenchymal cells were found to produce a variety of paracrine factors, including WNT and
FGF ligands (Figure 3.4j), which are critical for endothelial and epithelial development (201).
CXCL secreted by cells in the endothelial Broad Group and the CCL2"CCL19+ mesenchymal

population was predicted to act on a wide range of immune cell types, including monocytes,
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macrophages, and DCs (Figure 3.4i,j). Taken together, these predicted coordinated signaling
interactions across cell types highlight the significance of cell-to-cell communication in human
fetal pancreas organogenesis and provide a framework for future studies investigating

heterotypic cellular signaling in the human fetal pancreas.

3.2.3 Discovery and characterization of novel human endocrine progenitor cell

populations

Mapping the cellular and molecular landscape across human endocrine development is
a critical step for improving stem cell-derived therapies for diabetes. CellFindR permitted the
identification of four hormone-expressing endocrine clusters in the human fetal pancreas,
distinguished by the expression of INS in beta cells (cluster 0; 6,700 cells), GCG in alpha cells
(cluster 1; 3,388 cells), SST in delta cells (cluster 3; 1,554 cells), and GHRL in epsilon cells
(cluster 4; 909 cells) (Figure 3.5a,b). The fifth major pancreatic endocrine cell type, PPY-
expressing PP cells, were not detected as a separate cluster, although PPY expression was
observed in alpha cells (Figure 3.5b). We also observed overlapping expression of genes
encoding hormone markers in some of the hormone+ cells (Figure 3.5b), likely representing
polyhormonal cells that have been previously reported to exist in human endocrine development
(202,203). Indeed, multiplexed IF staining of 9 w human fetal pancreas tissue for hormones C-
PEP, GCG, and SST confirmed that a fraction of endocrine cells are bi- or even poly-hormonal
at the protein level (Figure 3.6a).

In addition to the expected hormone+ populations, CellFindR also annotated a remaining
fifth endocrine cluster, cluster 2, which we classified as a putative endocrine progenitor (EP) cell
population based on its specific expression of NEUROG3 and absence of hormone expression
(Figure 3.5a,b). CellFindR further sub-clustered cluster 2 into four sub-clusters: 2.0.0 (453

cells), 2.0.1 (450 cells), 2.1.0 (421 cells), and 2.1.1 (356 cells), resulting in a final endocrine
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dataset comprised of eight clusters (Figure 3.1h, Figure 3.5a). These data reveal heterogeneity
within the progenitor pool of the human pancreatic endocrine compartment.

Next, we tested the hypothesis that the four subclusters of cluster 2 indeed represent
biologically distinct EP states with varying degrees of potency. Lineage inference with RNA
splicing was not successful in our endocrine dataset, reflecting recognized issues with RNA
Velocity in multiple datasets (204). Instead, we used the computational package CellRank (205),
in combination with pseudotemporal ordering, to analyze the endocrine cells from all
developmental timepoints. First, we used Slingshot (206) to assign pseudotime values to each
cell (Figure 3.5¢c). We set cluster 2.1.0 as the root cluster (beginning of pseudotime), as it has
the highest expression of the EP marker NEUROG3 (Figure 3.5b). We then used these
pseudotime values as input for CellRank, creating a directed transition matrix (Figure 3.5d).
This matrix was then decomposed into macrostates (summarized individual gene expression
profiles) that represent the inferred initial state (which a cell is unlikely to revisit after leaving)
and terminal state (which a cell is unlikely to leave after visiting) (Figure 3.6b). Finally, the
transition matrix was used to calculate the fate probability of each cell, computing the likelihood
that a given cell will transition to each of the terminal macrostates (Figure 3.5e,f).

In our analysis we calculated 5 macrostates: 4 representing terminal cell types (Alpha,
Beta, Delta, and Epsilon) and the EP cluster 2.1.0 (Figure 3.6b). As the transition matrix and
absorption probabilities indicated that cluster 2.1.0 served as a common progenitor for the
Alpha, Beta and Epsilon populations (Figure 3.5e,f), we henceforth refer to this cluster as the
Common Endocrine Progenitor (CEP) population. Cluster 2.1.1 (henceforth referred to as the
Pre-Alpha/Pre-Epsilon population) followed the cEP cluster in the transition matrix (Figure 3.5d)
and served as a bifurcation point, being biased in absorption probabilities to either the Alpha or
Epsilon clusters (Figure 3.5e,f). Along an alternative branch, cEP cells were followed in the
transition matrix by cluster 2.0.1, which expressed the highest levels of the gene FEV (Figure

3.59), a transcription factor we and others previously identified as a marker of a novel EP cell
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state during murine endocrine development (58,60,62). This highly FEV-expressing cluster,
henceforth referred to as the FEV High population, shared high absorption probabilities with
cluster 2.0.0 (henceforth referred to as the Pre-Beta population) for a Beta cell fate (Figure
3.5e,f). Taken together, these results predict the lineage trajectories for the Alpha, Beta, and
Epsilon lineages, while the Delta lineage remains ambiguous. The lineage trajectories in human
endocrine development predicted here are distinct from those reported in mouse and human
development (58,60,62,177).

To assess how each of these distinct endocrine cell states varied across developmental
time, we quantified their population dynamics across developmental time. Each of the four EP
populations was present in every biological sScRNA-Seq sample, across all timepoints sampled
(Figure 3.6¢). The relative proportion of each of the progenitor populations was highest at 8 w
(cEP, 12.8%; Pre-Alpha/Pre-Epsilon, 11.0%; FEV High, 12.4%; Pre-Beta, 10.2% of all
endocrine cells), then decreased as developmental time progressed to reach their lowest levels
at 20 w (cEP, 2.2%; Pre-Alpha/Pre-Epsilon, 1.6%; FEV High, 1.8%; Pre-Beta, 2.1% of total
endocrine cells) (Figure 3.5h), consistent with their characterization as progenitor populations.
In contrast, the proportion of beta cells in the developing pancreas steadily increased across
developmental time (24% of all endocrine cells at 8 w; 60% at 20 w). The proportion of alpha,
delta and epsilon cells remained relatively stable from 10 to 20 w at proportions approximating
those reported in human adult islets (207). These data are consistent with a model whereby the
pool of more differentiated endocrine cells increases over developmental time at the expense of
a dwindling progenitor pool. These results further support the hypothesis that the four endocrine

cell subclusters represent novel endocrine progenitor populations in the human fetal pancreas.

3.2.4 Transcriptional regulation of human pancreatic endocrine development

To identify the transcriptional features that distinguish each endocrine cell population, we

performed a series of analyses. First, we conducted differential gene expression analysis across
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all eight endocrine clusters by comparing each cluster against all other clusters, resulting in a
total of 858 genes with a log2 fold-change (log2FC) value of at least 0.5 (Figure 3.6d,
Supplemental file 3.1). Of these 858 differentially expressed genes (DEGs), the majority were
most highly expressed by the EP populations (643 genes). Pre-Beta (n = 73 genes) and FEV
High (n = 163 genes) clusters expressed genes associated with neuronal development
(TUB1A1, NNAT by Pre-Beta; FEV by FEV High) (63,208,209), while the cEP cluster expressed
genes (n = 239) associated with mRNA processing and chromatin remodeling (SRSF3, RBMX)
(210,211), potentially representing dynamic priming of gene expression needed for endocrine
differentiation. Pre-Alpha/Pre-Epsilon cells also expressed genes (n = 168) associated with
neuronal development and RNA processing (Supplemental file 3.1). Pathway analysis of the
differentially expressed genes corroborated these findings, revealing that enriched pathways
included those annotated as being involved in neuronal development (Pre-Alpha/Pre-Epsilon)
and endocrine function (Pre-Beta) (Figure 3.6e).

Among hormone-producing cells, DEGs expressed by the Beta Cell population (n = 27
genes) included genes poorly characterized in beta cells (LMO2, ASPH), as well as known
markers of beta cell identity (INS) (212) and function (IAPP, SLC30A8, PCSK1) (213-215)
(Figure 3.5i, Supplemental file 3.1). Alpha Cells (n = 37 genes) expressed both genes known
to be expressed in alpha cells, (IRX2, TTR), as well as those whose function in alpha cells is not
well characterized, such as EDN3, SPINT2, and CDNK1C (Supplemental file 3.1). Delta Cells
(n = 23 genes) highly expressed markers of delta cell identity (SST) and genes encoding
peptides with known endocrine function (NPW, CRH) (216,217) (Figure 3.5i, Supplemental file
3.1). Of the four hormone-expressing cell types, Epsilon Cells had the highest number of DEGs
detected (n = 127 genes), including genes associated with epsilon cell identity and function
(GHRL), and those involved in cellular signaling (FGF12, FGF1) (Figure 3.5i, Supplemental
file 3.1). The enriched pathways in the hormone-expressing populations included Insulin

Processing (Beta Cells), Retinoic Acid Signaling (Alpha Cells) and ATF-2 Transcription Factor
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Network signaling (Epsilon Cells) (Figure 3.6e). Together, these data describe transcriptional
programs and enriched signaling pathways specifically active within each human pancreatic
endocrine population.

We next set out to focus specifically on differentially-expressed transcription factors
(TFs), as they are critical regulators of cell fate determination (76,218). We identified 108 TFs
that were differentially expressed across the endocrine lineage (Figure 3.6d, Supplemental file
3.1). cEP cells displayed the highest expression of NEUROG3 targets NKX2-2, NEUROD1, and
INSM1 (134,219,220), as well as TFs involved in Hippo-YAP signaling (TEAD2) and Notch
signaling (RBPJ and HESG6), consistent with previous evidence in mice that Notch activity is
critical for maintenance of endocrine progenitor cell fate (221) (Figure 3.6d). The reciprocally
inhibitory interactions between Pax4 and Arx promote the acquisition of beta cell or alpha cell
fate during murine endocrine development (97). Accordingly, we found that the FEV High and
Pre-Beta EP populations expressed high levels of PAX4, whereas the Pre-Alpha/Pre-Epsilon
EP cluster showed elevated levels of ARX expression during human pancreas development.
Expression of the TF NKX6.1, a crucial regulator of beta cell fate (102), was enriched in the FEV
High and Pre-Beta populations. Moreover, the highest expression of beta cell regulators PDX1
(222), MNX1 (223), and PAX6 (224) appeared in the Pre-Beta but not in the FEV High EP cells,
suggesting that these genes may play a functional role in beta cell fate restriction. We also
identified TFs that were specifically expressed in a specific EP cell type, such as TOX3 (cEP),
SIM1 (Pre-Beta), and POU2F2 (Pre-Alpha/Pre-Epsilon) (Figure 3.6d). These results provide a
rich dataset of TFs that warrant further study in developing human endocrine cells.

We next aimed to compare the gene expression profiles among the four sub-clustered
EP populations to identify which genes had driven their distinction by CellFindR. Comparison of
the cEP vs. Pre-Alpha/Pre-Epsilon clusters uncovered higher expression in cEP cells of SOX4,
which cooperates with Neurog3 to regulate endocrine induction in the murine pancreas (125)

(Figure 3.6f). In contrast, Pre-Alpha/Pre-Epsilon cells more highly expressed genes associated
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with differentiated endocrine cells, such as ARX, ISL1, and GHRL. When comparing cEPs vs.
FEV High cells, we observed higher expression of SFRP1, PROX1 and CITEDZ2 in the cEP
cluster (Figure 3.6g). Fev High cells expressed genes associated with hormone secretion, such
as PCSK1N, PCSK1 (215) and KCNK17 (225). Pairwise comparison of Pre-Beta vs. FEV High
cells revealed higher expression of genes associated with beta cell maturation and function
(MAFB, PCSK1N, GNAS) in the Pre-Beta cluster, while the FEV High cluster showed higher
expression of genes FEV and HES6 (Figure 3.6h). The results from these pairwise
comparisons corroborate our hypothesis, based on lineage reconstruction, that the EP
populations represent distinct cell states that are pre-committed to one or more hormone-
producing cell fates. Taken together, these data have enabled the construction of a model of
human endocrine lineage specification and the identification of novel genes governing cell fate

decisions during human fetal development.

3.2.5 Confirmation of novel endocrine progenitor populations in vivo

To confirm the findings of EP cell heterogeneity that had emerged from the scRNA-Seq
data, we first set out to identify genes or combinations of genes that could serve as specific
markers of each of the four EP populations. Manual curation of top differentially expressed
genes across EP cells identified Sushi Domain Containing 2 (SUSD2), LIM Homeobox
Transcription Factor 1 Beta (LMX1B), Peripherin (PRPH), and Aristaless-Related Homeobox
(ARX) as highly enriched in the cEP, FEV High, Pre-Beta, and Pre-Alpha/Pre-Epsilon EP
populations, respectively (Figure 3.7a,b). Among these four genes, SUSD2 has been broadly
described to label NEUROG3-expressing EP cells in the developing human pancreas (226,227).
ARX is an important regulator of alpha cell fate (228) that has not been described to mark
human Pre-Alpha/Pre-Epsilon EP cells. LMX1B and PRPH are novel markers labeling

sequential progenitor states during human beta cell development.
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Once markers of each of the four novel EP subtypes had been identified, we next
validated the existence of each EP cell state in vivo by performing multiplexed ISH/IF staining of
sections of independent human fetal pancreas samples at 8, 12, and 18 w. ISH was performed
for each putative marker gene alongside the pan-EP marker NEUROG3 and combined with IF
staining for the pan-differentiated endocrine cell marker CHGA. When staining tissues to
validate the presence of the cEP population, we found five unique cell states based on their
expression of SUSD2, NEUROG3, and/or CHGA (Figure 3.7c,d). As predicted by our scRNA-
Seq analysis, we detected putative cEP cells, characterized as SUSD2*NEUROG3*CHGA"
(23.7% at 8 w, 9.8% at 12 w, 2.1% at 18 w) (Figure 3.7c,d). The same experimental and
quantification approaches were adopted to validate the existence of the other three EP types.
Thus, we observed the presence of LMX1B*NEUROG3" (putative FEV High EP cells; 20.2% at
8w, 16.7% at 12 w, 3.6% at 18 w), PRPH*"NEUROG3" (putative Pre-Beta EP cells; 12.6% at 8
w, 9.3% at 12 w, 2.5% at 18 w), and ARX*"NEUROGS3" (putative Pre-Alpha/Pre-Epsilon EP cells;
2.2% at8w, 4.9% at 12 w, 1.1% at 18 w) cells that were also negative for CHGA (Figure 3.7e-
j)- All four EP populations were detected in nine independent biological samples of pancreas
tissue.

To further confirm the existence of four distinct populations, we next performed
multiplexed ISH staining at 8 w to simultaneously detect markers of all four EP cell types; we
found that the expression of genes predicted to specifically mark each EP population indeed
showed mutual exclusivity in situ (Figure 3.8a). Moreover, the relative prevalence of all four EP
populations decreased over developmental time (Figure 3.7d,f,h,j), consistent with the
characterization of these populations as progenitor populations. Collectively, these results
confirmed the presence of the novel EP subtypes in the developing human pancreas as
predicted by computational analysis of the scRNA-Seq data.

