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SUMMARY

Single-cell RNA sequencing has paved the way for delineating the pancreaticislet
cell atlas and identifying hallmarks of diabetes. However, pathological alterations
of type 2 diabetes (T2D) remain unclear. We isolated pancreatic islets from con-
trol and T2D mice for single-cell RNA sequencing (scRNA-seq) and retrieved mul-
tiple datasets from the open databases. The complete islet cell landscape and
robust marker genes and transcription factors of each endocrine cell type were
identified. GLRA1 was restricted to beta cells, and beta cells exhibited obvious
heterogeneity. The beta subcluster in the T2D mice remarkably decreased the
expression of Slc2a2, Gé6pc2, Mafa, Nkx6-1, Pdx1, and Ucn3 and had higher
unfolded protein response (UPR) scores than in the control mice. Moreover, we
developed a Web-based interactive tool, creating new opportunities for the
data mining of pancreatic islet scRNA-seq datasets. In conclusion, our work pro-
vides a valuable resource for a deeper understanding of the pathological mecha-
nism underlying diabetes.

INTRODUCTION

The islets of Langerhans, which account for only 5% of the pancreatic mass, mainly consist of five endo-
crine cells, including alpha (glucagon), beta (insulin), gamma (pancreatic polypeptide), delta (somato-
statin), and epsilon (ghrelin) cells.” Pancreatic islet composition and beta cell heterogeneity have been
widely studied, but little is known about the less common cell types, such as gamma and epsilon cells.”
Hormone-producing endocrine cells play major roles in glucose homeostasis, and islet dysfunction is a
hallmark of type 1 diabetes (T1D) and type 2 diabetes (T2D) mellitus. Diabetes is characterized by chronic
metabolic disorders that cause serious complications in the middle-late stages.® T2D is a heterogeneous
disease caused by insulin deficiency and resistance. The pathological mechanisms underlying insulin
secretion deficiency have been controversial. Whether and how beta cell apoptosis, dedifferentiation,
and endoplasmic reticulum (ER) stress are involved in the progression of diabetes needs further investi-
gation. In addition, the imaging methods for the accurate evaluation of beta cell mass and secretion
function remain to be explored.

Recently, the advent of single-cell RNA sequencing (scRNA-seq) paved the way for delineating the
pancreatic islet cell atlas and identifying cellular heterogeneity at unprecedented resolution."" For
example, Baron et al.” isolated pancreatic islets from four human and two mouse donors and conducted
scRNA-seq analysis using the inDrop platform. A comprehensive list of pancreatic cell types and specific
transcription factors (TFs) was identified. Enge et al.® directly measured the effects of aging on the hu-
man pancreas using single-cell transcriptome analysis. Human pancreas was derived from eight donors
of different ages. They found that endocrine cells from older donors showed remarkably increased levels
of transcriptional noise and identified an age-related mutational signature. Many studies’™"" have re-
vealed the beta heterogeneity and pathological alterations of T2D in human donors using scRNA-seq
technologies. Moreover, Qiu and colleagues investigated the key maturation pathways and signatures
of pancreatic islet alpha and beta cells using the Smart-seq2 method. However, the sample size and
number of captured cells were limited in previous studies at the beginning of the application of
scRNA-seq. Type 2 diabetes mice (Lepr knockout model) have been widely used to explore the patho-
logical characteristics of diabetes and diabetic complications, whereas scRNA-seq of this model has not
been performed.
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As mentioned earlier, there is a tremendous amount of scRNA-seq data for pancreatic islets to be deeply
analyzed. With the evolution of bioinformatics methods, scRNA-seq data will provide more valuable infor-
mation for the identification of rare cell types,'*'? diagnostic and prognostic biomarkers,'* cell-to-cell
communication,’”™"” and cellular developmental trajectories.'®'? In previous scRNA-seq studies for
pancreatic islets,”'"*? newly established bioinformatics methods were not applied. In this study, all avail-
able human and mouse scRNA-seq datasets were retrieved from open databases. We revealed the com-
plete cell landscape of the islets of Langerhans and identified the common marker genes and TFs of each
endocrine and exocrine cell type across all datasets. The expression and distribution of glycine receptors
and transporters in the pancreas were also investigated. In addition, we isolated pancreatic islets from the
control (BKS_WT) and T2D (BKS_DB) mice and conducted scRNA-seq analysis. Pathological alterations,
including glycolysis, hypoxia, ER stress, and dedifferentiation, of T2D at single-cell resolution were
explored. A Web-based interactive tool was established, which created new opportunities for data mining
of pancreatic islet scRNA-seq datasets.

RESULTS
Cross-species scRNA-seq delineated pancreatic islet cell atlas

To uncover the cellular landscape of the islets of Langerhans, especially for rare gamma and epsilon
cells, multiple scRNA-seq datasets of pancreatic islets were retrieved from open databases. A total of
20,492 cells from seven human and two mouse datasets were obtained after filtering out the low-quality
cells. Pancreatic islets were isolated from human and mouse donors of different ages, developmental
stages, and diabetes types (Figure STA). Uniform manifold approximation and projection (uUMAP) was
used to delineate the pancreatic islet cell atlas for each dataset. Cells were segregated into distinct clus-
ters in two dimensions, according to transcript profiles (Figure 1A). We did not detect any obvious spec-
imen-derived bias after integrating scRNA-seq data using the Harmony method (Figure S1B). The cell
types were identified by cross-referencing the signature genes of each cluster with known markers of
cell populations reported in previous studies,”” such as GCG (Gcg) for alpha, INS (Ins1) for beta, PPY
(Ppy) for gamma, SST (Sst) for delta, KRT19 (Krt19) for ductal cells, PRSS1 (Try4) for acinar cells, LUM
(Lum) and DCN (Dcn) for fibroblasts, RGS5 (Rgsb) for stellate cells, CDH5 (Cdhb5) for endothelial cells,
AIF1 (Aif1) for macrophages, CD79A (Cd7%a) and MS4A1 (Ms4a1) for B cells, and CD3D (Cd3d) for
T cells. (Figures S1C, S1D, S2A-S2D, and S3A-S3C). We identified alpha, beta, gamma, delta, ductal,
and acinar cells in most datasets (Figure 1A). In addition, few fibroblasts, macrophages, stellate, and
endothelial cells were identified in some datasets, indicating that exocrine and mesenchymal cells could
not be completely removed during pancreatic islet isolation. No cluster specifically expressing GHRL
(Ghrl), which is a maker of epsilon cell, was found (Figure 1A). Violin plots showed that alpha-specific
GCG (Gceg) was also expressed in other cell subpopulations, and similar results were observed for INS
(Ins1/2), PPY (Ppy), and SST (Sst). However, ductal, acinar, fibroblast, macrophage, and endothelial
cell markers were expressed specifically in the corresponding subpopulation (Figures S1C, S1D, S2A-
S2D, and S3A-S3C). Thus, more attention should be paid to performing droplet-based scRNA-seq for
pancreatic islets because ambient RNA contamination is far more likely to occur in endocrine cells.
Then, the top five cell subpopulation-specific genes were generated using the FindMakers function
(Figures S3D-S3G and S4A-S4E).
Consistent with previous studies,”’"*” we found that pancreatic islet composition was not uniform across
individuals and changed in response to physiological and pathological conditions, such as aging and
diabetes (Figure 1B). There was a difference in pancreatic islet composition between humans and
mice. Human islets consisted mostly of alpha and beta cells, and few gamma and delta cells, whereas
beta cells were the predominant cell type in the mouse islets (Figures 1B and 1C). Notably, compared
with juvenile (ages 1 month, 5 years, and 6 years) and young adult patients (ages 21 and 22 years),
adult/middle-aged patients (ages 38, 44, and 54 years) had a lower proportion of beta and a higher pro-
portion of alpha in Enge’s dataset.’ Very few endocrine cells, including alpha, beta, and delta cells, were
captured in an adult patient with T1D in Wang’s dataset,'® indicating islet deficiency. There was no
significant difference in the proportion of beta between normal (ND) and T2D groups in many data-
sets™/ 1 (Figure 1B).