Our CellFindR inferences identified the TF FEV as a marker for both FEV High and Pre-

Beta EP populations (Figure 3.5g). Given that we previously had identified Fev as a marker of
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EP cells in the murine pancreas (58,62), we assessed the dynamics of FEV expression in the
human fetal pancreas. Consistent with our scRNA-Seq data, the percentage of
FEV*'NEUROGS3" double positive cells (marking FEV High or Pre-Beta EP cells) decreased over
developmental time (13.4% at 8 w, 5.9% at 12 w, 2.8% at 18 w) (Figure 3.8b). We also
observed a significant rise in FEV'CHGA" double positive cells in 18 w tissue compared to 12 w
and in 12 w tissue compared to 8w (Figure 3.8b). Further investigation revealed that FEV
expression localized to GCG-expressing alpha cells, but not INS-expressing beta cells, at 18 w
(Figure 3.8c). This observation agrees with previously published reports that in adult human
islets, FEV is exclusively expressed in the alpha cells (173,174,229). Along the beta cell lineage
trajectory, FEV expression was detected in the FEV High and Pre-Beta populations but absent
in differentiated beta cells themselves. In contrast, along the alpha cell lineage, FEV was
expressed in differentiated alpha cells themselves but not in their progenitors (Figure 3.7a,b,
Figure 3.8d). These results demonstrate regulation of FEV expression across human endocrine
development and suggest a dynamic and lineage-specific role in regulating alpha vs. beta cell

fate and/or function.

3.2.6 Single-nucleus ATAC-Seq of human fetal endocrine cells reveals dynamic

chromatin accessibility and gene regulatory networks

Recent advances in single-cell technologies have allowed for the integration of multi-
omic single-cell data, leading to new insights into developmental biology (111,230,231). We set
out to gain an understanding of the epigenetic mechanisms upstream of gene expression that
are important in governing cell identity during endocrine development. To this end, we
performed snATAC-Seq on human fetal pancreas using the 10x Genomics Chromium Next
GEM Single Cell ATAC v1.1 platform. To increase the resolution for endocrine cell types, we
enriched for EpCAM+ epithelial cells in 12-week fetal pancreas, a particularly active time of cell

expansion and diversification (Figure 3.9a). Filtering, dimensional reduction, initial clustering,
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and analysis steps were performed with the R package ArchR (121), resulting in a final dataset
comprising 5,949 nuclei with a median of 31,158 fragments captured per nucleus (Figure
3.10a). Among these nuclei, 1,737 were classified as belonging to endocrine cells (Figure 3.9a,
Figure 3.10a) based on the Gene Score Matrix (accessibility of gene body plus promoter) of
CHGA.

Next, we integrated our endocrine snATAC-Seq and scRNA-Seq datasets to perform
multi-omic analysis in the same cell types. Each cell in the snATAC-Seq dataset was correlated
with its most similar counterpart in the scRNA-Seq dataset by correlating the Gene Score Matrix
with the scRNA-Seq expression matrix (RNA transcript counts) on a per-cell basis (Figure
3.9a). Once these highly correlated pairs were found, the snATAC-Seq data from each cell were
associated with the corresponding cell type label and RNA expression matrix. Of note, transfer
of a cell label was not forced if the inferred gene score from snATAC-Seq data did not correlate
with gene expression in any of the cells within the scRNA-Seq dataset. Our integration analyses
identified eight endocrine populations in the snATAC-Seq dataset, including the four newly
identified EP populations (cEP, FEV High, Pre-Beta, and Pre-Alpha/Pre-Epsilon) and four
hormone-expressing populations (Figure 3.10b). The Gene Score of the EP marker genes
identified by scRNA-Seq analysis showed high concordance with their corresponding RNA
expression levels (Figure 3.10c), confirming the existence of EP cell states using single-
nucleus chromatin accessibility analysis. Due to the low numbers of nuclei within each individual
EP subpopulation, we merged all four of the EP populations into one single cluster, resulting in
a final dataset of 5 clusters, consisting of Alpha (373 nuclei), Beta (608 nuclei), Delta (273
nuclei), Epsilon (160 nuclei), and pooled Endocrine Progenitor (EP) cells (323 nuclei) (Figure
3.9b,c). These data provide further confirmation of the discovery by scRNA-Seq of four EP cell
states, using an orthogonal method of snATAC-Seq.

We next sought to understand the gene regulatory networks (GRN) that govern human

endocrine cell fate decisions. We applied the computational package Single Cell rEgulatory
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Network Inference and Clustering plus (SCENIC+) (232) to our endocrine dataset. SCENIC+
uses either same-cell or paired scRNA-Seq and snATAC-Seq multi-omic data to infer TF
binding to target regions of DNA to affect expression of downstream target genes. The set of
TFs with their corresponding regions of DNA binding and target genes are referred to as
eRegulons and can be classified as either activating (where the TF binds to target regions of
DNA and induces gene expression of the target genes; denoted as “_+_”) or repressing (where
the TF binds to target regions of DNA and represses the expression of the target genes;
denoted as “_- ).

To avoid variability in RNA expression across developmental time, we used just the
endocrine scRNA-Seq dataset from the 12 w EPCAM sorted sample, in combination with the 12
w EPCAM sorted snATAC-Seq dataset, as input for analysis by SCENIC+. First, we identified
regions of accessible chromatin in each of the endocrine cell types using MACS2 (123),
identifying 197,522 consensus peaks. We then used this peak set, along with the associated
gene expression data from the scRNA-Seq dataset, to create a GRN of the endocrine cells
using SCENIC+ (see Methods for details). The result was the identification of 217 TFs with
predicted regulatory function and a total of 76,579 regulatory interactions between TFs, target
chromatin, and target genes (Supplemental file 3.3). Of these, 66,031 were deemed as
activating and 10,548 as repressive. We then performed dimensional reduction on the eRegulon
target regions and target genes (Figure 3.10d). Next, we identified cell-type specific activating
and repressing eRegulons by calculating the Regulon Specificity Score (RSS) for each
eRegulon. First, we identified high confidence eRegulons by correlating the region (peak)-based
and gene-based regulons. These eRegulons were then scored for each cell type by the their
Regulon Specificity Score (RSS). This analysis identified 64 cell type-specific activating
eRegulons and 29 repressive eRegulons (Figure 3.9d). Known activators in the EP cell type
included TFs such as NEUROG3, PAX4, INSM1, NEUROD1/2 and FEV, while unknown TFs

included numerous zinc finger nucleases (i.e., ZNF219, ZNF300, ZNF431), TCF3, LMX1B, and
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NHLH1 (Figure 3.9d, Figure 3.10e). Targets of NEUROG3 included TFs such as PAX4,
LMX1B, NKX2.2, SOX4, RFX3, and NEUROGS itself (Supplemental file 3.3), all of which are
consistent with recent CUT&RUN data performed in human stem cell-derived pancreatic EP
cells (129). There were several specific eRegulons for the beta population, including known TFs
such as GLIS3, MAF family members (MAF, MAFA, MAFB, MAFG), NKX6-1, and PDX1, as well
as unknown TFs such as NR3C1, ARID3A, ETS2, and LHX4 (Figure 3.9d). Epsilon eRegulon
TFs included ETV1, JUNB, OVOL2, and PBX1, while Delta eRegulon TFs included HHEX,
ISL1, NKX6-3, and FOXO1. Interestingly, there were no eRegulons that were deemed specific
to the alpha population.

Next, we sought to identify eRegulons that display cooperativity in their binding to shared
regions of chromatin. We queried the overlap in target regions for the top TFs per cell type
based on the RSS calculated above and identified TFs that target the same open chromatin.
TFs that display cooperativity were mainly present in the EPs (NEUROG3, NEUROD2, NHLH1)
and Beta cells (MAFA, MAFB, LHX4, MNX1) (Figure 3.10f,g). Together, these data represent a
rich resource for the field of pancreas endocrine biology for querying not only TFs regulating

endocrine development, but also their downstream target chromatin regions and target genes.

3.2.7 Identification of development-specific diabetes GWAS risk loci

Gene discovery efforts for monogenic forms of diabetes attest to the importance of TFs
involved in pancreatic development for normal glucose homeostasis (233). T2D is a complex
disease with multiple associated genetic risk loci identified through GWAS (>400 distinct signals
identified (184,234), the majority of which are located in non-coding regions of the genome with
a presumed regulatory function (184). This stands in contrast to T1D, which has far fewer loci
identified by GWAS (78 distinct signals (235)), the majority of which exert their effect through
the immune system (235). There is compelling evidence from both human physiology (233,236)

and epigenomics (237) that pancreatic islets are a key tissue mediating a large proportion of the
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genetic risk for T2D. Since gene regulation is highly context-specific, we hypothesized that
defects in islet cell development could emerge earlier in the cell lineage in progenitor cells and
that some of the regions of chromatin more accessible during development would overlap with
T2D, and potentially T1D, risk loci. Therefore, a comparison between human fetal endocrine
and adult islet cells would present a unique opportunity to identify signals specific to endocrine
development.

We compared chromatin accessibility in endocrine cells from our 12 w fetal pancreas
snATAC-Seq dataset with snATAC-Seq data from adult human islets (183), focusing on
differences between (a) adult vs. fetal beta cells and (b) adult hormone-positive cells vs. fetal
EPs. We identified 146,589 differentially accessible peaks between adult and fetal beta cells,
with the majority of peaks accessible in fetal beta cells (129,937 peaks) compared to adult
(16,652 peaks) (Supplemental file 3.4). Next, we investigated whether T1D (186) and T2D
(184) risk alleles from published fine-mapped credible sets at each locus (cumulative posterior
probability of association = 99%) were differentially accessible in fetal vs. adult beta cells. First,
we used fGWAS (238) to calculate the overall enrichment of T1D and T2D single nucleotide
polymorphisms (SNPs) within the peaks of each cell type in both the fetal and adult datasets
(Figure 3.9e). Consistent with previous studies, we observed strong enrichment of T2D SNPs in
both fetal and adult endocrine cells. Conversely, T1D SNPs showed weaker enrichment in fetal
and adult endocrine cells, corroborating the idea that most T1D SNPs exert their effect in non-
endocrine cells (235). We thus focused our follow up investigations on T2D SNPs in fetal vs.
adult endocrine cells.

When comparing differential chromatin accessibility in fetal vs. adult beta cells, we
identified 28 loci (GoShifter score > 0.2) that were enriched within the differential peaks in fetal
beta cells. Among these loci most highly ranked by GoShifter were known endocrine regulatory
genes, including genes involved in monogenic diabetes such as HNF1A, HNF1B, GCK, and

NEUROGS3 (Figure 3.9f, Supplemental file 3.4). Other top ranked loci included genes reported
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to regulate beta cell mass, such as CCND2 (239) (rs3217792 and rs76895963) and
KCNQ1/CDKN1C (rs2237897) (240), which is in line with the hypothesis that developmentally
determined beta cell mass may predispose individuals to T2D (241). We also identified loci
containing genes not annotated to have a functional role in endocrine development, such as
LRFN2, a gene involved in neurite outgrowth in the brain (242) met, where fine-mapping has
previously resolved the casual variant to a single SNP (184) (Figure 3.9f). Our analysis also
identified variants at the PROX1 locus (Figure 3.99), where we have previously demonstrated
tissue-specific effects (in liver vs. islets) of T2D-associated variants on expression (234,243).
Our findings here now expand the possibility that these tissue-specific effects extend to
temporal effects on expression of this TF during islet cell development (Figure 3.9f,g). A similar
analysis comparing adult hormone-positive cells (11,242 differentially accessible peaks) vs. fetal
EPs (98,334 differentially accessible peaks) identified significant peaks at 23 T2D loci (Figure
3.11a), including WDR72, a gene involved in endocytic vesicle trafficking mediated enamel
mineralization (244) that has no reported function in endocrine development or function. As
expected, based on the fGWAS results (Figure 3.9¢e), we observed less enrichment of T1D
SNPs by GoShifter within the differentially accessible chromatin of fetal beta cells compared to
the T2D SNPs (Figure 3.11b). Among the top ranked risk variants were genes with reported
function in beta cells, such as GLIS3, INS-IGF2, and MEG3 (Figure 3.11c), as well as TYK2,
which has recently been reported to play a role in human fetal beta cell development (245).
Together, these results provide a framework for identifying cell type- and developmental stage-
specific T1D and T2D genetic risk loci, thus generating mechanistic insights into the regulatory

mechanisms of diabetes-associated SNPs in the context of human pancreas development.
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3.2.8 Benchmarking in vitro stem cell-derived endocrine cells against in vivo human fetal

development

Our analyses thus far permitted the construction of a cellular and transcriptional
roadmap of human fetal endocrine differentiation, elucidating cellular heterogeneity, inferred
lineage relationships, and candidate cell fate regulators. This presented an opportunity to
benchmark protocols for differentiating human stem cells into beta-like cells (BLCs) in vitro
against endogenous human fetal development in vivo. Current in vitro protocols entail the
differentiation of hPSCs through a step-wise process, first to definitive endoderm, then to
primitive gut tube, then the pancreatic progenitor stage, followed by an endocrine progenitor
stage, and finally terminating in insulin-expressing BLCs (Figure 3.12a) (22,163,246). Although
tremendous progress has been made in refining these directed differentiation protocols, hurdles
still remain to generating beta cells that are fully functionally mature and that are not plagued by
the generation of mis-differentiated cell types (162).

A recent scRNA-Seq study profiled the cellular composition and transcriptomic
landscape of hPSCs undergoing directed differentiation to BLCs, specifically at the EP (Stage 5)
and beta-like cell (Stage 6) stages (23). This work identified nine stem cell (sc)-derived
endocrine populations that arise during the seven days of culture at the EP stage (Stage 5):
NEUROGS3+ progenitors (sc_Neurog3 Early, Mid, and Late), differentiated cell types (sc_Alpha,
sc_Beta, and sc_SST_HHEX (Delta)), as well as three populations that presumably represent
mis-differentiated cell types (sc_Enterochromaffin (sc_EC), sc_Phox2a, and
sc_FEV_High_ISL1_Low). The sc_EC population was annotated as enterochromaffin-like due
to some transcriptional similarities to endogenous enterochromaffin cells found in the intestine
(23). More recently, it has been postulated that sc_EC cells are transcriptionally similar to
human fetal EP cells and therefore may actually represent a beta cell progenitor population in

vitro (91). We set out to resolve these discordant models, and to more broadly determine how
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analogous the cellular populations generated in vitro are to those we observed during human
fetal endocrine pancreas development (Figure 3.5a). We performed a comparative analysis
between cells undergoing endocrinogenesis in vitro (during Stage 5 of the directed
differentiation) and cells in our human fetal endocrine dataset. We also incorporated scRNA-
Seq data from a recently published study of human fetal intestinal enteroendocrine development
(247). We utilized the supervised cell type classifier scPred (248) to train a prediction model
using our human fetal endocrine scRNA-Seq dataset, as well as various intestinal cell types,
including enteroendocrine progenitors (Intestine Progenitor (NEUROG3+)), enteroendocrine
(EE) cells (Intestine EEs) and differentiated enterochromaffin cells (Intestine EC (TAC1+) and
Intestine EC (NPW+)) (Figure 3.12b). The classifier annotated the sc_Beta and sc_Alpha
populations found at Stage 5 as largely beta (64%) or alpha (71%) in identity, respectively, while
the sc_SST_HHEX population was annotated as a mixture of alpha, beta, epsilon, and delta
cells, with the highest proportion (38%) of cells annotated as delta (Figure 3.12¢,d). scPred
mainly classified the sc_Neurog3 Early cluster as either Intestine Progenitor (NEUROG3+)
(45%) or the cEP human fetal pancreatic population (39%), while the sc_Neurog3_Mid cluster
was classified as a mixture of mostly pancreatic cEP (48%) and FEV High (30%) progenitors
and sc_Neurog3_Late was largely classified as either the FEV High (32%) or Pre-Beta (36%)
(Figure 3.12¢,d). These results indicate that the transcriptional profiles of EP cell types found in
vitro are largely similar to those of EP cell types found during endogenous human fetal
development, with the exception of the sc_Neurog3_ Early, which resembles both early
pancreatic and intestinal EPs.