Robust marker genes of endocrine and exocrine cells in the pancreas were identified

Identification of cell-specific genes is a prerequisite for sorting cell subpopulations and exploring their
biological functions. However, marker genes of gamma and delta cells are largely unknown. Here,
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Figure 1. scRNA-seq delineates pancreatic islet cell landscape
(A) UMAP showing main cell types for each dataset. Each dot represents one cell, and cell types are coded with different
colors.
(B and C) Proportion of cell populations from different specimens for human datasets (B) and mouse datasets.

common marker genes of alpha, beta, gamma, delta, ductal, and acinar cells across all datasets were
obtained, which represented the most reliable markers of these cell populations (Figures 2A-2H). Consis-
tent with previous studies,””'""?° well-known marker genes of endocrine and exocrine cells were identi-
fied, such as GCG (Geg), IRX2 (Irx2), LOXL4, and FAP for alpha cells (Figures 2A, 2B, and S5A); INS (Ins1,
Ins2), DLK1, and IAPP (lapp) for beta cells (Figures 2C, 2D, and S5B); PPY (Ppy), SERTM1, and SLC6A4 for
gamma dells (Figures 2E and S5C); SST (Sst), LEPR, and BCHE for delta cells (Figures 2F and S6A);
KRT19 (Krt19), CFTR (Cftr), MMP7, and AMBP for ductal cells (Figures 2G and S6B); and PRSS1, PNLIP,
CTRB2, and REG1A for acinar cells (Figures 2H and S6C). Notably, ADCYAP1 was specifically expressed
in beta cells in all human datasets, suggesting its potential as a new marker of beta cells (Figures 2C
and S5B). ADCYAP1 gene encodes a pituitary adenylate cyclase activating polypeptide (PACAP), which
is a secreted proprotein with the ability to activate adenylyl cyclase. PACAP is a membrane-bound
enzyme that increases cyclic adenosine monophosphate levels, resulting in the transcriptional activation
of multiple target genes. Other endocrine and exocrine cell-specific genes are summarized in Tables S1
and S2.
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Figure 2. Robust marker genes of endocrine and exocrine cells are identified

(A-H) The upset plots showing common marker genes across all scRNA-seq datasets, which are labeled with different
colors. The number of marker genes is shown with bar plots. The common marker genes are summarized in the box, and
highlighted with red color when they are conserved across species. Colorful upset plots represent different cell types,
including alpha (A and B), beta (C and D), gamma (E), delta (F), ductal (G), and acinar cells (H). The number of common
marker genes of each cell type across multiple datasets is shown at the top of the bar chart.

Beta had enriched expression of GLRA1

T2Dis a chronic disease caused by relative insulin deficiency and resistance. Beta dysfunction happens long
before the blood glucose level was elevated. Accurate function evaluation of beta is crucial for the individ-
ual treatment of patients with diabetes.”® In this regard, it is imperative to develop non-invasive and early
diagnostic methods to evaluate the quantity and secretory function of beta cells. Our previous studies
showed that a probe of [18F] bor-glycine was specifically enriched in the pancreas for positron emission
tomography (PET)/computed tomography (CT) imaging, and the level of this probe was correlated linearly
with the quantity of beta cells. The glycine receptors (encoded by GLRA1/2/3 and GLRB) and transporters
(encoded by SLC6A5 and SLCAY) are involved in glycine uptake of beta and maintenance of glycine ho-
meostasis in pancreatic islets.”” To further elucidate the molecular basis of this probe imaging, we
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Figure 3. Beta cells have enriched expression of GLRA1 (Glra1)

(A) Violin plots showing the normalized expression of GLRA1 (Glra1) in endocrine and exocrine cell populations for each
human and mouse scRNA-seq dataset.

(B) IHC of GLRA1 in human islets in PDAC and normal pancreatic tissues.

(C and D) Multi-color IHC staining of normal pancreatic (C) and PDAC (D) sections, and representative images of
pancreatic islets are obtained. Expressions of INS (Green), SST (Pink), and GLRA1 (Yellow) are marked with different
colors. Nuclei are counterstained with DAPI (blue).

(E) Representative images from transmission electron microscopy (TEM) of pancreatic islet cells. Endocrine cell types are

distinguished according to their secretory granule morphology. (Left) An overview image. (Right) Magnification of each
endocrine cell.

(F) Immunoelectron microscopy showing the expression and distribution of GLRA1 in pancreatic islets. Red arrows are
pointing to examples of gold particles labeling GLRAT.

investigated the expression and distribution of glycine receptors and transporters in the pancreas at a sin-
gle-cell resolution. We found that GLRA1 (Glra1) was restricted to human and mouse beta cells, although
with low mRNA levels (Figure 3A). In addition, the beta subpopulation showed low GLRA3 (Glra3) and
SLCOAY (Slcba9) expression (Figures S7TA and S7C). GLRB (Glrb) was expressed across various endocrine

and exocrine cells at relatively high mRNA levels (Figure S7B). GLRA2 (Glra2) and SLC6A5 (Slcéab) were
not detected using scRNA-seq analysis.

Next, we conducted immunohistochemistry (IHC) staining and found that human islets had enriched expression
of GLRAT1 in the normal pancreatic and PDAC tissues (Figure 3B). Multi-color IHC staining was also conducted
to explore the distribution of GLRAT in the pancreatic islets. Some beta cells, instead of all beta cells, had spe-
cifically high expression of GLRA1 in human islets in the normal pancreatic and pancreatic ductal

iScience 25, 105366, November 18, 2022 5
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Figure 4. Cell-specific transcription factors (TFs) in endocrine and exocrine cells across species

(A-E) Violin plots showing the expression levels of identified cell-specific TFs using the SCENIC method, including ATF3
(Atf3), PDX1 (Pdx1), MAFB (Mafb), MAFA, and NEUROD1 (Neurod1). (F) A representative image of multi-color IHC
staining from human PDAC sections. The depicted area within the section (white rectangle) is zoomed-in. Expressions of
KRT19 (green), PRSS1 (pink), and ATF3 (yellow) are marked with different colors. Nuclei are counterstained with DAPI

(blue).
(G) Multi-color IHC staining of normal pancreatic and PDAC sections, and representative images of pancreatic islets are
the same as those in Figures 3C and 3D. Expressions of PDX1 are marked with azure fluorophore.

adenocarcinoma (PDAC) tissues, suggesting beta subpopulation heterogeneity for glycine-induced insulin
secretion (Figures 3C and 3D). In the human islets of Langerhans, different endocrine cell types were distin-
guished according to their secretory granule morphology under transmission electron microscope. In line
with what was previously found,”>?® glucagon granules of alpha were dark with a thin halo, insulin granules
of beta were lighter gray with a thick halo, mature granules had a crystalline core, and somatostatin granules
of delta were homogeneously light gray without any halo (Figure 3E). Immunogold electron microscopic inves-
tigation revealed that gold particles labeling GLRAT were mainly localized in the haloes of insulin granules of
beta (Figure 3F). Therefore, beta cells specifically express GLRA1, which might demonstrate the possibility of
evaluating the function of beta cells using the glycine-specific probe for PET/CT imaging.

Transcription factor expression in endocrine and exocrine cells

TFs are a family of DNA-binding proteins that are of vital importance for defining the molecular state of
cells.”” Therefore, we investigated the cell type-enriched TFs using the SCENIC method. A conservative
and divergent TF pattern between human and mouse pancreas was found (Figures 4A-4E, S8A, and
S8B). Multiple datasets supported that ATF3 (Atf3) was chiefly expressed in exocrine cells, including ductal
and acinar cells, whereas NEUROD1 (Neurod1) was expressed in endocrine cells, including alpha, beta,
gamma, and delta cells. Consistent with previous studies,”’*“® MAFA was restricted to beta cells. MAFB
was found in both alpha and beta cells in human islets, whereas Mafb was restricted to alpha cells in mouse
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islets. In addition, we found that both beta and delta cells had enriched expression of PDX1 (Pdx1) in human
and mouse islets. Multi-color IHC staining was performed to validate ATF3 and PDX1 expression patterns in
human pancreatic tissue. In panel 1, we simultaneously detected ATF3, KRT19 (ductal cell), and PRSS1
(acinar cell) expression and found that cells in the ductal and acinar regions coexpressed ATF3, KRT19
and ATF3, and PRSS1, respectively (Figure 4F). In panel 2, we simultaneously detected INS (beta), SST
(delta), and PDX1 expression, and found that PDX1 was localized in the nucleus of beta and delta cells
in normal pancreatic and PDAC tissues (Figure 4G).

scRNA-seq uncovers cell atlas of islet of Langerhans in type 2 diabetes mice

To delineate the cell atlas of islet of Langerhans in T2D mice, the Lepr knockout model was used. Pancreatic
islets were isolated from three control (BKS_WT; m/m) and three T2D (BKS_DB; db/db) mice at the ages of
9 weeks. The basic characteristics of mice are summarized in Figure 5A. Mice in the BKS_DB group had
significantly higher blood glucose and GHbAc levels than those in the BKS_WT group. Genotype identi-
fication was performed to validate the Lepr knockout (Figures S9A and S9B). We also compared the vital
organs between the two groups using hematoxylin-eosin staining (Figure S9C). No significant changes
were observed in the spleen, heart, lung, and kidney, whereas BKS_DB mice had a disorganized pancreas
and droplet formation in the liver compared with BKS_WT mice. The isolated islets were cultured overnight
and enzymatically digested to generate single-cell suspensions. We conducted scRNA-seq and stringent
quality control, and acquired 6,898 cells from the BKS_DB mice and 6,729 cells from the BKS_WT mice. The
workflow of scRNA-seq analysis is shown in Figure 5B.

A total of 16 original clusters were obtained using UMAP and integrated into 11 known cell types according
to the well-known markers of cell populations mentioned earlier (Figures 5C-5F). We delineated a com-
plete pancreatic islet cell atlas in T2D mice, including alpha, beta, gamma, delta, ductal, acinar cells, mac-
rophages, fibroblasts, endothelial cells, b cells, and t cells. Remarkably, the beta subpopulation was
composed of five clusters, whereas each of the other cell subpopulations was composed of only one clus-
ter, which demonstrated that beta cell had more obvious heterogeneity. Endocrine-specific genes,
including Geg, Ins1, Ppy, and Sst, were almost exclusively expressed in the corresponding cell subpopula-
tions, indicating less ambient RNA contamination in our dataset. The marker genes of each cell type were
identified using FindMakers function (Figure 5G, Tables S1 and S2). Consistent with the results obtained
using open datasets, our dataset also supported the robust marker genes of endocrine and exocrine cells
identified earlier. However, we did not detect Adcyap1 in any cell types. Multi-color IHC showed ADCYAP1
was expressed in various cell types, in addition to beta cells in human islets (Figure S9D). Immunogold elec-
tron microscope assay indicated delta cells had enriched expression of ADCYAP1, which was inconsistent
with scRNA-seq analysis (Figure SPE). Beta cells were the predominant cell type in the islets of BKS_WT and
BKS_DB mice (Figure 5H). The glycine receptor (Glral, Glrb) and transporter (Slc6a%) were expressed in
beta cells with low mRNA levels, whereas Glra2 and Slcéa5 were not detected (Figure S10A).

The SCENIC method was used to identify cell-specific TFs in our dataset (Figure 6A). In line with previous
findings obtained using open datasets, Irx2 and Mafb were restricted to alpha cells, whereas Mafa was
restricted to beta cells (Figure 6B). Both beta and delta cells showed enriched expression of Pdx1. Further-
more, Neurod1 was a marker of pan-endocrine cells. However, Atf3 was expressed in delta and gamma
cells, in addition to ductal cells.