We next delved into sc_EC cells in more detail. We found that the sc_EC population was
largely classified as either pancreatic Pre-Beta progenitor or Intestinal EC (TAC1+) cells (37%
and 36%, respectively) (Figure 3.12e, Figure 3.13a). No sc_EC cell was classified as the
second EC subtype found in fetal intestinal development, Intestine EC (NPW+). We did observe

that sc_EC cells began to more closely resemble bona fide fetal intestine EC cells as in vitro
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differentiation progressed through the days of Stage 5 (Figure 3.12e). Genes involved in the
synthesis and secretion of serotonin, the main function of EC cells, were enriched in the sc_EC
and intestinal EC cells, but not the Pre-Beta EP or fetal Beta cells (Figure 3.12f). Since sc_EC
cells indeed resemble endogenous intestinal EC counterparts as time in culture continues, they
are likely not in vitro beta cell progenitors, but may arise during in vitro differentiation due to the
similarities between intestinal and pancreatic endocrine development (249). Taken together, our
work demonstrates key similarities between in vitro-derived human EPs and BLCs to their
endogenous human fetal counterparts and identifies the generation of cell types not found in
normal pancreatic development.

When re-examining in vitro lineage relationships within the framework of the trained cell
type classifier, we observed that beta cell differentiation in vitro occurs in a manner largely
similar to endogenous human fetal development (Figure 3.12g). Veres et al. showed that Stage
5 sc_Neurog3_Late endocrine cells likely give rise not only to sc_Beta cells, but also to sc_EC
cells. As the sc_EC population constitutes a large portion of the cells produced at the
completion of the directed differentiation protocol (Figure 3.12¢, Figure 3.13b), understanding
transcriptional mechanisms that regulate their formation would aid in driving the progenitors at
the previous EP stage to differentiate into beta cells as opposed to this undesired population. To
identify such mechanisms, we performed differential gene expression analysis among the fetal
pancreatic beta cells and immediate progenitors (Beta and Pre-Beta), in vitro sc_EC cells, and
fetal TAC7+ intestinal EC cells (Figure 3.12h, Supplemental file 3.5). This analysis resulted in
1,607 DEGs with at least 0.5 log2FC in expression among all populations, 93 of which are TFs.
TFs enriched in the sc_EC population included MNX1, while those enriched in the fetal TAC7+
intestinal EC population included CDX2, PITX2, and HOPX. The fetal Pre-Beta cluster showed
the highest expression levels of beta cell-related TFs, such as NKX2-2 and NKX6-2 (Figure
3.12h). The fetal beta population was enriched for MAFA and PLAGL1. In future work, inducing

the expression of beta cell lineage genes in the terminal progenitor population in vitro
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(sc_Neurog3_Late) may reduce or prevent the formation of these undesired, mis-differentiated
cell types and improve overall efficiency of BLC generation in vitro.

We next aimed to determine the transcriptional differences between hormone-producing
endocrine cells generated in vitro vs. in vivo by comparing in vitro-derived endocrine cells at the
final stage of differentiation, Stage 6, to their fetal counterparts. Data on Stage 6 cells were
generated by Veres et al. by sampling cells weekly from the same differentiation flask (week 0 —
week 5). Our fetal cell type classifier classified the sc_Beta and sc_Alpha cell types largely as
their fetal counterparts, and sc_EC cells were again classified as intestinal EC cells (Figure
3.13c,d). Correlation analysis revealed that at Stage 6, in vitro-derived BLCs undergo
maturation and more closely resemble their in vivo counterparts as time in culture proceeds
(Figure 3.13e). Differential gene expression analysis between in vitro and endogenous beta
cells revealed enrichment of genes MEG3, PLAGL1, INS, and MAFA in the endogenous vs in
vitro beta cells (Figure 3.13f, Supplemental file 3.5). ISH staining against MEG3, which is a
long non-coding RNA implicated in murine beta cell maturation (250,251), confirmed higher
expression in fetal beta cells compared to in vitro BLCs (Figure 3.13g). Although in vitro-derived
beta cells showed higher expression of beta cell maturation genes HOPX and IAPP (252,253),
they also showed higher expression of beta cell progenitor markers such as FEV and PAX4
(58), as well as DDC, which is involved in catalyzing 5-HTP to serotonin (Figure 3.13f). These
results highlight the value of our dataset comprising intermediate progenitor populations at
single-cell resolution in enabling the more precise mapping of in vitro-derived populations to
their endogenous counterparts.

Next, we compared in vitro-derived alpha cells to their fetal counterparts and found high
concordance between the two populations, irrespective of the duration in culture (correlation
coefficient > 0.88 at all timepoints) (Figure 3.13e). Differential gene expression analysis
between the two alpha cell populations again revealed the enrichment of neuronal-associated

genes in the in vitro condition, but we observed similar expression of key alpha cell-related
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genes such as ARX, IRX2, GCG, TTR, and FOXAZ2 between the in vitro and endogenous alpha
cells (Figure 3.13h, Supplemental file 3.5). These results suggest that in vitro-derived alpha
cells closely resemble fetal alpha cells in expression of key alpha cell fate regulators, despite

the fact that the differentiation protocol was optimized for the generation of beta cells.

3.2.9 A functional role for FEV in regulating human endocrine differentiation

Our analysis of the developing human endocrine pancreas identified FEV as a marker of
two of the EP populations within the beta cell lineage (FEV High and Pre-Beta) (Figure 3.5g,
Figure 3.8d). Previous genetic ablation studies in the developing murine pancreas
demonstrated that global loss of the transcription factor Fev leads to reduced insulin production
and secretion, as well as impaired glucose tolerance in adult mice (144). The role of FEV in
regulating human pancreas endocrine development, however, is still unknown. We set out to
interrogate whether FEV is simply a marker of pre-beta cell populations or it itself has a
functional role in endocrine development in human cells. First, we queried our SCENIC+ results
to determine which cell types showed enrichment of activating and repressing eRegulons for
FEV. The activating FEV eRegulon (304 target genes, 402 target regions) showed enrichment
in the EP population, while the repressing eRegulon (282 target genes, 394 target regions)
showed enrichment in the non-EP cell types (Figure 3.14a), suggesting that FEV largely
activates EP-related genes and represses genes in hormone+ cells. FEV also directly targets
many TFs with known function in endocrine development, including PAX4, NEUROGS3, INSM1
(Activating), as well as MEIS3, HHEX and FOXO1 (Repressing) (Figure 3.14b). Activators of
FEV expression include NEUROG3, which has been shown to directly bind to the Fev promoter
in @ mouse beta cell line (144), NKX2-2, and FEV itself (Supplemental file 3.3). Repressors of
FEV include MEIS3, HHEX, and PHF1.

Our GRN data suggests that FEV may play a direct role in endocrine development by

binding to key TFs. To evaluate whether our in vitro stem cell differentiation platform could
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provide experimental validation of the function of FEV in human endocrine development, we first
asked whether the dynamics of FEV expression in vitro recapitulated those in vivo. FEV mRNA
expression was first detected during the pancreatic endocrine progenitor stage (Stage 4) and
peaked during the endocrine progenitor stage (Stage 5) (Figure 3.15a) during the
differentiation. As in human fetal beta cell differentiation, FEV expression co-localized with
NEUROGS3 at the endocrine progenitor stage (Figure 3.15b). These results indicated that FEV
is expressed in human EP cells in vitro and that the stem cell differentiation platform could be
used to evaluate the function of FEV in human EPs.

To determine the consequences of loss of FEV during differentiation to the beta cell
lineage, we established a clonally-derived FEV knockout (FEV-KO) hESC line using the
CRISPR-Cas9 system (Figure 3.14c, Figure 3.15c,d). We subjected this line, alongside a
clonally-derived WT (non-edited) control line, to directed differentiation to the beta cell lineage.
As measured by flow cytometry, loss of FEV did not lead to any significant change in the
maintenance of pluripotency (NANOG/OCT3/4 co-expression) or in the efficiency of generating
target cells at stages 1 through 5 of the differentiation, including the proportion of
SOX17+/FOXA2+ cells at the end of Stage 1, of PDX1+ cells at the end of Stage 3, or of
PDX1+/NKX6.1+ cells at the end of Stage 5 (Figure 3.15e). However, flow cytometric analysis
revealed a significant reduction in the number of early BLCs as measured by co-expression of
C-PEPTIDE (C-PEP, a proxy for INS) and NKX6.1 (a key TF marking beta cells) in FEV-KO
cells (7.9 £ 2.3%; Mean + SEM) vs. WT cells (22.7 £ 8.5%; Mean £+ SEM) (Figure 3.14d).
These results are consistent with in silico TF perturbation analysis using the computational
package CellOracle (254), which uses scRNA-Seq and snATAC-Seq data to build GRNs among
defined cell types. This GRN is then used in conjunction with pseudotemporal ordering to
predict the effect of TF knockdown on the expression of downstream target genes and on
trajectory outcomes. Simulated KO of key endocrine transcription factors MAFB and ARX in our

human fetal scRNA-Seq/snATAC-Seq datasets resulted in expected simulated differentiation
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outcomes based on experimental knowledge of murine endocrine development (255-258)
(Figure 3.15f). Analysis of in silico KO of FEV by CellOracle predicted an inhibition of the beta
lineage, confirming our in vitro FEV KO results. Taken together, these results suggest that FEV
expression is not required for pluripotency, specification of definitive endoderm or pancreatic
progenitors, or induction to the endocrine lineage but plays a critical role later in beta cell fate
specification.

To characterize the transcriptional changes in cells upon loss of FEV, we performed bulk
RNA-Sequencing (RNA-Seq) on FEV-KO and WT cells at the BLC stage (Stage 6, day 10) from
three independent, paired differentiations. As expected, we observed very few genes (< 10 per
timepoint) differentially expressed between WT and KO cells at the end of Stages 1 and 4 (data
not shown), timepoints before peak FEV expression. In contrast, differential gene expression
analysis of WT and KO cells at the BLC stage identified 1,837 genes with at least 0.5 log2FC
change in expression (964 genes in WT, 873 genes in KO) (Figure 3.14e, Supplemental file
3.6). Pathway analysis of all DEGs identified enrichment of pathways related to beta cell
function, such as insulin secretion and calcium signaling in WT cells, while KO cells displayed
enriched pathways such as cell cycle and extracellular matrix organization (Figure 3.14f).
Among the DEGs were known direct targets of Fev in the murine pancreas and brain, including
SLC6A4, GCK, LMX1B, and DDC (117,144), confirming the efficacy of our CRISPR-generated
KO line (Figure 3.15g).

To determine whether loss of FEV affects the expression of regulators of beta cell fate,
we analyzed the intersection between genes identified by bulk RNA-Seq as enriched in either
the WT or KO beta-like cells, and genes identified by scRNA-Seq as differentially expressed
across the beta lineage populations during development. This analysis revealed that ablation of
FEV resulted in down-regulation of fate regulators enriched in FEV High and Pre-Beta cells,
including NKX2.2, NEUROD1, and PAX6 (Figure 3.14g,h), as well as regulators of beta cell

maturation and function such as INS, MNX1, and IAPP (Figure 3.14g,h). To verify these
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findings, we performed IF staining of hormone markers on the WT and FEV-KO cell clusters at
the BLC stage and observed a significant decrease in the proportion of SST+ or C-PEP+
hormonal cells in KO vs. WT cells. The ratios of SST+ C-PEP+ and GCG+ C-PEP+ bi-hormonal
cells were also significantly reduced in the KO condition (Figure 3.14i). Taken together, these
data indicate that FEV is not simply a marker of pre-beta EP cells but indeed also plays a role in

regulating endocrine cell specification in the developing human pancreas.

3.3 Discussion

In this study, we have comprehensively characterized the transcriptome of human fetal
pancreas at six developmental timepoints, ranging from 8 to 20 w, at single-cell resolution. We
have identified previously unappreciated levels of heterogeneity within the various pancreatic
cell types, including 15 mesenchymal, 8 exocrine, 8 endocrine, 8 endothelial, 13 neuronal, 31
immune, and 20 proliferating clusters. This resource provides a cellular and gene regulatory
roadmap of early human fetal pancreas organogenesis and lays the groundwork for the
interrogation of the functional significance of each of these cell types. We confirmed the
presence of representative subpopulations in the endothelial and mesenchymal lineages by in
situ hybridization in fetal tissue. Future studies are warranted to validate other newly described
populations and assess their presence or absence at earlier or later developmental timepoints
not covered by this study.

By computational inference we have observed active cell-cell communication between
Broad Groups in the developing human pancreas. In particular, analysis using CellChat
identified NOTCH-JAG and PDGF-PDGFR as potentially functional ligand-receptor pairs within
the endothelial lineage and the mesenchymal lineage, respectively. Given these data and
previous evidence that non-epithelial cells such as endothelial, neuronal, and mesenchymal
play important roles in guiding the development of the murine pancreatic epithelium

(104,106,171,172,188), the signaling pathways identified here await future functional
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confirmation by methods such as genetic or small molecule-mediated loss- and gain-of-function
experiments in human pancreatic tissue ex vivo or using hPSC-derived pancreatic cells in vitro.
Our detailed investigation of the human fetal endocrine compartment identified four
novel progenitor populations that each express unique marker genes. Multiplexed tissue
staining confirmed the existence of these distinct populations across multiple developmental
timepoints and in independent biological samples in vivo. Recently, an independent study
identified endocrine subpopulations, several of which (termed EP2, EP3, EP4) appear
analogous to the ones we have described here, providing additional evidence of their existence
in vivo (177). Hierarchical clustering of biological samples based on gene expression showed
that epithelial cells from samples of similar developmental time points clustered more closely to
one another, despite some samples having been subjected to positive or negative cell selection
(Figure 3.2c). In addition, the high concordance among our in silico replicates gave us high
confidence that these represent bona fide cellular populations in tissue (Figure 3.2c). The
CellFindR clustering algorithm was critical in the discovery of these EP populations, as initial
analyses utilizing standard clustering methods failed to distinguish these subpopulations from
one another and instead annotated all four as belonging to a single EP cluster. Of note, no
evidence of heterogeneity was found within each differentiated hormone-producing endocrine
cell type, a topic that is debated in the adult human pancreas (166,259,260). Given the
sensitivity of the clustering algorithm CellFindR in identifying cellular heterogeneity, it is likely
that these heterogeneous populations do not exist in the fetal endocrine pancreas during the
developmental timepoints covered by this study, although it is possible that they were too rare to
detect or that they only arise later in development. Additionally, by adopting a variety of
computational methods, we have inferred the gene regulatory networks and differentially
expressed genes among endocrine populations. These insights serve to significantly improve
our understanding of human pancreatic endocrine development at the cellular and molecular

levels.

117



The endocrine lineage predictions constructed in this study provide a contrasting
account of endocrine differentiation in human cells compared to murine development. Unlike in
the mouse pancreas, where multipotent intermediate progenitors give rise to all endocrine cell
types (58,60,62), our data presented here predict that three of the four human EP populations
act as fate-committed progenitors that are either uni- or bi-potent. This differentiation potency is
reflected in the genes expressed in each population, as endocrine cell-related genes gradually
increase in expression as the EPs begin to become more fate restricted. The alpha and beta
lineage predictions presented here are consistent with a recent study that utilized mitochondrial
genome variants within adult alpha and beta cells as endogenous lineage tracing markers at
single-cell resolution and concluded that human alpha and beta cells arise from separate
progenitor populations (261). Prediction of the delta lineage presented here, however, is less
clear. In particular, our analysis was unable to determine which of the progenitors directly give
rise to the Delta cell cluster. (Figure 3.5e,f, Figure 3.7b). Of note, our lineage analysis of
human endocrine differentiation differs from a recently published study using single-cell
sequencing and lineage reconstruction of fetal endocrine cells (177). Future studies at early
developmental timepoints might resolve this issue by increasing the cell number of EPs
captured, increasing the chances of detecting potentially rare and/or transient, pre-delta
progenitor cells. In the future, applying state-of-the-art methods for lineage barcoding to human
pancreas tissue ex vivo could represent an exciting approach for experimental validation of
predictions generated in silico.