Pathological alterations of beta subpopulation in type 2 diabetes

Decreased beta mass and function is the hallmark of T2D. To further investigate the pathological alter-
ations of beta cells in T2D, we first isolated beta subpopulation and conducted a separate clustering anal-
ysis to allow for subtle differences between the BKS_WT and BKS_DB groups. A total of six distinct beta
subclusters were identified (Figures 6C and éD). All subclusters expressed Ins1 and Ins2, confirming their
beta cell identity (Figure 6E). The marker genes of each beta subcluster were obtained (Figure 6F and
Table S3). Intriguingly, subclusters 0 and 1 were mainly derived from the BKS_DB and BKS_WT mice,
respectively, which represents beta cells in the T2D and control groups (Figure 6G). We compared subclus-
ters 0 and 1 and found many differentially expressed genes (DEGs) (Figure 6H). Subcluster 0 had higher
expression of Fos and Jun and lower expression of Ins1 and Mafa than subcluster 1. GO and KEGG analyses
showed that DEGs were involved in transcription regulator activity, ubiquitin protein ligase binding, and
MAPK and TNF signaling pathways (Figure 6l). All beta subclusters showed low proliferation activity
when examining the expression levels of Mkié7 and Pcna (Figures S10B and S10C).
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Group Age (week)  Sex Genotype (Lepr) Weight (g) Abdominal circumference (cm)  Glucose (nmol/L) GHbA1lc (%)
BKS_WT_1 9 male WT/WT 23.96 7.8 6.2 4
BKS_ WT 2 9 male WT/WT 21.96 6.8 7.1 4.1
BKS WT 3 9 male WT/WT 22.41 72 6.8 4.1
BKS DB 1 9 male KO/KO 46.22 10.2 27 8
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Figure 5. scRNA-seq delineates the cellular landscape of pancreatic islets in type 2 diabetes mice

A) General characteristics of mouse specimens in scRNA-seq.

B) Graphical scheme describing the workflow of scRNA-seq analysis.

F) Violin plots showing the expression levels of known marker genes of cell populations among identified cell types.

(
(
(C-E) uMAP showing the original clusters (C), identified cell types (D), and group information (E) with different color code.
(
(

G) Dot plot showing the top 5 cell type-specific genes. Size of dots indicates the proportion of cells expressing a selected
marker, and intensity of color indicates the average expression level.
(H) The proportion of cell populations in the control (BKS_WT) and type 2 diabetic (BKS_DB) mice.

Beta dysfunction is characterized by abnormal glucose-stimulated insulin secretion (GSIS), which is depen-
dent on glucose uptake and glycolysis.”” To gain insight into the pathological alterations related to GSIS in
T2D, we examined the expression levels of relevant genes among the beta subclusters in our dataset (Fig-
ure 7A). Subcluster 0 had significantly lower expression levels of Slc2a2 and Gépc2 than subcluster 1. Slc2a2
encodes the glucose transporter, Glut2, which is required for glucose sensing. Therefore, the fact that beta
cells in T2D became insensitive to blood glucose levels might be attributed to decreased Glut2 levels.
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Figure 6. The identification of beta cell heterogeneity

(A and B) (A) Heatmap of the activation scores of each endocrine and exocrine cell type for expression regulated by
transcription factors (TFs) using the SENIC method. Cell types are indicated on top. The inferred motif of the selected TF
is shown on the right. (B) Violin plots showing the expression levels of the selected TFs in endocrine and exocrine cell
types in our scRNA-seq dataset.

(C and D) uMAP showing the original beta subclusters (C) and group information (D).

(E) Violin plots showing the expression levels of Ins1 and Ins2 across beta subclusters.

(F) Dot plot showing the top 2 cell type-specific genes in beta subclusters. Size of dots indicates the proportion of cells
expressing a selected marker, and intensity of color indicates the average expression level.

(G) The proportion of beta subclusters between the BKS_WT and BKS_DB groups. Legends are shown on right.

(H) Volcano plot showing the differentially expressed genes (DEGs) between subclusters 0 and 1. Red and blue dots
represent the upregulated genes in subclusters 0 and 1, respectively.

(1) Top 50 DEGs between subclusters 0 and 1 were used to conduct GO and KEGG analysis (logfc.threshold = 0.5, g-value
< 0.05). Top GO and KEGG terms are shown. Bar plots are colored according to their -log10p values. Heatmaps showing
the expression levels of DEGs.
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Figure 7. Glycolysis, dedifferentiation, and unfolded protein response of the beta subclusters

(A) Schematic diagram of glycolysis. Violin plots showing the expression levels of the key components of glycolysis across
beta subclusters.

(B) Violin plots showing the expression levels of the mature beta cell markers across beta subclusters. Both Actb and
Gapdh are the reference genes.

(C-F) Unfolded protein response- (C) and ATF6 (D), IRE1 (E), and PERK (F) pathways-related scores using the
AddModuleScore function. (Left) Boxplots of expression of reactome pathways-related signatures (defined as the mean
normalized expression of genes in the signatures) across beta subclusters. (Right) Heatmap of Z-scored mean expression
of genes in signatures. (Top) Boxplots of total expression of signatures across specimens. *p < 0.05 and **p < 0.01,
respectively (independent samples t test).

Gb6pc2 encodes a subunit of glucose-6-phosphatase that catalyzes the hydrolysis of glucose-6-phosphate.
Aldoa (encoding a member of the class | fructose-bisphosphate aldolase protein family) was not signifi-
cantly differentially expressed among the beta subclusters. Beta cells had relatively low expression levels
of glycolytic enzymes from glucose-é-phosphate to lactate, including Gek, Ptkfb2, Ptkl, Ptkm, Gpd1, Ldha,
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and Ldhb. In addition, higher Ptkp and lower Gpd2 expression levels were detected in subcluster
0 compared with subcluster 1. Gpd2 (encoding glycerol-3-phosphate dehydrogenase 2) is involved in
NAD+ regeneration essential for GSIS. Taken together, beta cells in T2D exhibited impaired GSIS.

We also compared the marker genes of beta cell maturation across beta subclusters (Figure 7B). The
expression levels of Mafa, Nkx6-1, Pdx1, and Ucn3 were significantly downregulated in subcluster
0 compared with subcluster 1, whereas reference genes, Actb and Gapdh, were comparable across these
beta subclusters. In line with previous studies,””*" these results supported that beta cells might undergo
dedifferentiation under constant stimulation of high blood glucose levels in T2D mice, worsening beta
dysfunction. Thus, beta cell redifferentiation might be a promising strategy for diabetes treatment.

ER stress and hypoxia in beta cells in type 2 diabetes

The unfolded protein response (UPR) is the main ER stress response system and is triggered by high levels
of insulin synthesis in the beta cells.*? The UPR system consists of ATF6-, IRE1-, and PERK-related pathways,
which play a significant role in maintaining healthy beta function.®® We calculated the UPR score based on
pathway-related gene sets using the AddModuleScore function. Of note, subcluster 0 had significantly
higher scores and gene expression (Hspa5, Herpud1, Dnajc3, and Ddit3) for the UPR pathway than subclus-
ter 1, and beta cells in the BKS_DB group had significantly higher scores than those in the BKS_WT group
(Figure 7C). Similar trends were observed in the ATFé-, IRE1-, and PERK-related pathways (Figures 7D-7F).
Our findings proved that UPR pathways were activated in beta cells in mice with T2D.

In agreement with recent findings that exposure to high glucose levels induced hypoxia-related pathways
in beta cell lines® and islets from mice suffering from diabetes were hypoxic®**’
0 significantly upregulated hypoxic signatures, such as Jun, Fos, and Ppp1r15a, and had higher hypoxic
scores than subcluster 1. Higher hypoxic scores were observed in beta cells in the BKS_DB group (Fig-
ure S10D). These results prompted further investigation into the mechanism of activation of hypoxic
pathway in beta cells in diabetes. In addition, all beta subclusters expressed a similar average degree of
genes in glycolysis and fatty acid metabolism pathways, and there were no significant differences between
the BKS_WT and BKS_DB groups.

we found that subcluster

To explore the transcriptional changes in nonbeta cells in UPR pathways, we isolated each cell type and
conducted clustering analysis (Figure S11A). Overall, there were no significant differences in UPR pathway
scores between the BKS_WT and BKS_DB groups for most nonbeta cell subpopulations (Figure S11B).
Gamma cells from BKS_DB mice had higher ATF6- and PERK-related pathways scores than BKS_WT
mice. Thus, both beta and gamma underwent ER stress under high blood glucose levels in T2D mice.

Key modules and TFs across beta subclusters

To further figure out transcriptional profiles of beta cells in T2D mice, we randomly picked out 200 cells from
each beta subcluster to construct a new gene-cell matrix for weighted gene co-expression network analysis
(WGCNA). Cluster analysis for the samples was performed (data not shown), which was consistent with pre-
vious unsupervised clustering results in Figure 6C. After selecting the appropriate soft-thresholding power
(n = 3), gene network construction was conducted (Figure 8A). We observed significant correlation between
the blue module and subcluster 0 (cor = 0.81; p = 1.5e-178) (Figure 8B). Then, gene list of the blue module
was exported for visualization of network connections among these genes using Cytoscape software (Fig-
ure 8C). The hub genes in the blue module included Jun, Junb, Fos, and Fosb. Therefore, key modules of
beta subclusters were identified.

The SCENIC method was used to identify beta subcluster-specific TFs. Notably, subcluster 0, representing
beta cells in T2D, had enriched expression of Jun, Junb, Fos, and Fosb, whereas downregulated the
expression of Pdx1 and Nkxé-1, consistent with the WGCNA analysis of the present study (Figures 8D
and 8E). These results suggested that pancreatic beta cells in T2D exhibited new transcriptional profiles
and lost the features of mature beta cells during dedifferentiation.

Pseudotime analysis uncovers gradual changes of beta cells in normal and diabetic mice

Recently, pseudotime analysis of scRNA-seq has been widely used to infer cellular trajectories and observe
gradual changes in cell subpopulations.'”'® We isolated beta cells in subcluster 0 and 1 to perform pseu-
dotime analysis (Figures 8F, 8G, S10G, and S10H). The tree structure in two dimensions began with beta
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Figure 8. WGCNA and pseudotime analysis of the beta subclusters

(A) Cluster dendrogram of genes, with dissimilarity according to topological overlap using the Dynamic Tree Cut
algorithm, together with assigned merged and original module colors.

(B) Scatterplot showing gene significance (GS) for subcluster 0 versus module membership (MM) in the blue module.
There is a significant correlation between subcluster 0 and blue module.

(C) Visualization of network connections among the most connected genes in the blue module representing subcluster
0 using the Cytoscape software.

(D) Heatmap of the activation scores of each beta subcluster for expression regulated by TFs using the SENIC method.
Cell types are indicated below.

(E) Violin plots showing the expression levels of the key transcription regulators across beta subclusters.

(F-J) Pseudotime analysis exploring the cellular trajectories of beta subclusters with high variable genes. Each dot
represents one cell, which is color coded according to their original cluster (F), pseudotime score (G), unfolded protein
response- (H) and ATFé (I) and PERK (J) pathways-related scores.

(K) Relative expression of selected genes among different states in the cellular trajectories.
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(A) Volcano plot showing the differentially expression genes (DEGs) between beta subclusters 0 and 1in Qiu’s dataset, related to Figure S12C. Red and blue

dots represent the upregulated genes in subclusters 0 and 1, respectively.
(B and C) Proportion of cell cycle phases in the beta subclusters (B) and specimens (C).

(D and E) uMAP plots showing expression of selected proliferation marker genes in the beta subclusters. Legend shows a color gradient of normalized

expression. Red dots represent the beta cells with high expression levels of genes.

(F) Heatmap of the activation scores of each beta subcluster for expression regulated by TFs using the SENIC method. Cell types are indicated below.

(G-J) Pseudotime analysis exploring the cellular trajectories of beta subclusters with high variable genes. Each dot represents one cell, which is color coded

according to their original cluster (G), group information (H), expression levels of Mafb (), and Ucn3 (J).

cells in subcluster 0, followed by mixed beta cells, and finally with beta cells in subcluster 1. To gain insight
into the gradual changes of beta cells for UPR pathways, we converted UPR scores to categorical variables
and found that UPR scores gradually decreased from the left to the right side of the tree structure
(Figures 8H-8J). This result showed that the UPR pathways were gradually activated during the progression
of diabetes. In addition, RNA velocity was performed to verify the dynamic change from subcluster O to 1
(Figures S12A-S12C). Intriguingly, we also observed changes in mature beta markers (Mafa, Pdx1, and
Ucn3) and Jun, Junb, Fos, and Fosb from subcluster 0 to subcluster 1 (Figures 8K and S13A).

scRNA-seq deciphering beta maturation features

Beta cells in human and mouse datasets retrieved from open databases were isolated for separate clus-
tering analysis. Multiple beta subclusters were identified in all datasets, except for Lawlor's dataset
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(Figure S13B). We also found a larger degree of variation in the beta subcluster composition of each spec-
imen (Figure S13C). These results revealed beta heterogeneity under different physiological and patholog-
ical conditions, including islet development, diabetes, and aging.

We noticed that the beta subcluster composition changed regularly from the fetal to adult stage in Qiu’s
dataset, including embryonic day 17.5 (E17.5), postnatal day O (P0), P3, P9, P15, P18, and P40. Proportion of
subcluster Oincreased gradually from E17.5 to P40, whereas subcluster 1 changed with almost the opposite
tendency (Figure S12C). Therefore, we compared subclusters 0 and 1. The volcano plot showed that Uen3,
Spc25, Mt1, and Resp18 were upregulated in subcluster 0, whereas Gpx3, Mafb, DIk1, and Gnas were up-
regulated in subcluster 1 (Figure 9A). Ucn3 was a mature beta cell,*®
marker that was highly expressed in beta cells with early stage.’” Thus, subclusters 0 and 1 represented
beta cells with late and early stages. We then inferred the cell cycling composition of each beta subcluster
(Figures 9B and 9C). Beta cells with S and G2M phases were predominant in subcluster 2, plus they had
enriched expression of Mki67 and Pcna, therefore identified as proliferating beta cells (Figures 9D and
9E). In addition, we observed that beta cells with G1 phase were predominant in P60, suggesting that
beta cells with late stage were not proliferating actively. The SCENIC method was used to investigate
cell cluster-specific TFs (Figure 9F). Subcluster 0 specifically expressed many TFs, such as Pparg, Nr3cT,
Nfkb1, and Max. Pseudotime analysis revealed developmental trajectory of beta cells from the early stage
(E17.5, PO) to the late stage (P18, P40) (Figures 9G and 9H). Mafb and Ucn3 exhibited dynamic changes
during beta cells development (Figures 91 and 9J). The expression of Mafb decreased dramatically from
P3 to P9.