Identification of the effector transcripts or genes through which disease-associated
variants influence risk is a critical first step towards biological inference and thus clinical
translation. The context-specificity of gene regulation presents an additional challenge. Single-
cell resolution of both gene expression and chromatin accessibility in human adult islets has
recently demonstrated the importance of cell state, cell type, and the potential of co-accessibility

analysis between promoters and cis-regulatory elements to identify effector genes at T1D (183)
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and T2D (182,183,262) risk loci. Here, we have extended this previous work to include the
influence of developmental stage by performing a comparative analysis of human adult vs. fetal
endocrine cells to uncover enrichment of diabetes genetic risk loci, permitting the assessment of
regions of DNA harboring T1D and T2D-risk alleles that are accessible during development and
may therefore affect the expression of developmental genes. T1D SNPs showed lower fGWAS
enrichment in either adult or fetal endocrine tissue compared to T2D; this result is not surprising,
given that most signals for T1D are believed to be related to immune cells (186,235). Still, we
observed developmental enrichment of T1D signals in the fetal accessible chromatin, including
loci that are known to have development-specific functions (252), highlighting the strength of our
comparative analysis. For T2D signals, as a positive control, our analysis identified fetal
enrichment of risk loci of known regulators of endocrine differentiation, such as NEUROGS.
Furthermore, we also detected enrichment of monogenic diabetes genes, which are known to
influence beta cell development and contribute to diabetes when disrupted. In addition, we also
observed fetal enrichment in genes with no known function in endocrine development, such as
LRFN2.

One intriguing observation from our analysis is the potential for further understanding
context specificity of gene regulation at the PROXT locus. There are two independent signals at
this locus: the first has been fine mapped to a single variant (rs340874), and the second has two
SNPs (rs79687284 and rs17712208) in the credible set (263). An evaluation of these variants
on transcriptional activity in both human HepG2 hepatocytes and EndoC-BH1 beta cell models
using in vitro reporter assays demonstrated effects in both liver and beta cells for rs340874. At
the second signal, however, only one of the two variants (rs17712208) influenced activity in beta
cells and neither in HepG2 cells (263). Our data now raise the intriguing possibility that the
rs79687284 variant could alter activity earlier in development, thus expanding the complexity of

the regulatory impact at this locus. These analyses therefore provide a framework for the
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identification of development-specific disease risk loci and a rich opportunity for further study of
their function in islet biology.

Despite tremendous progress in recent decades in devising methods to generate beta-
like cells in vitro from hPSCs, these protocols still suffer from the generation of unwanted cell
types. A previous study aimed to classify hPSC-derived endocrine cells by referring to adult islet
cells, but was constrained by the absence of EPs in adult tissue (59). By performing
computational comparison of endogenous in vivo vs. in vitro endocrine development, we
observed that the EP cell types generated in vitro are similar to those present in vivo. That said,
the generation of mis-differentiated cell types, such as the stem cell-derived enterochromaffin
(sc_EC) population, demonstrates that there remains significant room for improvement of the
differentiation protocol with respect to purity and efficiency. Given the similarities between
pancreas and intestinal endocrine development, the generation of the enterochromaffin
population is likely due to the mis-expression of key genes that then tips the balance towards an
enteroendocrine fate. To generate more pure and functionally mature beta cell populations,
future work will focus on modulating the expression, ideally in a temporally constrained fashion,
of key genes that are currently aberrantly expressed. Additionally, our data have important
implications for the generation of in vitro-derived islet cells, as our in vivo developmental
roadmap can now be used for the refined production of non-beta endocrine cells, including
human alpha (88,89) and delta cells.

Lastly, the results of FEV gene ablation demonstrate how the generation of a detailed in
vivo roadmap of endocrine differentiation can successfully be combined with in vitro genome
editing techniques to functionally interrogate important regulators of human endocrine
development. We validated that FEV not only marks beta cell progenitors in the developing fetal
pancreas, but itself also plays a functional role in human endocrine differentiation in vitro.
Further investigation of FEV through the use of TF binding studies will provide insight as to how

it regulates endocrine differentiation or function. Applying this approach to other genes of
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interest is a promising approach for understanding additional, uncharacterized regulators of
human endocrine differentiation.

In summary, we provide here a comprehensive, single-cell, multi-omic roadmap of
human fetal pancreatic endocrine development that represents a critical step towards

generating bona fide beta cells in vitro for therapeutic use.

3.4 Materials and Methods

Data and code availability
Scripts used in this study are available at GitHub:

https://github.com/sneddonucsf/2021-Developmental-single-cell-multi-omic

Raw single-cell sequencing data of human fetal pancreas samples can be found on dbGaP
(accession number phs002693.v1.p1). Raw and processed data of the FEV WT and KO bulk
RNA-sequencing can be found on GEO (GSE196230). All data supporting the findings of this
study are available within the article and its supplementary information files or from the

corresponding author upon reasonable request.

Experimental subject details

Informed consent was obtained for all human tissue collection, and protocols were
approved by the Human Research Protection Program Committee at UCSF. Human fetal dorsal
pancreas tissue was obtained from post-mortem fetuses at 8 to 20 weeks post conception (w)
through two sources: University of Washington Birth Defects Research Laboratory (BDRL) and
Advanced Bioscience Resources, Inc. (ABR). Identifiers were maintained at the source only,
and the investigators received only de-identified specimens. After isolation, tissue was shipped
overnight (O/N) on ice in RPMI medium. A portion of tissue was fixed in 4% paraformaldehyde
OIN at 4 °C, washed three times with 1 x phosphate-buffered saline (PBS), and cryopreserved

in 30% sucrose solution at 4 °C for O/N in preparation for embedding in optimal cutting
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temperature (OCT) compound. Sections measuring 10 um in thickness were cut using a
cryostat and stored at -80°C for immunofluorescence staining or in situ hybridization, as
described below.

Adult human islets were isolated from cadaveric donor tissue by the UCSF Islet
Production Core with permission from the UCSF ethical committee. Consented cadaver donor
pancreata were provided by the nationally recognized organization UNOS via local organ
procurement agencies. The identifiers were maintained only at the source, and the investigators

received de-identified specimens.

Processing of pancreas tissue scRNA-Seq and snATAC-Seq

To isolate cells for single-cell RNA-Sequencing, human fetal pancreas tissue was
minced with scalpels and transferred to dissociation buffer containing Liberase TM and 0.1
mg/mL Dnase | for 30-55 minutes at 37°C on a Thermomixer at 1000 rpm. Enzyme was
quenched with 1X HBSS containing 5mM EDTA and 10% FBS. The resulting cell suspension
was filtered through a 30 um strainer. All tissues were subject to removal of red blood cells
(RBCs) using immunomagnetic negative selection with the EasySep RBC Depletion kit
(STEMCELL Technologies, 18170). 12 w samples were further subjected to EasySep™ Human
EpCAM Positive Selection Kit Il (STEMCELL Technologies, 18356) to positively select for
epithelial cells. Tissues at 19 w and 20 w were subjected to EasySep™ Human CD45 Depletion
Kit Il (STEMCELL Technologies, 18259) to remove CD45+ immune cells. Cell viability was
measured for all samples using a MoxiFlow (Orflo) to confirm greater than 90% viability.

To isolate nuclei for single-nuclei ATAC-Sequencing, 12 w human fetal pancreatic tissue
was placed in a dissociation buffer containing Liberase TM and 0.1 mg/mL Dnase | at 37 °C.
Dissociated cells were filtered through a 30 um strainer and further enriched for EpCAM+

epithelial cells using the EasySep™ Human EpCAM Positive Selection Kit II. Nuclei from
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EpCAM+ cells were isolated following 10x Genomics protocol CG000169, Rev D. In brief,
EpCAM+ cells were resuspended in PBS + 0.04% BSA and centrifuged at 1000 rpm and 4°C for
5 min. Chilled Lysis Buffer was added to the cell pellet, which was then incubated on ice for 3.5
min. After lysis, chilled Wash Buffer was added, cells were centrifuged at 1200 rpm, and

isolated nuclei were suspended in 1X Nuclei Buffer. After isolation, nuclei were manually
counted with a hemocytometer; quality was assessed under a 63x bright field microscope to

ensure that the periphery of isolated nuclei appeared smooth.

Single-cell capture and sequencing

For scRNA-Seq of human fetal tissue, we utilized the Chromium Single Cell 3' Reagent
Version 3.1 Kit (10x Genomics). For non-enriched human fetal samples, we loaded 25,000 cells
each onto two lanes of the 10x chip, resulting in a total of 50,000 cells loaded per sample. For
enriched human fetal samples, including EpCAM+ cells from two 12 w samples, EpCAM+ cells
and CD45- cells from one 19 w sample, and CD45- cells from one 20 w sample, 25,000 cells
from each enrichment condition were loaded onto a single lane of the 10x chip. Gel Bead-In
EMulsions (GEMs) were generated and subjected to reverse transcription for RNA barcoding
before cleanup and cDNA amplification. Libraries were then prepared with the Chromium Single
Cell 3’ Reagent Version 3.1 Kit according to the manufacturer’s instructions. Each resulting
library was sequenced on the Novaseq 6000 platform (lllumina) with the following parameters:
Read 1 — 28 cycles, Index 1i7 — 8 cycles, Index 2 i5 — 0 cycles, Read 2 — 91 cycles.

For snATAC-Seq of 12w human fetal tissue, we utilized Chromium Next GEM Single
Cell ATAC Library & Gel Bead Kit v1.1 (10x Genomics). 7,166 nuclei were loaded onto one lane
of a 10x chip. Transposition, GEM generation and barcoding, cleanup and library construction
were performed according to the manufacturer’s protocol. The library was then sequenced on
the Novaseq 6000 platform (lllumina) with the following parameters: Read1- 50 cycles, Index1 —

8 cycles, Index 2 — 16 cycles, Read 2 — 49 cycles.
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Human fetal single-cell RNA-Sequencing analysis

To assemble the transcriptomic profiles of individual cells, we utilized CellRanger
versions v3.0-4.0 with default settings to demultiplex, aligned reads to the human genome
(GRCh38, supplied by 10x Genomics), and quantified unique molecular identifiers (UMIs). The
resulting gene-barcode matrices were then analyzed and aggregated with the R package Seurat
v3.1.2 (157). Each sample was subjected to filtering to exclude cells expressing fewer than 200
genes and genes expressed in fewer than three cells. Technical replicates (two 10x lanes of the
same biological sample) were merged using the MergeSeurat() function. High-quality cells were
retained by filtering on the number of expressed genes and mitochondrial content
(Supplemental file 3.1). Each sample was normalized with NormalizeData(), and variable
genes were identified with the FindVariableFeatures() function using 2,000 genes and the “vst”
selection method. Integration anchors were found across all samples with the
FindIntegrationAnchors() with 30 principal components and 2,000 genes. The samples were
then integrated using the IntegrateData() function. The data were then scaled with ScaleData()
function and principal component analysis (PCA) was performed, with 30 principal components
selected based on the ElbowPlot(). Dimensionality reduction and initial clustering was
performed with the FindNeighbors(), FindClusters() and RunUMARP() functions using 30 principal
components and a resolution parameter of 2.0. The resulting Louvain clusters were then
manually annotated into “Broad Groups” of known biological cell types using canonical marker
genes. Cluster 17 from the initial clustering was removed, as it had no distinguishable marker

genes and expressed low levels of features.

Cell clustering with CellFindR
To further sub-cluster the Broad Groups, we applied a novel clustering package,

CellFindR (https://github.com/kevyu27/CellFindR) (122), to each Big Group individually. Each
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Broad Group was subsetted, PCA and UMAP were recalculated, and the top level resolution
was found with the res() function. Iterative sub-clustering was performed on each top level
cluster with the sub_clustering() function. Clusters that were deemed non-biological (i.e.
COL3A1+/hormone+ doublets) were manually removed from the endocrine data set, including a
sub-cluster of INS/CELA3A-high cells that displayed a low number of features and counts, likely
representing empty droplets containing ambient RNAs known to contaminate scRNA-Seq

datasets of the pancreas™’.

Single cell differential gene expression analysis

Marker genes were identified with Seurat’s FindAlIMarkers() function and visualized with
FeaturePlot(), VInPlot() and DoHeatmap() functions. Pairwise volcano plots were created by
utilizing the FindMarkers() function and plotting the results as a volcano plot from the
EnhancedVolcano package

(https://bioconductor.org/packages/release/bioc/html/EnhancedVolcano.html). Transcription

factors were identified through comparison to AnimalTFDB3.0 database (264).

Cell-cell communication analysis
To infer cell-cell communication within our human fetal pancreas dataset, we utilized the

R package CellChat (https://github.com/sqjin/CellChat). For each analysis, we used normalized

counts and cell-type specific labeling as input. We then followed the ‘Inference and analysis of

cell-cell communication using CellChat’ vignette.

Pseudotemporal ordering and lineage analysis of scRNA-Seq data
For trajectory and pseudotime analyses, we utilized the R package Slingshot

(https://github.com/kstreet13/slingshot) (206) and the Python package CellRank

(https://github.com/theislab/cellrank) (205). Seurat-based UMAP dimensional reduction and
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CellFindR clustering were used as input for the merged human fetal endocrine analysis.
Lineage reconstruction was performed with the slingshot() function, with the cEP population
(Cluster 3.1.0) designated as the beginning of pseudotime. Averaged pseudotime values for
each cell were calculated with the slingAvgPseudotime() function, and the Seurat object was
converted to an AnnData object with the Seurat Disk () functions SaveH5Seurat() and Convert().

The resulting file was then read into Scanpy (https://github.com/scverse/scanpy) (265).

Neighbor graphs were calculated with ScVelo’s (https://github.com/theislab/scvelo)

pp.moments() function with n_pcs = 9. Next, the directed transition probability was calculated
using the Slingshot pseudotime values with CellRank’s PseudotimeKernel function and the
transition matrix generated with compute_transition_matrix(), with a “soft” threshold scheme.
The transition matrix was then projected onto UMAP reduction with compute.projection() and
visualized with velocity_embedding_stream(). Coarse-grained transition probabilities and
macrostates were calculated with GPCCA(), compute_schur() and compute_macrostates(), with
n_states = 5 and n_cells = 30. Terminal states were calculated with
set_terminal_states_from_macrostates(). Absorption probabilities were calculated with
compute_absorption_probabilities() with preconditioner = “ilu” and tol = 1e*-10. Finally,

absorption probabilities were visualized with cluster_fates() and plot_absorption_probabilities().

Pathway analysis
Pathway analysis and calculation of associated p values were performed using the
ConsensusPathDB overrepresentation analysis for pathway based sets category

(http://cpdb.molgen.mpg.de).

Initial shnATAC-Seq analysis
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To assemble the chromatin profiles of individual cells, we utilized Cell Ranger ATAC
v1.1 with default settings to demultiplex, align reads to the human genome (using the pre-built
GRCh38 human genome supplied by 10x Genomics), and generate single-cell accessibility
counts. The resulting files were then analyzed using the R package ArchR v0.9.5 (121). Arrow
files were created from the fragment file from the CellRanger output with the createArrowFiles()
function and an ArchR project created with the ArchRProject() function. Doublets were filtered
out using the addDoubletScores() and filterDoublets() functions, resulting in a dataset
comprising 6,010 nuclei. Dimensional reduction was calculated with the addlterativeLSI()
function using the following settings: iterations = 2, resolution = 0.5, sampleCells = 2500, n.start
=10, varFeatures = 25000, dimsToUse = 1:30. Clustering was performed with addClusters()
with method = Seurat and resolution = 0.1. UMAP was calculated with addUMAP() and clusters
were annotated as “Broad Groups” based on marker gene expression (see above in Initial
single-cell RNA-Sequencing analysis).