and Mafb was an immature beta cell

Web-based interactive analysis for pancreatic islet scRNA-seq datasets

In recent years, advances in scRNA-seq have allowed for acquiring transcriptional profile of each single cell,
instead of the average expression level of the whole tissue. Such a paradigm shift is expected to deepen
our understanding of cell heterogeneity and the pathological alterations underlying diseases. However,
scRNA-seq analysis based on R and Python tools was user unfriendly for experimental biologists and doc-
tors. Thus, we developed a Web-based interactive tool for the data mining of pancreatic islet scRNA-seq
datasets (Figure S14). We collected seven human and three mouse scRNA-seq datasets for pancreatic
islets. It is easy to delineate a complete pancreatic islet cell atlas and randomly search for any gene expres-
sion level in a specific cell type. This Web-based interactive tool is a good resource for studying pancreatic
islet development, aging, and diabetes, and is freely available at http://pica.novelbrain.com.

DISCUSSION

In this study, we have delineated the cellular landscape of islets of Langerhans and identified the robust
marker genes of each endocrine and exocrine cell type through cross-species scRNA-seq analysis. We
identified almost all endocrine cell types, including alpha, beta, gamma, and delta cells in both human
and mouse islets. In particular, gamma cells account for only a small percentage of islets, whose transcrip-
tional profile has not been elucidated before. A large number of gamma cells and their marker genes and
TFs were identified in this study. However, we did not identify any epsilon cells, which might be attributed
to strict quality control to filter out latent epsilon cells. In addition, we also identified ductal cells, acinar
cells, endothelial cells, fibroblasts, macrophages, stellate cells, and b cells, which were not removed during
pancreatic islet isolation. In previous studies, the marker genes of cell populations varied greatly owing to
different scRNA-seq platforms and a limited sample size. Here, more reliable marker genes were obtained
by taking the common marker genes of cell populations across all scRNA-seq datasets. Intriguingly,
ADCYAP1 was restricted to beta cells in all human datasets using scRNA-seq analysis (Figure S5B). How-
ever, we observed different results using multi-color IHC and immunogold electron microscopy.
ADCYAP was expressed at the protein level in various cell types, in addition to beta cells. Thus,
ADCYAP is a beta cell-specific biomarker only at the mRNA level.

Droplet-based methods are widely used to perform scRNA-seq. Nevertheless, ambient RNA in the cell sus-
pension will be counted along with a cell’s native mRNA, resulting in cross-contamination between
different cell populations.”*" We observed obvious ambient RNA contamination in endocrine cells,
instead of in other cell types, in scRNA-seq datasets from open databases. In contrast, only slight ambient
RNA contamination was found in our scRNA-seq dataset of the control and T2D mice. After strict quality
control, we acquired single-cell transcriptomes of 13,627 cells (6,729 cells from the control mice versus
6,898 cells from the T2D mice) using 10X chromium microfluidic chips, showing a huge advantage in the
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number of captured cells compared with previous studies.”'""?° There was great variation in the human
islet composition, and human donors had different ages and therapeutic regimens. These confounding
factors may cover up the underlying differences between ND and T2D donors, especially in scRNA-seq da-
tasets with small sample sizes. However, mouse donors are homogeneous with the same age, sex, and life-
style and therefore are more likely to reveal subtle pathological alterations in diabetes. We provide a valu-
able resource for deciphering the pathological alterations of T2D by conducting scRNA-seq for the control
and T2D mice.

Pancreatic islets are vital micro-organs involved in maintaining blood glucose homeostasis, which are
mainly composed of various hormone-secreting cell types, including alpha cells (glucagon), beta cells (in-
sulin), gamma cells (pancreatic-polypeptide), delta cells (somatostatin), and epsilon cells (ghrelin).*? Many
studies have shown that islet composition varies not only between species but also within species.?’***?
Mouse islets have a well-defined structure with a central core of beta cells (60%-80%), surrounded by a layer
of other endocrine cells, including alpha cells (15%-20%), delta cells (<10%), and gamma cells (<1%).% In
this study, we also found that mouse islets consist mostly of beta cells (>60%), and a small percentage of
alpha, gamma, and delta cells. Compared with mouse islets, human islets tend to have more alpha and
fewer beta cells, and a more scattered organization of endocrine cells. In line with previous findings, islet
composition heterogeneity across human donors was identified, and human islets were mainly composed
of alpha and beta cells, and few delta and gamma cells in this study. Furthermore, we observed that the
proportion of beta cells decreased with age, and the number of alpha and beta cells dramatically
decreased in a T1D donor. Overall, the composition of human islets changes according to individual vari-
ation, physiological, and pathological conditions.

The direct determination of pancreatic beta cell mass is of great importance in the evaluation of the
diabetes status. Previous studies have developed non-invasive imaging methods to accurately measure
beta cell mass based on optical and PET platforms. Both Newport green and dithizone are fluorescent
probes, and they have been used for ex vivo imaging of islets to facilitate pancreatic islet isolation and
transplantation.”® In 2000, 18F-FDG (2-deoxy-2-18F-fluoro-D-glucose) was first used for PET imaging to
evaluate the endocrine pancreas in rats with diabetes.***” Subsequently, many beta cell-specific probes
were introduced, such as C-DTBZ,*® 18F-AV-133,*” 68Ga-NOTA-exendin-4,°° and PiF.°" However, there is
still a dearth of an ideal probe to specifically bind with beta cells. Our previous study developed a probe
of [18F] bor-glycine, which showed good performance in PET/CT imaging of the pancreas. The level of
this probe correlated linearly with beta cell mass. Glycine receptors and transporters are involved in the
glycine uptake of beta and maintenance of glycine homeostasis in pancreatic islets.”* To further inves-
tigate the underlying molecular mechanism of imaging, we found that GLRA1 was restricted to beta
cells using scRNA-seq, multi-color IHC, and immunogold electron microscopy. Therefore, we speculate
that GLRAT plays a crucial role in [18F] bor-glycine based PET/CT imaging, which remains to be
explored.