The endocrine cluster was then subsetted and dimensional reduction was calculated
with the addlterativeLSI() function with the following settings: iterations = 2, resolution = 0.3,
sampleCells = 1500, n.start = 10, varFeatures = 25000, dimsToUse = 2:10. UMAP was
calculated with addUMAP() with default settings. Unconstrained integration with scRNA-Seq
data were then performed using the final scRNA-Seq endocrine dataset (Fig. 2a) as input with
the addIntegrationMatrix() function, transferring cluster labels and a pseudo-RNA-Seq profile.
To maintain the robustness of the analysis, the endocrine progenitor (EP) clusters were
collapsed into a single EP cluster, resulting in a final dataset comprising 5 clusters and 1,754

cells.

snATAC-Seq peak calling
To call peaks in the snATAC-Seq dataset, group coverages were added to the ArchR

project with addGroupCoverages() and peaks called with Macs2 with the
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addReproduciblePeakSet() function with a cutoff of 0.1. The peak set was then added to the
project with addPeakMatrix(). Marker peaks were identified with the getMarkerFeatures()
function using the PeakMatrix and peaks with a false discovery rate (FDR) less than or equal to

0.1 and log2FC of 0.5 or greater were visualized with markerHeatmap().

Motif analysis

To perform motif enrichment in regions of open chromatin, we first added motif
annotations with the addMotifAnnotations() function, using “cisbp” as the motif set. To visualize
motif deviation at single-cell resolution, we utilized ChromVAR (124) within the ArchR package.
Background peaks were added with addBgdPeaks() and per-cell deviations calculated with
addDeviationsMatrix(). Deviation scores were then visualized with the plotEmbedding() function.

To calculate “positive” transcription factors (TFs showing both motif enrichment and RNA
expression), deviant motifs were first accessed with seGroupMotif(). The motif deviation scores
and RNA expression profiles were then correlated with the correlateMatrices() function and
filtered based on a threshold of correlation greater than 0.5, adjusted p-value less than 0.01 and

a maximum inter-cluster difference in deviation z-score that is in the top quartile.

Pseudotemporal ordering analysis of snATAC-Seq data

To order cells in pseudotime, we first increased the clustering resolution, as ArchR does
not allow for ordering of trajectories with fewer than 3 clusters. Clustering was performed with
the addClusters() function with a resolution setting of 1.0. Alpha, Beta, Delta and Epsilon
trajectories were then manually chosen by clusters; the cells along those trajectories were then
ordered by pseudotime with the addTrajectory() function. The trajectories were then visualized
with plotTrajectory().

To assess positive transcription factors across pseudotime, we accessed motif

enrichment and RNA expression across pseudotime with getTrajectory(), using the motif matrix
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and gene integration matrix, respectively. We then correlated these trajectories with cutoffs of
correlation = 0.5 and variance quartile cutoff = 0.8 for both the motif matrix and gene integration

matrix.

Enrichment in GWAS signals

Datasets for adult islet samples were accessed from GEO (GSE160472)and analyzed
together with our snATAC-Seq data from the 12 w fetal pancreas sample. Combinatorial
barcoding (CB) data were processed with the ENCODE ATAC-seq pipeline (v1.9.3) by aligning
to the genome reference GRCh38. Cell barcoding information contained in the read names was
added as CB tags in the bam files with a customized script. Only mapped reads with MAPQ
score > 30 were retained. Cell type annotation of adult islet cells was applied from the metadata
file provided on GEO. ArchR (v1.0.1) was used as a platform for the downstream analysis,
including clustering, peak calling (MACS2, v2.2.7.1) and Wilcoxon testing for differential peaks.

To assess the overall enrichment of T1D or T2D signals in peaks called in each cell type
of either fetal or adult pancreas, fGWAS (v0.3.6) was performed with a window size of 5000 bp
on the BMI unadjusted summary statistics of T2D or summary statistics of T1D. To further
prioritize the 380 loci of T2D and 157 loci of T1D in the context of differential peaks between
adult and fetal beta cells (or between adult hormone+ and fetal EPs) (padj < 0.05 and abs(fold
change) > 2), GoShifter (v0.3) was used to calculate the enrichment with 10000 permutation.
Top 20 loci were shown in the forest plot with the number of overlapping SNPs and all SNPs in

the credible sets for each loci shown on the right (Figure 5F, Figure S5E-F).

Analysis of scRNA-Seq data from in vitro-differentiated stem cell-derived cells
Processed counts and cell metadata were downloaded from GEO accession number

GSE103412 for Stage 5 (EP stage) and Stage 6 (beta cell stage) cells (23). Counts and meta
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data were read into R and Seurat objects were created with associated metadata. Data were
normalized with NormalizeData() and variable features found with FindVariableFeatures(). Data
were scaled and PCAs calculated with ScaleData() and RunPCA(), then data were clustered
with FindNeighbors(), FindClusters() and data reduced with RunUMAP().

Endocrine cell types were classified with the R package scPred (248). First, normalized
scRNA Seq data of human intestinal epithelium were downloaded from the gut cell atlas

(https://www.gutcellatlas.org/#x) and analyzed with Seurat. The data were subsetted for

enterochromaffin cells (both TAC1+ and NPW+ clusters), NEUROG3+ progenitors, and
enteroendocrine cells based on the original authors’ annotations. The cells were then subsetted
to only include samples derived from fetal tissue. The resulting dataset was then normalized
and scaled, and variable features and PCA were calculated. This intestinal dataset was merged
with our fetal pancreatic endocrine cells using the Seurat function merge(). Next, the features
used for classification were calculated using the merged dataset with the scPred function
getFeatureSpace(). The classifier was trained with trainModel(), with “mda” as the model, then
applied to the Stage 5 and Stage 6 datasets with ScPredict().

For in vitro and in vivo differential gene expression analysis, datasets were combined

with the MergeSeurat() function and differential gene expression calculated as stated above.

Multiplexed in situ hybridization and immunofluorescence

Human fetal pancreas tissue was fixed in 4% paraformaldehyde (PFA) overnight (O/N)
at 4 °C. hESC-derived clusters were fixed with 4% PFA for 20 min at room temperature (RT).
Post-fixed tissues and clusters were washed three times with 1x phosphate-buffered saline
(PBS), cryopreserved in 30% sucrose solution at 4 °C O/N, and embedded in optimal cutting
temperature (OCT) compound. Sections measuring 10 um in thickness were cut using a
cryostat and stored at -80 °C for in situ hybridization and immunofluorescence, as described

below.
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After removal from -80 °C storage and incubation at RT for 30 minutes, cryosections
were washed with 1 x PBS to remove OCT, and sequentially treated with hydrogen peroxide
and proteinase lll. Tissues were then hybridized with probe mixes for 2 hours at 40 °C.
Inventoried or customized probes were purchased from Advanced Cell Diagnostics, Inc. Probes
against SUSD2 (42673), PRPH (410231-C2), FEV (471421-C3), NEUROGS3 (050798-C4),
LMX1B (582661), MEG3 (400821), ARX (486711-C2), SFRP1 (428381-C4), SFRP2 (476341-
C3), CCL21 (474371-C2), GJAS5 (471431-C2), PLVAP (437461), and ACKR1 (515131) were
used according to the manufacturer’s instructions for the RNAScope multiplex fluorescent
detection V2 kit (Advanced Cell Diagnostics, Inc, 323110). To validate probe specificity,
negative control probe (DapB) and positive control probe (POLR2A/PPIB/UBC) were included in
each experiment. Hybridization signals were amplified via sequential hybridization of amplifier
AMP1, AMP2, and AMP3 and fluorophores Opal 570 (1:1500, PerkinElmer, FP1488001KT),
Opal 650 (1:1500, PerkinElmer, FP1496001KT), Opal 690 (1:1500, PerkinElmer,
FP1497001KT). Following signal amplification of the target probes, sections were either stained
with DAPI and mounted for imaging or continued with standard immunofluorescence (IF)
procedure. For IF, sections were incubated in 1 x blocking buffer (0.1% PBST containing 5%
normal donkey serum) for 1 hr at RT then stained O/N at 4° C using the following primary
antibodies diluted in blocking buffer: Chromogranin A (1:200, Abcam, ab15160), Glucagon
(1:200, Cell Signaling, 2760S), Insulin (1:200, DAKO, A0564), Somatostatin (1:200, Santa Cruz
Biotechnology, sc-7819), SMA (1:200, Abcam, ab21027), PECAM (1:100, Dako, M0823). The
next day, sections were washed in 1X PBS three times and incubated with species-specific
Alexa Fluor 488-, 555-, 594-, or 647- conjugated secondary antibodies (1:500) and DAPI in the
blocking buffer for 1 hour at RT. Stained slides were mounted with ProLong Gold Antifade
Mountant (ThermoFisher SCIENTIFIC, P36930) and stored at 4 °C prior to imaging.

To assess polyhormonality within human fetal pancreas samples, human fetal tissue

was fixed, sectioned, washed, blocked and stained as described above with the following
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antibodies: E-Cadherin (1:200, BD BioSciences, 610182), SST (1:200, Santa Cruz, sc-7189), C-
peptide (1:200, Developmental Studies Hybridoma Bank (DSHB), GN-ID4), and Glucagon

(1:200, Cell Signaling, 2760S).

Image acquisition
Optical sectioning images were acquired with a Leica confocal laser scanning SP8
microscope equipped with white light sources. Z-sections were captured for each imaging area

with 10 steps x 1 mm thickness.

Genetic engineering to generate the FEV-KO hESC line

The HUES8 human embryonic stem cell (hnESC) line was grown on Matrigel (Corning,
354230)-coated tissue culture plates in mTeSR1 (STEMCELL Technologies). Media was
changed to mTeSR1 + 10 uM Rock inhibitor Y-27632 for 2 hours prior to nucleofection. Cells
were dissociated into a single-cell suspension using TrypLE Express (Gibco, 11588846). A
FEV-KO gRNA (5-CTGATCAACATGTACCTGCC-3’) was designed using Benchling software
and purchased from Dharmacon. To carry out the nucleofection, 160 uM tracrRNA and 160 yM
FEV-KO gRNA were mixed together to make the RNA-complex and incubated for 30 min. in a
37 °C cell culture incubator. Purified Cas9-NLS protein (QB3 UC Berkeley MacroLab) was
added to the RNA-complex, gently mixed to make the RNP (ribonucleoprotein), and incubated
at 37 °C. After 15 min., dissociated cells were resuspended in P3 buffer (Lonza, V4XP-3032).
Cell suspension and RNP were mixed and inserted into the Lonza 4D-Nucelofector (Lonza,
AAF-1002B) and nucleofected in the P3 buffer. Nucleofected cells were transferred to mTeSR1
supplemented with Rock inhibitor, then seeded onto Matrigel-coated T75 tissue culture flasks

(ThermoFisher Scientific, 159910).

Validation of FEV-KO and -WT hESC lines
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Cells were sorted with FACS and clonally plated onto Matrigel-coated 96 well plates and
grown in mTeSR1 supplemented with Rock inhibitor Y-27632. Clonal colonies were hand-picked
under a colony-picking microscope under sterile conditions and each colony was transferred
into one well of a 96-well plate, then successively passed onto larger plate formats. To
determine the efficiency of genomic editing of each colony, genomic DNA from each colony was
harvested with QuickExtract DNA Extraction (Lucigen, QE09050) and then used for PCR
amplification. The following forward and reverse primers targeting the FEV-KO editing site were
used to produce a 491-bp amplicon: 5’-CCGTCTTCTCCTCCTTGTCACC3’ and 5’-
CTCGGCCACAGAGTACTCCAC-3'. PCR polymerase capable of handling GC-rich amplicons
was used (PrimeSTAR GXL Premix, Clontech). The resulting DNA amplicon, along with a
wildtype DNA amplicon, were sent to Quintara Biosciences for Sanger sequencing. The
chromatographs of each sequencing run were used for TIDE (Tracking of Indels by
Decomposition) analysis (https://tide.deskgen.com) and the cutting efficiency of hESCs
nucleofected with FEV-KO gRNA was then determined. The FEV-KO hESC clonal line used
here had a 1-bp deletion in one allele and a 1-bp insertion in the second allele, leading to a
homozygous mutation in the FEV locus. The FEV-WT hESC clonal line had no detectable

deletion in the FEV locus and was used as a control.

Human embryonic stem cell culture and differentiation to the beta cell lineage

FEV-KO and -WT HUES8 hESC lines were expanded and maintained in parallel in
planar culture in mTeSR1 (STEMCELL Technologies) media. Once enough cells were obtained,
the planar cells were then adapted to suspension culture and maintained as clusters in
suspension in mTeSR1 in 500 mL spinner flasks (Corning, VWR) on a magnetic stir plate (Dura-
Mag) within a 37 °C incubator at 5% CO2, 100% humidity, and a rotation rate of 60 rpm. Cells
were routinely screened for mycoplasma contamination using the MycoProbe Mycoplasma

Detection Kit (R&D Systems), according to the manufacturer’s instructions.
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Beta-like cells were generated as previously described (22). In brief, single hESCs were
seeded into a spinner flask at a density of 1e6 cells/mL in mTeSR1 media containing 10 uM
Rock inhibitor Y-27632 (STEMCELL Technologies) to allow formation of clusters. Differentiation

was initiated 72 h later and was achieved in a step-wise fashion using the following growth

factors and/or small molecules: Stage 1 ( Day 1-3) medium : 500 mL MCDB 131 (Corning, 15-

100-CV) + 0.22 g glucose (MilliporeSigma, G7528) + 1.23 g sodium bicarbonate
(MilliporeSigma, S5761) + 10 g fatty-acid free bovine serum albumin (FAF-BSA) (Lampire
Biological Laboratories, 7500812) + 10 pL Insulin-Transferrin-Selenium-Ethanolamine (ITS-X)

(Invitrogen, 51500056) + 5 mL GlutaMAX (Invitrogen, 35050079) + 5 mL Penicillin-Streptomycin

(P/S) solution (Corning, 30-002-Cl). Stage 2 ( Day 4-6) medium: 500 mL MCDB 131 + 0.22 g

glucose + 0.615 g sodium bicarbonate + 10 g FAF-BSA + 10 uL ITS-X + 5 mL GlutaMAX +

0.022 g vitamin C (MilliporeSigma, A4544) + 5 mL P/S. Stage 3 ( Day 7-8) / Stage 4 ( Day 9-13)

medium: 500 mL MCDB 131 + 0.22 g glucose + 0.615 g sodium bicarbonate + 10 g FAF-BSA +
2.5 mLITS-X + 5 mL GlutaMAX + 0.022 g vitamin C + 5 mL P/S. Stage 5 ( Day 14-20)
medium:500 mL MCDB 131 + 1.8 g glucose + 0.877 g sodium bicarbonate + 10 g FAF-BSA +
2.5mL ITS-X + 5 mL GlutaMAX + 0.022 mg vitamin C + 5 mL P/S + 5 mg heparin

(MilliporeSigma, H3149). Stage 6 ( Day 21-31) medium: 500 mL CMRL 1066 supplemented

(Corning, 99-603-CV) + 10% Fetal Bovine Serum (FBS) (Corning, MT-35-011-CV) + 5 mL P/S.

Flow cytometric analysis of stem cell-derived cells
Stem cell-derived clusters at various stages of differentiation were washed in PBS
(Corning, 21-040-CV) and dissociated with Accumax™ (Innovative Cell Technologies Inc,

AM105) at 37 °C for the following times at each stage: 5 minutes (pluripotency), 5-7 minutes
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(End Stage 1), 7-9 minutes (End Stage 3), 11-13 minutes (End Stage 5), 12-15 minutes (Stage
6). Cells were then fixed with 4% PFA for 10 minutes at RT and spun down at 1,200 rpm for 5
minutes and resuspended in PBS. Cells were filtered through a 37 ym cell strainer (Corning,
352235) on ice, washed with 1X Permeabilization Buffer (00-8333-56, Invitrogen™) and spun
down at 1200 rpm for 5 minutes at 4° C. Cells were stained with flow antibodies, then diluted in
CAS Blocking Buffer (Invitrogen, 8120) containing 0.2% Triton-X, 5% NDS, and 1% bovine
serum albumin (BSA) O/N at 4° C. The following morning, cells were washed with
Permeabilization Buffer, spun down at 1,500 rpm for 5 minutes at 4° C, resuspended in FACS
buffer (PBS, 1% FBS and 2mM EDTA), and analyzed on an LSR-Il flow cytometer (BD
Biosciences). At the end of each differentiation stage, FEV-KO or -WT hESC-derived cells were
subjected to flow cytometric analyses, as described above. Pluripotency was assessed by
staining for OCT3/4 and NANOG. Efficiency of generating definitive endoderm at the end of
Stage 1 (ES1) was determined by measuring the percentage of cells double positive for SOX17
and FOXAZ2. Efficiency of generating early pancreatic progenitors at the end of Stage 3 (ES3)
was determined by measuring the percentage of cells positive for PDX1. Efficiency of
generating endocrine progenitors at the end of Stage 5 (ES5) was determined by measuring the
percentage of cells double positive for PDX1 and NKX6.1. Efficiency of generating beta-like
cells at the end of Stage 6 (ES6) was determined by measuring the percentage of cells double
positive for C-PEPTIDE and NKX6.1. Data were analyzed with FlowJo software (Tree Star

Inc.).

Quantitative RT-PCR

hESCs were collected from various stages of directed differentiation and subjected to
RNA extraction using the RNeasy Mini Kit (QIAGEN 74106). Reverse transcription was
performed with the Clontech RT- PCR kit. RT-PCR was run on a 7900HT Fast Real-Time PCR

instrument (Applied Biosystems) with Tagman probes for FEV (assay ID: Hs00232733_m1) and
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GAPDH (assay ID: Hs02758991_g1) in triplicate. Expression of FEV was normalized to

GAPDH.

Bulk-RNA sequencing

FEV-KO and -WT clusters were collected from four independent batches of stem cell
differentiation at Stage 6 day 10 (S6D10). 2e6 cells were lysed in 350 ul RLT buffer (QIAGEN,
79216) and stored at -80 °C before RNA extraction. RNA was purified with RNeasy Mini Kit
(QIAGEN, 74106). Samples with a RNA Integrity Number (RIN) greater than 9 were advanced
to library construction using poly-A enrichment. Sequencing was conducted on a NovaSeq 6000
PE150 platform with the following parameters: Read 1 - 150 cycles, Index 1 i7 - 8 cycles, Index
2i5 - 8 cycles, Read 2 - 150 cycles. The resulting files were mapped to the reference genome
(GRCh38) with STAR (v2.6.1d) and counts were generated with FeatureCounts (v1.26.0-p3).

Differentially expressed genes were calculated with the DESeq2 (v1.26.0) workflow (266).

Quantification and statistical analysis

To analyze the population dynamics in vivo of each novel endocrine progenitor
population over developmental time, nine samples of human fetal tissue from 8 w (n = 3), 12w
(n=3), and 18 w (n = 3) were stained using multiplexed in situ hybridization and
immunofluorescence. For each biological sample, images from five areas were taken at random
and processed with the maximum intensity z-projection function with the ImageJ software
package. Adjustments to brightness and contrast were applied equally across images in a
series. The number of cells corresponding to each cell state was manually counted in each
biological sample from the five image areas using the Image J plug-in Cell Counter. The
proportion of each cell state present was then calculated using the sum of cells corresponding
to all cell states as the denominator, and cells that scored positive for a given cell state as the

numerator. Data were presented as Mean + SEM (n = 3). Graphs were generated in GraphPad
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software (Prism 8). When assessing the proportional changes of FEV+NEUROG3+ progenitor
cells over developmental time, an unpaired t-test was used to determine the statistical
significance of the difference between the ratio of FEV+NEUROG3+ progenitor cells at 8 and 12
wpc, as well as the ratio difference between 12 and 18 w.

To assess differences between stem cell-derived cells from FEV-KO vs. -WT hESCs,
data were quantified from flow cytometric analyses. At the early beta-like cell stage (Stage 6,
day 4), the proportion of C-PEP+/NKX6-1+ double positive cells in FEV-KO or -WT cells was
analyzed from three independent batches of differentiation. Statistical significance of difference
between the two groups was determined using the paired t-test in GraphPad software (Prism 8).
Data were presented as Mean + SEM. To quantify the proportional changes of hormone-
producing cells upon FEV knockout, immunofluorescence images of FEV-KO and -WT clusters
from two independent batches of differentiation were manually counted using ImageJ software,
and differences in cell proportion between WT and FEV-KO were assessed with an unpaired t-

test in GraphPad software (Prism 8).
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Figure 3.1: Large-scale single-cell RNA-Sequencing identifies striking cellular
heterogeneity within the human fetal pancreas.

(A) Overview of experimental approach. Eight samples of human fetal pancreas tissue ranging
from 8 to 20 weeks post-conception (w) were dissociated and subjected to red blood cell lysis
(“RBC(-)") to deplete erythrocytes. Resulting single-cell suspensions were then used directly
(“Total Pancreas”), or subjected to either magnetic bead-based enrichment for EpCAM+ cells
(“Epithelial(+)”), or depletion of CD45+ cells (“lImmune(-)"), followed by single-cell RNA-
Sequencing (scRNA-Seq). The 19 w-1 Epithelial(+) and 19 w-1 Immune(-) cells were from the
same tissue sample, and the 12w-1 Total Pancreas, 12w-2 Total Pancreas, and 12w-3
Epithelial(+) samples were three independent biological replicates. (B) UMAP visualization of
the merged scRNA-Seq dataset from all nine conditions, derived from eight biological
specimens at six developmental timepoints. Each cell is color-coded according to the Broad
Group to which it belongs. Expression of marker genes COL3A1, RAC2, CPA1, PECAM1,
SOX10, and CHGA are displayed in feature plots to the right. (C)-(H) Iterative clustering
performed using the CellFindR algorithm revealed three layers of heterogeneity within each
Broad Group, with Tier 1, 2, and 3 populations arranged in the inner, middle, and outer circles,
respectively. Clustering hierarchies depict cellular populations within the Broad Groups of (C)
immune; (D) mesenchymal; (E) endothelial; (F) neuronal; (G) exocrine; and (H) endocrine cells.
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Figure 3.2: CellFindR clustering and proportional representation of Broad Groups in the
human fetal pancreas, parsed by individual sample.

(A) Split UMAP visualization shows contribution of each sample to the overall merged dataset,
with cells colored according to their Broad Group identity. The total number of cells per sample
contributing to the merged data set is labeled on each UMAP. (B) Bar graph depicting the
proportional representation of each Broad Group in each of the individual scRNA-Seq samples.
(C) Hierarchical clustering of samples was performed based on gene expression of all epithelial
cells. Heatmap depicting Pearson correlation between all Epithelial cell populations (Exocrine
and Endocrine Broad Groups) across conditions.
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Figure 3.3: Identification of cell heterogeneity and cell-cell communication within the
mesenchymal and endothelial lineages of the fetal human pancreas.

(A) UMAP visualization of the cell populations comprising the human fetal pancreatic
mesenchyme. (B) Heatmap depicting the top differentially expressed genes per mesenchymal
cell type (C) Bar graph depicting the proportional representation of endothelial cell types across
developmental time. (D) 18 w human fetal pancreas tissue stained with an antibody against
Vimentin (VIM; green) and in situ hybridization (ISH) probes against SFRP1 (cyan), SFRP2
(magenta), and CCL21 (red) mRNA, counterstained with DAPI (blue) to detect nuclei. Aqua,
White, and Yellow arrowheads mark presumptive SFRP1"/SFRP1"CEBPD+ cells
(SFRP1+VIM+), SFRP2+ cells (SFRP2+VIM+) and CCL2"CCL21+ cells (CCL21+VIM+),
respectively. Dashed line represents magnified region in inset. (E) Heatmap depicting predicted
activity of the PDGF signaling pathway among the mesenchymal populations. (F) Comparison
of the predicted relative contribution of both significant PDGF signaling ligand receptor pairs,
PDGFA-PDGFRB and PDGFA-PDGFRA, across the mesenchymal compartment as a whole.
(G), (H) Circle plots depicting signaling mediated by PDGFA-PDGFRB (F) and PDGFA-
PDGFRA (G) ligand-receptor pairs between mesenchymal populations. Line thickness is
proportional to signaling strength, and line colors represent which population is the predicted
“Sender” of the signal; colors match populations in (A). (I) UMAP visualization of the populations
detected within the human fetal pancreatic endothelial Broad Group. (J) Heatmap depicting the
top differentially expressed genes per mesenchymal cell type. (K), (L) 18 w human fetal
pancreas tissue stained with antibodies against pan-endothelial marker CD31 (gray) and pan-
endocrine marker CHGA (green), along with ISH probes against (K) GJAS (yellow) and ACKR1
(magenta) or (L) GJAS (yellow) and PLVAP (magenta) mRNA; nuclei are counterstained with
DAPI (blue). Aqua, white, and yellow arrowheads mark presumptive GJA5+CD31+ Arterial cells,
ACKR1+CD31+ Venous cells and PLVAP+CD31+ Capillary/Venous cells, respectively. Dashed
insets represent magnified regions. (M) Heatmap depicting predicted activity of the NOTCH
signaling pathway among the various endothelial populations. (N) Predicted relative contribution
of each significant NOTCH signaling ligand-receptor pair within the endothelial compartment as
a whole. (O) Circle plot depicting the communication between endothelial populations with
respect to JAG1-NOTCH4 signaling. Line thickness is proportional to signaling strength, and
line colors represent which population is the “Sender” of the signal; colors match populations in
(). Scale bars are 25 um throughout.
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Figure 3.4: Novel populations discovered within the exocrine, neuronal, and immune
compartments, and predicted intercellular communication between all Broad Group cell
subtypes.

(A) Feature plots of cell-type specific markers of mesenchymal subclusters (B) Feature plots of
cell-type specific markers of endothelial subclusters (C) Bar graph depicting the proportional
representation of endothelial cell types across developmental time (D), (F, G) UMAP
visualization of cell populations identified by CellFindR within the (D) exocrine, (F) neuronal, and
(G) immune broad groups within the human fetal pancreas. (E) Heatmap depicting pearson
correlation of Exocrine clusters across the top 2,000 highly variable genes. (H) Bar graph
depicting the proportional representation of lymphatic and myeloid immune cell types across
developmental time (I)-(J) Predicted paracrine signaling pathways that mediate cell-cell
communication between different Broad Groups, as inferred by CellChat analysis. (I) Heatmap
of incoming signaling patterns depicting the cell types predicted to receive significant paracrine
signals. (J) Heatmap of outgoing signaling patterns depicting the cell types predicted to be the
source of significant paracrine signals. Bar graphs at the top of (I) and (J) represent the
aggregate signaling for each cluster across all signaling pathways; bar graphs on the right
represent the aggregate signaling strength of each signaling pathway across all clusters.
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Figure 3.5: Discovery of four novel putative progenitor populations and unique lineage
dynamics in the developing human endocrine pancreas.

(A) UMAP visualization of sub-clustered endocrine populations identified in the merged dataset
as shown in Figure 3.1b (inset). cEP = Common Endocrine Progenitor. (B) Feature plots show
expression of known markers of endocrine cell types, including NEUROG3 to mark endocrine
progenitors, INS to mark beta cells, GCG to mark alpha cells, SST to mark delta cells, and
GHRL to mark epsilon cells. Expression of the transcription factor FEV is also shown. (C)
Pseudotime reconstruction of endocrine lineage trajectories assembled using Slingshot. (D)
UMAP visualization of CellRank directed transition matrix. Arrows represent the directed
transition matrix based on the KNN graph and pseudotime values. (E) UMAP visualization of the
absorption probabilities, depicting the likelihood of each cell becoming each of the differentiated
cell types listed. (F) Heatmap reflecting the average absorption probabilities depicted in (E) for
each cluster. (G) Feature plot depicting expression of the transcription factor FEV in the
endocrine cells (H) Line graph showing the representation of each endocrine cell population as
a proportion of the total number of endocrine cells, across developmental time. (I) Heatmap
depicting expression levels of the top 5 differentially-expressed genes per endocrine cluster.
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Figure 3.6: Transcriptomic and population analyses of human fetal endocrine cells.

(A) Immunofluorescence staining of 9 and 18 w human fetal pancreas tissue for epithelial
marker E-Cadherin and hormones GCG, C-peptide and SST. Scale bar, 20 um. (B) UMAP
visualization of macrostates identified by CellRank. (C) Split UMAP visualization shows the
contribution of each individual sample to the merged endocrine scRNA-Seq dataset, with the
number of cells per sample listed and each cell colored according to its endocrine cluster
identity. (D) Heatmaps depicting expression levels of all differentially expressed genes among
endocrine cells of the human fetal pancreas (left). All differentially expressed transcription
factors are depicted in the heatmap on the right. (E) Pathway analysis of all genes with a log2-
fold change (log2FC) in expression of at least 0.5 between a single endocrine cell population
and all other endocrine cell populations of the human fetal pancreas. For each significant
pathway, the clusters in which that pathway is active is colored to match the color in panel (B).
(F-H) Volcano plots depicting pairwise comparisons of gene expression in Common Endocrine
Progenitor (CEP) vs. Pre-Alpha/Pre-Epsilon cells (F), cEP vs. FEV High (G), and Pre-Beta vs.
FEV High cells (H). Genes with a log2FC of at least 0.5 are highlighted.
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Figure 3.7: In vivo confirmation and quantification of novel endocrine progenitor cell
populations.

(A) Violin plot depicting expression of endocrine progenitor (EP) marker genes. (B) Model
showing predicted lineage relationships among developing human endocrine cells, along with
genes that mark each population. The lineage trajectory of human delta cells remains unclear.
(C,E,G,l) 8 w human fetal tissues were stained with an antibody against the differentiated
endocrine cell marker CHGA (green), along with probes against NEUROGS3 (cyan) and putative
EP cell markers (red) (C) SUSD2; (E) LMX1B; (G) PRPH; (1) ARX for detection by in situ
hybridization (ISH). Nuclei were counterstained with DAPI (blue). Scale bars, 10 um. Pink,
Purple, Aqua, and Blue arrowheads mark presumptive cEP cells (SUSD2+NEUROG3+CHGA-),
FEV High EPs (LMX1B+NEUROG3+CHGA+), Pre-Beta EPs (PRPH+NEUROG3+CHGA+), and
Pre-Alpha/Pre-Epsilon EPs (ARX+NEUROG3+CHGA+), respectively. (D,F,H,J) Quantification
of staining as performed in (C,E,G,l) extended across a time course of 8, 12, and 18 w. Y-axis
represents the proportion of each type of EP as a fraction of all cells that stained positive for at
least one of the markers. Data are presented as mean £ SEM (n=3 biological replicates per
timepoint).
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Figure 3.8: Multiplexed in vivo confirmation of novel putative endocrine progenitor
populations in the developing human pancreas.