SLC2A2 encodes the glucose transporter isoform GLUT2. The encoded protein mediates facilitated bidirec-
tional glucose transport in the liver, intestine, kidney and pancreatic beta cells.”” GLUT2 is required for GSIS
as a key glucose sensor in beta cells.”® In diabetic mice and rats, impaired GSIS is associated with significantly
reduced expression of Glut2.>" Transgenic expression of Glut2 in beta cells restored normal GSIS.> In this studly,
six beta subclusters were identified, with subclusters 0 and 1 representing beta cells in T2D (BKS_DB) and control
(BKS_WT) mice, respectively. Consistent with these studies, we revealed that subcluster O significantly reduced
Slc2a2 expression compared with subcluster 1 through scRNA-seq analysis. In addition, Gépc2 encoding a rate-
controlling enzyme of glycolysis was downregulated in subcluster 0. We demonstrated that beta cells in T2D had
impaired GSIS by downregulating key components of glycolysis. The marker genes involved in depolarization
and calcium levels that are related to GSIS remain to be investigated.

Beta cells synthesize insulin with great efficiency, approximately half of the total amount of protein synthe-
sized. The well-developed and normal ER is essential for insulin secretion of beta cells in response to high
glucose stimulation.”® A growing body of research has demonstrated a correlation between ER malfunction
and T2D.%’"*® Beta cells compensate for the increase in blood glucose by increasing insulin secretion ca-
pacity, resulting in the accumulation of misfolded proteins and the activation of UPR pathways. In this study,
we calculated the UPR scores of each beta cell using the AddModuleScore function and found that beta
cells in T2D (BKS_DB) mice showed significantly higher UPR scores than control (BKS_WT) mice, which
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indicated the ER stress in T2D. However, prolonged and unmitigated ER stress will activate the apoptosis-
related pathways and cause cell death.”” The molecular mechanism underlying the loss of ER homeostasis,
which might be a key drug target, remains to be elucidated.

Overall, our work uncovers the cell landscape of the islets of Langerhans, identifies the robust marker genes
and TFs of each endocrine and exocrine cell type, and deciphers the pathological alterations of T2D
through scRNA-seq analysis. In addition, we developed a Web-based interactive tool, creating new oppor-
tunities for the data mining of pancreatic islet scRNA-seq datasets.

Limitations of the study

This study had several limitations. First, droplet-based scRNA-seq datasets exhibited the ambient RNA
contamination, especially in endocrine cells, which might confound the biological interpretation. Second,
this study had a limited sample size for scRNA-seq of the control and T2D mice. Third, the proportion of
delta, gamma, exocrine (ductal and acinar cells), and mesenchymal cells are relatively lower, and their het-
erogeneities were hard to be identified in this study. Fourth, mice used for scRNA-seqwere 9 weeks old, thus
the pathological alterations on other stages remain unclear. Finally, Epsilon cells were not identified in our
study. The implementation of large-scale scRNA-seq cohorts and advances in bioinformatics methods will
hopefully identify the characteristics of epsilon cells, the minority cell population in mice and human islets.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit polyclonal to GLRA1 Abcam Cat#ab228541

Rabbit monoclonal to ATF3 Abcam Cat#ab254268; RRID: AB_2910214
Rabbit monoclonal to KRT19 Abcam Cat#ab52625; RRID: AB_2281020
Rabbit monoclonal to PRSS1 Abcam Cat#ab200997

Rabbit monoclonal to INS Abcam Cat#ab181547; RRID: AB_2716761
Rabbit monoclonal to SST Abcam Cat#ab111912; RRID: AB_10903864
Rabbit monoclonal to PDX1 Abcam Cat#ab134150; RRID: AB_2631338
Rabbit monoclonal to ADCYAP1 Abcam Cat#ab181205

Deposited data

ScRNA-seq dataset for the control This paper GSE200531
and type 2 diabetes mice

Baron et al.” GEO GSE84133
Enge et al.® GEO GSE81547
Lawlor et al.” GEO GSE86473
Muraro et al.® GEO GSE85241
Segerstolpe et al.” ArrayExpress E-MTAB-5061
Wang et al.'” GEO GSE83139
Xin etal." GEO GSE81608
Qiuetal.”’ GEO GSE87375

Experimental models: Organisms/strains

C57BLKS-Leprdb/db (BKS_DB) GemPharmatech. N/A
Co,.LTD company
wt/wt mice (BKS_WT) GemPharmatech. N/A

Co,.LTD company

Software and algorithms

Cell Ranger 10x Genomics https://support.10xgenomics.com/
single-cell-gene-expression/

software/downloads/|atest

Seurat Stuart et al.®? https://satijalab.org/seurat/

Harmony N/A https://github.com/immunogenomics/harmony
SCENIC Aibar et al.®’ N/A

RESOURCE AVAILABILITY

Lead contact

Further information and requests for datasets and reagents should be directed to and will be fulfilled by the
lead contact, Kai Chen (Drchenkai@pku.edu.cn).

Materials availability
This study did not generate new unique reagents.

Data and code availability

Single-cell RNA-seq data have been deposited at GEO and are publicly available. Accession numbers are
listed in the key resources table.
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Any additional information required to reanalyze the data reported in this study will be provided upon
request to the lead contact.

The accession number for the scRNA-seq data reported in this paper is GSE200531.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Human subjects

Human primary pancreatic ductal adenocarcinoma (PDAC) and matched adjacent normal pancreatic resec-
tion specimens were retrieved from the Department of General Surgery of Peking University First Hospital.
Two male and two female patients aged over 18 did not receive any treatments before specimen collec-
tions for IHC. Gender had no effect on this study. This study was approved by Ethics Committee of Peking
University First Hospital (Approval No. 2019-147) and was conducted in accordance with ethical guidelines
(Declaration of Helsinki). Written informed consent was obtained from all participants.

Animals

Male homozygous C57BLKS-Leprdb/db (BKS_DB) and wt/wt mice (BKS_WT) were purchased from the
GemPharmatech. Co,.LTD company and housed in a specific pathogen-free (SPF) environment with free ac-
cess to food and water. All animal procedures and studies were conducted in accordance with the Medicine
Animal Care and Use Committee at Peking University First Hospital. Genotyping assay was conducted to
verify Lepr knockout using the Quick Genotyping Assay Kit for Mouse Tail according to the manufacturer’s
protocol (Beyotime, Cat. no. D7283M). The following primers were designed: Lepr-F1: CCAAGAAC
CAAGTGTTTGCAGTCAC; Lepr-R1: GTTCTCACCAGAGGTCCCTAAACTC; Lepr-F2: TTTTACCAAG
CATGCAGAATCAGTG,; Lepr-R2: ACCCTTGCTCTTCATCAGTTTCCAC. Body weights and blood glucose
levels of mice were monitored regularly.

METHOD DETAILS

scRNA-seq datasets from open databases

The pancreatic islet scRNA-seq datasets were downloaded from open databases, including Gene
Expression Omnibus (GEO) and ArrayExpress (EBI). Accession numbers were summarized in Figure STA.
Pancreatic islets were isolated from human and mouse donors of different ages, developmental stages,
and diabetes types. Raw gene-cell matrix from each dataset was imported into R software and conducted
the initial quality control to filter out low-quality cells. The general characteristics of specimens were also
collected according to information provided by research articles.