(A) Multiplexed in situ hybridization (ISH) and immunofluorescence (IF) staining of 8 w human
fetal pancreas tissue with four probes against novel endocrine progenitor (EP) cell markers:
SUSD2 (red), PRPH (grey), LMX1B (cyan), and ARX (yellow); nuclei were counterstained with
DAPI (blue). Regions of interest (ROIs) 1, 2, 3, and 4 highlight cells expressing single marker
genes distinguishing Pre-Beta EP, cEP, Pre-Alpha/Pre-Epsilon EP, and FEV High EP cells,
respectively. Dashed lines indicate epithelial border in the tissue. Scale bars, 10 um. (B)
Dynamics of cell states assessed by multiplexed ISH and IF staining for FEV/NEUROGS3/CHGA,
across developmental time. The relative proportion of FEV+CHGA+ cells significantly increases
as development progresses. Significance was calculated using an unpaired t-test; **, P-value <
0.01. Data are presented as mean + SEM (n=3 biological samples per timepoint). (C)
Multiplexed ISH/IF staining for FEV (magenta), INS (green), and GCG (grey) on 18 w tissue. An
islet is circled with a dashed line. Scale bar, 25 ym. (D) Diagram summarizing expression of
FEV in EPs and GCG+ alpha cells.

153



A B C  GeneScore  Gene Expression
o0 Magnetic Selection Epsilon
12w human > dd’ Endocrine 160 nuclei !
fetal pancreas EPCAME Progenitors <
323 nucl
Single Nuclei e
ATAC Seq
Cell Label and RNA 3
Expression Matrix Transfer o~ o
c
Endocrine scRNA Seq Endocrine snATAC Seq -%
Figure 3a 1,737 nuclei 5
) ;
‘ Subset 5949 5
< i o =
. endocrine nuclei total nuclei <§( a
S| 608 nuclei
RNA Expression Matrix ~ Gene Score Matrix
D ARID3A extended (1101g) . ‘ POU6F2 (109g) &
= x
X1 45 ARID3A (299g) 273|?elta| g
ARIDSB (131g) Alpha nuclei
ASCL2 (2769g) 373 nuclei
EBF4_extended (16g) 1,737 nuclei
ETS2 (2259) - " log2(Gene S log2(Norm. Count
FOXP2 (19g) UMAP Dimension 1 Mf( ene w;:;x Moii‘ orm u:A:)X
MAFA (368g) E
il MAFB (281g) T1D
J MAF (100g) H
. —_—
g MEIS2 (132g) Fetal Beta :
3 MYCN (146g) 1
Fetal Delta —_—
g NKX86-1 (1659) :
2 NRSC1 (3159) Fetal EPs —_—
. § PDX1 (414g) _
+ ] PLAGL1_extended (286g) Adult Alpha - K
J 2 SOX5 (72g) P
8 ¥ ZNF254 (13g) Adult Beta —_—
§ 2 HHEX (154g)
% ] 1SL1 (353g) Adult Delta - ———
4 @a NKX8-3 (60g) T T T T
s POU2F2 (219g) -3 -2 -1 0 1 2 3
E RXRG (81g)
5
< 5 (5588 FEV (2829)
o FIléR(?é;ﬁ extended (395g) ARX (4769) T2D
z FOXA2 (288 T
i} HLH1 (2 9)
3 PAX4 (531 2 MEIS3 (17g) Fetal Alpha ! -
MESP1 (1329) Fetal Beta ——
PROX1 (29g)
Fetal Delta ——
28¢5
& guyg Fetal EPs —e—i
& -
5 Adult Alpha —_——
Target Region AUC RSS
0000 Adult Beta —e—i
0 1
TF Gene Expression Adult Delta - T T T T
— s 2 1 0 1 2 3
0 1
% confidence interval of enrichmen was (In
95% fid t | of hi t by f I
G
w chri = rs
» ¢chr1:213967101-214051510 PROX1 rs79687284
2 ‘
£ ]
-risk variants overlapping with chromatin-accessible peaks S I
F T2D-risk vari: lappi ith ch i ibl k: 3 |
from fetal Beta cells vs. adult Beta cells & )
]
> Fetal Beta
CCND2_rs3217792 . n ) |
CCND2_rs76895963 ° 17 o !
KCNQ1_rs2237897 ° 33 09
FBRSL1_rs12811407 ° 711 g2
HNF1A_rs1800574 ° 22 2% ‘
Qc ]
PROX1_rs79687284 L 22 o0& ‘
GCK_rs878521 ° 22 % i
ST6GAL1_rs3887925 . 2/2 g |
KCNQ1_rs231361 L] m”n n : Adult Beta
ADCYS5_rs11708067 L 2/4 g |
RAI1_rs4925109 L4 11/32 P;: :
HNF1B_rs10908278 ° 2/4 € ]
LRFN2_rs34298980 L n 5
MAEA _rs56337234 Y 3/5 z 213990000 214010000 214030000 214050000
GIPR_rs10406431 ® 4/8 REmmrrrrmnrr mronm [N Differential P_eaks
GPSM1_rs28505901 . 178 ! C-:ez;blseNlitselrr\;al
TCF7L2_rs34855922 ° 12
ATP1B2_rs1641523 L 27 [u— & " : -
CRHR2_rs917195 . 3/4 Proxt - '
NEUROG3_rs177045 L 2/2
Prox1-AS1
0.0 02 0.4 06 08 1.0 i

mean of the enrichment by GoShifter (10000 permutations)

154



Figure 3.9: Single-nucleus ATAC-Sequencing reveals chromatin accessibility dynamics
and diabetes genetic risk loci in the developing human endocrine pancreas.

(A) Schematic of workflow for single-nucleus ATAC-Sequencing (snATAC-Seq) performed on
EpCAM+ enriched cells from 12 w human fetal pancreas. (B) UMAP visualization of snATAC-
Seq data from all endocrine cells reveals populations of hormone-expressing cells (alpha, beta,
delta, and epsilon cells) as well as endocrine progenitors (collapsed here into a single
population; for endocrine progenitors broken down into 4 subpopulations see Figure 3.10b). (C)
Feature plots showing ATAC gene scores (left) and corresponding RNA expression values
(right) from integration of snATAC-Seq and scRNA-Seq data. (D) Heatmap depicting cell type
specific SCENIC+ eRegulons. Heatmap colors depict TF expression, while dot size depicts TF
target regions area-under-the-curve regulon specificity scores (RSS). (E) Forest plots depicting
enrichment of T1D and T2D risk variants in fetal and adult endocrine cells as assessed with
fGWAS. (F) T2D-risk loci enriched in differentially accessible peaks of fetal beta cells vs. adult
beta cells as measured by GoShifter. Fractions listed to the right of the plot represent the
number of SNPs in the genetic credible interval that are enriched in fetal vs. adult beta cells. (G)
Track plots displaying accessibility of the PROX1 locus in fetal (top) vs. adult (bottom) beta
cells. Differential peaks and T2D risk variants in the genetic credible interval are highlighted.
T2D risk variants overlapping with differential peaks are denoted by dashed lines.
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Figure 3.10: Gene regulatory networks in the human fetal endocrine pancreas.

(A) UMAP displaying snATAC-Seq data for all fetal pancreatic cells. (B) UMAP displaying
snATAC-Seq data for all fetal endocrine cells annotated via unconstrained integration with the
scRNA-Seq dataset from Figure 3.5. In contrast to Figure 3.9b, here the endocrine progenitor
(EP) subpopulations are labeled individually rather than pooled. (C) ATAC gene scores (left)
and corresponding RNA expression values (right) of EP markers as defined in Figure 3.7a. (D)
UMAP displaying SCENIC+ eRegulon dimensional reduction of fetal endocrine cells. (E)
UMAPs displaying TF expression (left column), TF target gene enrichment (middle column) and
TF target region enrichment (right column) in the SCENIC+ endocrine dataset. (F) Heatmap
depicting co-operativity among the target regions of eRegulon TFs, clustered based on the
Jaccard Index (overlap between target regions of the given eRegulon TF). (G) Network diagram
depicting eRegulons for NEUROG3 and NEUROD?2. Target regions (diamond shape) are
colored by their log2 FC enrichment in the EP cell type, and target genes are represented by
circles.
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Figure 3.11: T1D and T2D GWAS risk loci in the human fetal and adult pancreas.

(A) T2D-risk loci enriched in differentially accessible peaks of fetal EP vs. adult hormone+
endocrine cells, as identified by GoShifter. Fractions listed to the right of the plot represent the
number of SNPs in the genetic credible interval that are enriched in fetal EP cells vs. adult
hormone+ cells. (B) T1D-risk loci enriched in differentially accessible peaks of fetal beta cells
vs. adult beta cells, as determined by GoShifter. Fractions listed to the right of the plot represent
the number of SNPs in the genetic credible interval that are enriched in fetal vs. adult beta cells.
(C) Track plot displaying accessibility of the MEG3 locus in fetal (top) vs. adult (bottom) beta
cells. Differential peaks and T1D risk variants in the genetic credible interval are highlighted.
T1D risk variant overlapping with differential peaks is denoted by dashed line.
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Figure 3.12: Transcriptional comparison of in vitro stem cell-derived endocrine cells with
their endogenous in vivo counterparts.

(A) Cartoon representing the stages of beta cell differentiation in vitro from human pluripotent
stem cells (SCs). (B) Cartoon depicting the workflow for classifying in vitro derived endocrine
cells (C) Classification of in vitro SC-derived endocrine cells generated during Stage 5 of the
differentiation protocol (23), using our human fetal pancreatic endocrine dataset and a human
fetal intestinal enteroendocrine dataset (247) as a reference. UMAPs show annotation by Veres
et al. (left) versus by cell-based classifier scPred (right), according to similarity to endogenous
human fetal pancreatic endocrine and/or intestinal enteroendocrine cells. EC cell,
enterochromaffin-like cell. EE cell, enteroendocrine cell. (D) Proportions of each cluster of SC-
derived endocrine cells from the Veres et al. dataset that are annotated as intestinal or
pancreatic cell types according to the cell type classifier. (E) Classification of the in vitro stem
cell-derived enterochromaffin-like cell (sc_EC) cluster from the Veres et al. dataset, broken
down according the number of days they have been cultured the number of days they have
been cultured in Stage 5 media. (F) Heatmap showing the average gene expression of EC-
associated genes among the pancreatic Pre-Beta and Beta cells, intestinal TAC7+ EC cells,
and in vitro sc_EC cells. (G) Model representing the major cell type classifications along the
sc_Beta and sc_EC lineages. (H) Dot plot depicting expression of all transcription factors
differentially expressed between in vitro-derived sc_EC cells and endogenous pancreatic Beta,
pancreatic Pre-Beta, and intestinal ECs.
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Figure 3.13: Classification of endocrine cells generated in vitro.

(A) Feature plots of in vitro stem cell (SC)-derived Stage 5 endocrine cells (Figure 3.12c).
Classifier probability score indicates the likelihood that each cell is classified as a pancreatic
Pre-Beta progenitor (left) or TAC1+ intestinal enterochromaffin (EC) cell (right). (B) UMAP of
cells generated at the final (beta cell) Stage 6 of the stem cell differentiation protocol, with
annotation by Veres et al. (left) or by cell-based classifier scPred (right). (C) Proportions of each
SC-derived cluster from Stage 6 of the Veres et al. dataset that are annotated as either
pancreatic or intestinal cells by the cell type classifier. (D) Proportions of the in vitro sc_EC
cluster from the Stage 6 dataset that are annotated by the cell type classifier as pancreatic or
intestinal cells, broken down by the number of weeks (0 to 5) in culture with Stage 6 media. (E)
Heatmap depicting the Pearson correlation between cells generated at Stage 6 in vitro and fetal
alpha or beta clusters, based on expression of genes that are highly variable in both fetal and in
vitro datasets. Both fetal beta and fetal alpha cells are labeled according to the number of
weeks that they were cultured in Stage 6 media. (F) Dot plot showing selected genes
differentially expressed between fetal beta cells and Stage 6 SC-derived beta-like cells. (G)
Dual in situ hybridization/immunofluorescence staining of 18 w human fetal pancreas tissue
(top) and stem cell-derived clusters (Stage 6, day 12) (bottom). Cells were stained to detect
MEG3 mRNA and INS protein, with DAPI staining nuclei in blue. Scale bar, 25 ym. (H) Violin
plots comparing the expression of known regulators of alpha cell fate in endogenous fetal alpha
cells vs. in SC-derived alpha-like cells generated in vitro during Stage 6 of the differentiation.
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Figure 3.14: Loss of FEV diminishes differentiation of human stem cells to beta-like cells
in vitro.

(A) UMAPSs displaying FEV expression (left column), FEV target gene enrichment (middle
column) and FEV target region enrichment (right column) in the SCENIC+ endocrine dataset.
Cluster labels are as annotated in Figure 3.10d. (B) Network diagram of FEV targets in the
endocrine GRN. (C) Schematic for the generation of a FEV knockout (KO) human embryonic
stem cell (hESC) line using CRISPR-Cas9 mediated gene editing. A WT (non-edited) line was
used as a control. (D) Quantification of flow cytometry data from three independent paired
differentiations of FEV-KO vs. WT control hESCs towards the early beta-like cell (BLC) stage
(Stage 6, day 4). Efficiency of generating beta cells was quantified as percent cells staining
positive for both C-PEPTIDE and NKX6.1. Data are presented as mean + SEM (n =3
independent batches of paired differentiations). *, p-value < 0.05, paired t-test. (E) Volcano plot
depicting the genes differentially expressed between the FEV-KO vs. WT BLCs at Stage 6, day
10 of the directed differentiation, as assessed by bulk RNA-Sequencing. Red dots depict genes
with a log2FC of at least 0.5. (F) Pathway analysis of the genes differentially expressed
between FEV-KO vs. WT cells at Stage 6, day 10. Pathways deemed enriched in WT cells are
shown in pink, and those enriched in FEV-KO cells are shown in blue. (G) Up-set plot showing
intersection of differentially-expressed genes (DEGs) (defined as log2 FC at least 0.5) specific
to any one of the fetal beta lineage cell populations (i.e., FEV High, Pre-Beta, or Beta), along
with DEGs identified in a comparison of WT vs. FEV-KO BLCs. (H) Heatmap depicting the
expression levels of representative fetal beta lineage genes in paired differentiations of FEV-KO
and WT cells. (I) Representative staining of WT and FEV-KO BLCs (Stage 6, day 12) for SST
(green), GCG (red), C-PEP (gray), and DAPI (blue) (left panels). Scale bars: 100 um. Right
panel: Quantification of aggregate immunofluorescence staining data across two batches of
differentiation (N=1,770 WT cells, N=2,300 FEV-KO cells). Each dot represents the cell ratio
quantified per cluster. Graphs are represented as mean + SEM; n.s., not significant; ** p-value <
0.01; unpaired t-test.
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Figure 3.15: FEV marks endocrine progenitor cells in vitro, and its loss results in
impaired endocrine development.

(A) Beta-like cells (BLCs) were generated from pluripotent (Pluri) human embryonic stem cells
(hESCs) using a six-stage differentiation protocol. FEV mRNA expression was measured
throughout the differentiation by gRT-PCR Tagman analysis. Adult human islets are included as
control. (B) Representative dual in situ hybridization (ISH) and immunofluorescence (IF) staining
of a cluster of hESC-derived endocrine stage cells (Stage 5, day 5) to detect FEV mRNA
(yellow) and NEUROG3 mRNA (cyan), along with CHGA protein (magenta). Nuclei were
counterstained with DAPI (blue). Scale bar: 25 ym. Yellow arrowheads indicate
FEV+/NEUROG3+ double-positive putative endocrine progenitors. (C) Tracking of Indels by
DEcompositon (TIDE) analysis reveals efficiency of indels (insertions or deletions) in both
alleles of the FEV locus in the FEV-KO line. (D) Sanger sequencing of the region of the FEV
locus flanking the CRISPR gRNA cut site (outlined in black) for both FEV-KO and WT hESCs.
KO sequence was aligned to WT, and misaligned nucleotides are outlined in red. (E)
Quantification of flow cytometry data from three independent paired differentiations of FEV-KO
vs. un-edited WT control hESCs at various differentiation stages towards the BLC stage. Data
are presented as mean + SEM. n.s. not significant, paired t-test. hRESC represents cells in a
pluripotent stage, ES1 (end of Stage 1) represents cells in a definitive endoderm stage, ES3
(end of Stage 3) represents cells in an early pancreatic progenitor stage and ES5 (end of Stage
5) represents cells after endocrine progenitor specification. (F) UMAP embeddings of CellOracle
in silico transcription factor perturbation results. (G) Heatmap showing gene expression levels of
known targets of FEV in FEV-KO and WT cells at the BLC stage (Stage 6, day 10). Target
genes with a log2FC of at least 0.5 are deemed significantly differentially expressed (red).
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Chapter 4: Conclusions and Future Directions
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4.1 Overview of findings

In this work, we have constructed a roadmap of human and mouse pancreatic
development by generating multi-omic, single-cell transcriptomic and epigenetic data of known
and novel cell types across developmental time. In Chapter 2, we detailed our analysis of
murine pancreatic endocrine and mesenchymal development, using snATAC-Seq data to
construct gene regulatory networks and identify critical transcription factors and downstream
target genes that potentially govern cell fate decisions in these populations. Together, our work
will serve the field as a foundation for improved understanding of pancreatic development and of
how to better recapitulate it in vitro. In Chapter 3, we detailed our analysis on human fetal
pancreas development, identifying novel cellular heterogeneity and transcriptional control of cell
fate decisions. By performing in silico lineage reconstruction analysis, we have expanded the
field’s understanding of how an endocrine progenitor cell differentiates into a hormone-
expressing endocrine cell and identified candidate regulators of this process by constructing the
gene regulatory networks operant in each fetal endocrine cell type. Using epigenomic data, we
identified type | and type Il diabetes genome wide association study (GWAS) single nucleotide
polymorphisms (SNPs) that are enriched in developing endocrine cells compared to their adult
counterparts, potentially identifying GWAS SNPs that exert developmental-specific effects.
Furthermore, we have compared endogenous human cells undergoing endocrinogenesis in vivo
to stem cell-derived cells undergoing directed differentiation in vitro, thereby classifying in vitro
endocrine cells according to their in vivo counterparts and identifying discrepancies in gene
expression between the two. Lastly, we have identified a role for the transcription factor FEV in

human beta cell differentiation.

169



4.2 Cellular heterogeneity and transcriptional control within the non-endocrine

compartments of the developing human and murine pancreas

Although this work largely focuses on the developing human and murine endocrine cells
of the pancreas, the importance of non-endocrine cell types cannot be ignored. Using scRNA-
Seq, we identified significant heterogeneity in the non-endocrine compartments of the human
fetal pancreas. While some of these cell types had previously been described during pancreatic
development (i.e., arterial and venous endothelial cells), other compartments had little to no
previous knowledge of cellular heterogeneity and transcriptional regulation among these cell
types. This included the mesenchymal cells of the pancreas, which have been described as
consisting of only a few cell types (i.e., activated/inactivated stellate cells, vascular-associated
mesenchymal cells) by the time of adulthood (267), but are described here as consisting of at
least 15 distinct cell types. It is still not understood when or how these diverse mesenchymal cell
types are resolved into the apparently more generic stellate cells by adulthood. This would be
difficult to study in human fetal development, as fetal pancreas tissue past 20 w is difficult to
obtain. One alternative approach would be to use less conventional animal models such a pig,
which is thought to develop more similarly to human fetal pancreas and to follow more similar
gestational timing to humans than mice (268,269). One could then track the emergence and
disappearance of mesenchymal cell types through the use of scRNA-Seq, sampling cells across
developmental time. Once an atlas of mesenchymal cells is identified, Cre-mediated lineage
tracing could then be used to determine which mesenchymal cell type(s) ultimately differentiates
or resolves to the adult pancreatic stellate cell. Similarly, we also detected additional neuronal,
immune, and exocrine populations during human development that also warrant further study.
Understanding the cellular changes across human pancreas development in these non-
endocrine cell types may inform the field as to how these populations may drive endocrine

differentiation and development through direct or indirect ways. Isolated human fetal
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mesenchymal cells have already been shown to increase glucose-mediated insulin secretion of
stem cell-derived beta cells in vitro (270), although this effect was not narrowed down to any
specific mesenchymal cell type. Our atlas of non-endocrine cell types in the fetal pancreas could
be used to discover ways to isolate different cell types, i.e. using expressed surface markers,
and could be then be co-cultured with stem cell-derived beta cells to assess any changes in
functional maturation. Our single-cell datasets could also be used to identify and test potential
ligand-receptor pairs, as done with our CellChat analysis.

In the murine pancreas, we integrated scRNA-Seq data previously published by the
Sneddon lab with novel shnATAC-Seq data to generate GRNs of the developing murine
pancreatic mesenchyme. This analysis elucidated novel candidate transcription factor regulators
of mesenchymal cell fate and potential downstream target chromatin and target genes of these
transcription factors. Future directions could involve confirming predicted TF binding targets of
some of these factors using TF-chromatin precipitation techniques such as ChIP-Seq or CUT &
RUN. Although ChIP-Seq requires large cellular input, CUT & RUN has been shown to work
with as few as <10,000 cells (271), increasing the feasibility of TF binding confirmation.
Candidates could first be screened by the availability of high-quality antibodies for ChIP-
Seq/CUT & RUN, and then by previously described importance for mesenchymal cell
maintenance in other tissues and contexts. Knowledge of critical factors could aid in the
generation of pluripotent stem cell-derived mesenchymal cells for analyzing heterotypic cell
interactions between mesenchymal and endocrine cells of both the human and murine
pancreas.

Although no formal comparison of human and mouse murine pancreas was performed in
either chapter of this study, some similarities and differences between the two can be gleaned.
In the mesenchymal compartment, there are Sfrp2/SFRP2+ clusters in both human and mouse
developing pancreas, as well as vascular smooth muscle cells. Mesothelial cells were much

more prominent in the mouse pancreas, likely due to differences in the anatomical structure and
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dissection process between the two. In the future, comparison of mouse and human
mesenchymal GRNs can help identify any species-specific gene regulation occurring during

mesenchymal differentiation and maturation.

4.3 Cellular heterogeneity and lineage reconstruction in the human fetal endocrine

pancreas

Identification of all endocrine progenitor populations is crucial for in silico lineage
reconstruction analyses in the developing human pancreas. Previous work by Yu et. al.
identified four novel EP populations (EP1-EP4) in the developing human fetal pancreas using
scRNA-Seq (177). Through computational lineage reconstruction, they postulate that these EP
populations represent sequential progenitor states that have different differentiation potential,
where EPs 1-3 follow sequentially in the lineage. EP3 can then differentiate either to EP4 or
epsilon cells, with the EP4 cluster giving rise to alpha, beta, or delta cells. In our work, we also
identified four EP populations with seemingly different differentiation potencies towards the
hormone+ endocrine cells. While the lineage reconstruction in Yu et. al. is very reminiscent of
murine endocrine development, our lineage construction analysis predicts that human endocrine
differentiation is distinct from mouse. These differences in predictions might be due to
differences in lineage reconstruction algorithms used between Yu et. al. and our group; Yu et.
al. utilized a Force Directed Layout (FDL) to draw a graph representation of their endocrine
scRNA-Seq data, and then inferred endocrine lineage with Slingshot (206), which has been
shown to be very accurate compared to other lineage reconstruction methods in benchmarking
tests (272). Our study also utilized Slingshot to calculate pseudotime values, which were then
fed into CellRank (205) to calculate a transition matrix and absorption probabilities (i.e.,
likelihood of one cell state, or cluster, to transition to another). Of note, Yu et. al._utilized
MSMRT-Seq, a well-based scRNA-Seq method that allows for deeper sequencing and gene

capture to calculate a gene co-expression network (GCN) of the single-cell data for variable
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feature selection, which was then applied to a 10x Genomics dataset of fetal endocrine cells for
data processing and lineage reconstruction. Which set of methods, and therefore lineage
inference, are more robust than the other likely cannot be determined with computational tools
alone and will need to include some form of in vivo lineage tracing. In vivo lineage tracing
methods have been utilized on some human tissue types, inferring cellular differentiation and
lineage through somatic DNA mutations (273), lentiviral-mediated expression of cellular
barcodes and CRISPR (274). These methods, however, require some sort of cellular division to
carry the lineage information from EP to hormone expressing cell type; as cell division is not
thought to occur in endocrine differentiation, utilizing these techniques to determine fetal
endocrine development may be difficult.

Of note, our clustering did not predict a pre-delta progenitor population and dimensional
reduction of our data did not “connect” the delta cluster to any of the EP populations, making
lineage reconstruction impossible for the delta population in our dataset. Yu et. al. predicted that
the EP4 population serves as a common progenitor to alpha, beta, and delta cells. As stated
above, in vivo lineage tracing would likely be needed to prove this prediction. Given the
importance of delta cell signaling in glucose homeostasis (275), unraveling the lineage
differentiation towards a delta cell fate is crucial for our understanding for understanding delta
cell development and potential in vitro delta cell directed differentiation protocols.

Numerous studies have reported the heterogeneity in hormone-expressing pancreatic
cells, particularly in the beta cell. These include beta cells that display functional heterogeneity,
such as so-called hub cells (276), “extreme” beta cells (277), and virgin beta cells (278). Other
studies have reported beta cells that are transcriptionally heterogenous using scRNA-Seq,
either during homeostasis or in a disease state (57,277). Notably, a recent publication
investigating homeostatic beta cell heterogeneity identified through scRNA-Seq found that very
few of the features that drive this heterogeneity are shared across multiple scRNA-Seq

datasets, calling into question the validity of these findings (259). This result highlights the
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importance of verifying in silico findings in vivo with protein labeling or in situ hybridization. Our
dataset, as well as the scRNA-Seq dataset from Yu et. al. did not contain any heterogeneity in
the hormone-expressing populations, possibly because they do not exist during fetal

development.

4.4 Transcriptional control and epigenomics of endocrine development

Gene expression is largely governed by transcription factors that control the expression
of downstream target genes by binding to regulatory genomic regions. These regions,
commonly called cis regulatory elements (CREs), serve as enhancers or silencers, activating or
repressing gene expression, respectively. This is usually achieved through the binding of TFs to
these sites through the recognition of TF DNA binding motifs and downstream recruitment of
other cofactors to either enhance or repress the expression of their associated gene (279).
Therefore, understanding the general chromatin landscape of particular cell types and which
transcription factors bind to these regulatory regions is critical for gaining a deeper
understanding of cellular processes such as cell fate decisions and functional maturation. In our
work, we utilized snATAC-Seq to understand the epigenomic landscape of endocrinogenesis in
both mouse and human development. Through computational tools, we combined both
chromatin accessibility and gene expression to construct GRNs of both human and mouse
endocrine cells, allowing us to infer important regulators of endocrine differentiation. When
comparing human and mouse GRNs, we can see shared TFs between the two, identifying
conserved features between the two species. For instance, beta cells share known TFs
Mnx1/MNX1, Nkx6-1/NKX6-1, Pax6/PAX6, and Pdx1/PDX1. Because these GRN analyses
were not performed with the same computational methods, identifying TFs that are present in
one species and not the other is difficult, as the difference being due to true biology and not

computational methods cannot be definitely answered. While powerful, these analyses are still
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computational predictions and therefore need to be validated through the use of TF binding

assays such as ChlP-Seq or CUT & RUN.

4.5 Comparison of in vivo and in vitro human endocrinogenesis

Current stem cell-derived beta cell differentiation protocols suffer from a lack of
efficiency in generating pure populations of beta cells, as well as functional immaturity of the
beta cells produced. These hurdles might be due to missteps in cell fate decisions and
precocious gene expression. Therefore, understanding in vivo human endocrinogenesis is
essential for the improvement of in vitro stem cell differentiation protocols. A previous study
identified a population of cells within in vitro beta like-cell clusters that resemble
enterochromaffin cells found within the intestine (dubbed sc-EC cells) (23). These cells
comprised a significant proportion of the total endocrine cell population and express known
markers of enterochromaffin cells such as TPH1, DDC, SLC18A1, LMX1A, ADRAZ2A, TAC1,
CXCL14, and FEV. Interestingly, another recent study postulates that these sc-EC cells are not
an erroneous cell type, but rather pre-beta cell progenitors that are present during human in vivo
endocrine development (280). To address this discrepancy in the literature, we compared stage
5 (endocrine progenitor) and stage 6 (beta-like cell) scRNA-Seq datasets against our fetal
endocrine pancreas dataset, as well as a recently published scRNA-Seq dataset of
enteroendocrine cells from the fetal intestine (247). We found that the sc-EC cells do in fact
more closely resemble intestinal EC cells and not any pre-beta endocrine progenitors, and
therefore are likely an off-target, non-pancreatic population that arises during in vitro
differentiation. This is not surprising, given that the transcriptional programs that govern
endocrine development in both the intestine and pancreas are very similar (249); sc-EC cells
likely arise from small changes in gene expression that push the endocrine progenitors to an
intestinal vs. pancreas cell fate. By comparing the transcriptional profiles of in vivo and in vitro

endocrine differentiation, we hope to have identified candidate genes and transcription factors
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whose expression can be modulated to not only increase the efficiency of the generation of
beta-like cells, but also improve their functionality. Indeed, with the advent of multi-omic single-

cell technologies, this approach is already being applied (155,280).

4.6 Role of FEV in endocrine development

The transcription factor Fev, also known as Pet1 in mice, has been described as a
master regulator of serotonergic neuron differentiation and function (143,281). Fev has also
been investigated in the context of murine pancreas function, where adult knockout mice were
found to have an impairment of glucose clearance due to a decrease in insulin content in beta
cells (144). Indeed, ChIP-Seq studies of Fev in a beta cell related cell line revealed that Fev
binds directly to the Insulin promoter and regulates its expression. Importantly, global loss of
Fev did not lead to any defects in differentiated hormone+ cell number, indicating that while Fev
does regulate insulin expression, it is not a critical regulator of beta cell differentiation (144).
This result is consistent with our GRN analysis of the developing endocrine cell of the murine
pancreas, where we predict that Fev binds to genes related to synaptic vesicle formation and
pancreatic secretion.

Our work in human endocrine development points to potential differences between
human and mouse Fev. While Fev marks progenitor populations in both human and mouse
endocrine cells, the differentiation capacity of Fev-expressing progenitors is different between
the two species. Furthermore, while Fev is seemingly dispensable for endocrine specification in
the mouse pancreas, we observed a significant reduction in the number of CPEP+/NKX6.1+
cells in our FEV knockout hESC line. The predicted targets of FEV in our human GRN included
important endocrine-related genes such as PAX4, NEUROG3, NKX2-2, INSM1, and
MAFA/MAFB, indicating that FEV might play a more critical role in cell allocation in human
development. Confirmation of Fev/FEV GRN targets with ChIP-Seq or CUT & RUN would

greatly aid in elucidating the phenotypic effect of Few/FEV KO in the murine and human
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pancreas, and further highlights the need to study both mouse and human pancreatic

development.
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