Hematoxylin-eosin (HE) and IHC stating

HE and IHC staining was performed on freshly prepared 4% paraformaldehyde fixed paraffin-embedded
tissue sections. The 5-um sections were cut and mounted on slides. Slides were deparaffinized in xylene,
rehydrated in decreasing concentration of ethanol, then washed with PBS twice. For HE staining, slides
were subjected to staining using the Hematoxylin and Eosin Staining Kit (Beyotime, Cat. no. C0105M).
For IHC staining, slides were added 3% hydrogen peroxide to remove endogenous peroxidase activity. An-
tigen retrieval was performed in 10 mmol/L citrate buffer, in a pressure cooker for 10 minutes. Tissues were
blocked with 10% goat serum at room temperature for 60 minutes and incubated with primary antibody for
GLRA1 (Abcam, Cat. no. ab228541, 1:100) at 4°C overnight in a humidified chamber. Finally, each slide was
treated with HRP conjugated secondary antibody at room temperature for 60 minutes, and fresh diamino-
benzidine (DAB) (Beyotime, Cat. no. P0203) for 5-10 minutes. The cell nucleus was counterstained with
Mayer's hematoxylin solution (Biodee, Cat. no. 131-09665). The pictures of pancreatic islet were obtained
for each section.

Pancreatic islet isolation

Both BKS_DB (n = 3) and BKS_WT (n = 3) male mice were euthanized with cervical dislocation at 9 weeks of
age. Mice were fed a regular diet (ambient fed) before islets isolation. Tape the limbs of the mouse in su-
pine position, spray the skin of the abdominal area with 75% ethanol. Make a vertical incision to fully expose
organs in abdominal cavity. Find the bile duct and ampulla of Vater, which is located at the duodenal
papilla, under a dissection microscope. Carefully insert the syringe with 10 mL of the collagenase Type
V solution (Sigma-Aldrich, Cat. no. C9263, 0.5 mg/mL) into the ampulla of Vater, and steadily inject
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2-3 mL of the collagenase solution when the common bile duct was clamped. Stop injection until the head,
neck, body and tail region of the pancreas are all fully inflated. Carefully dissect out the inflated pancreas
and place it in a 50 mL tube containing 2 mL of ice-cold collagenase solution. After completing pancreas
isolation of six mice, place the tube in a rack in 37°C water bath for about 15 minutes. Shake gently the tube
every five minutes. Take out tube from water bath and shake vigorously for 30 seconds. Then, place the
tubes on ice and add 45 mL of ice-cold Hank’s Balanced Salt Solution (HBSS) supplemented with 5% fetal
bovine serum (Gibco, Cat. no. 10099-141) to stop the enzymatic digestion. Filter out undigested tissues
with the mesh sieve. Centrifuge the tube in a swinging-bucket centrifuge at 300g for 2 minutes. Discard
the supernatant and rinse twice with HBSS. After the last centrifugation remove all HBSS and add 10 mL
room temperature Histopaque-1077 solution (Sigma-Aldrich, Cat. no. 10771). Vortex briefly and slowly
add another 10 mlL Histopaque-1077 and 20 mL room temperature RPMI-1640 (Gibco, Cat. no.
C11875500BT). Centrifuge the tube in a swinging-bucket centrifuge at 900g with no brake for 20 minutes.
Pipette out the layer of islets (5-10 mL) into a new 50 mL collection tube. Add 20 mL of ice cold HBSS and
repeat washing and centrifuging three times. Pipette out the complete RPMI-1640 containing pancreatic
islets into a Petri dish (NEST Biotechnology). Incubate the islets in a sterile incubator at 37°C with 5%
CO2 overnight.

Pancreatic islet dissociation and cell purification

Transfer cultured islets overnight to a new 15 mL tube and centrifuge at 200g for 3 minutes. Discard the
supernatant and rinse twice with PBS. After the last centrifugation, remove all PBS and add 3 mL room tem-
perature Accutase solution (Gibco, Cat. no. A1110501). Incubate the tube in 37°C water bath for 20 minutes.
Pipette up and down every 2 minutes. Terminate the digestion by adding 5 mL complete RPMI-1640.
Centrifuge at 200g for 3 minutes and discard the supernatant. The pellet was resuspended with 2 mL
RPMI-1640 and filtered with 35 um cell strainer (Falcon, Cat. no. 352235).

Cell capture and cDNA library preparation

The concentration of single cell suspension was determined using the Count Star instrument and adjusted
to 1000 cells/ul. Using single cell 3’ Library and Gel Bead Kit v3.1 (10x Genomics, Cat. No. 1000121) and
Chromium Next GEM Chip G Single Cell Kit (10x Genomics, Cat. No. 1000120), the cell suspension was
loaded onto the Chromium single cell controller (10x Genomics) to generate single-cell gel beads in the
emulsion according to the manufacturer’s protocol. In brief, single cells were suspended in PBS containing
0.04% BSA. About 6,000 cells were added to each channel, and the target cell will be recovered (about 3000
cells). Captured cells were lysed and the released RNA were barcoded through reverse transcription in in-
dividual GEMs. Reverse transcription was performed in 200 ul tubes (NEST Biotechnology, Cat. No. 401001)
on a S1000TM Touch Thermal Cycler (Bio Rad) at 53°C for 45 minutes, followed by 85°C for 5 min, and hold
at 4°C. The cDNA was generated and then amplified, and quality assessed using the Agilent 4200. The
cDNA libraries were finally sequenced using an lllumina Novaseq6000 sequencer with a sequencing depth
of at least 100,000 reads per cell with paired-end 150 bp (PE150) reading strategy.

scRNA-seq data processing, quality control, and analysis

The Cell Ranger software was downloaded from 10x Genomics website (https://support.10xgenomics.
com/single-cell-gene-expression/software/downloads/latest). Alignment (mm10 reference for mouse
samples), filtering, barcode counting, and UMI counting were performed with cell ranger count module
to generate gene-cell matrix (v3.0.1, 10x Genomics). The raw gene-cell matrixes from BKS_DB and
BKS_WT specimens were merged and loaded into R package Seurat (v3.2.3). Then, gene-cell matrixes
were filtered out low-quality cells (<200 genes/cell, > 15% mitochondria genes, < 1000 transcripts/cell)
and genes (<10 cells/gene). Gene expression levels were normalized (LogNormalize). Total 2000 highly
variable genes were acquired and used to conduct PCA reduction dimension. Uniform manifold approx-
imation and projection (u-MAP) was performed. R package DoubletFinder (v2.0.3) was used to identify
doublets using the same PCs in PCA above, assuming around 5% doublet formation rate to the loaded
cells for each specimen in a droplet channel. R package Harmony (https://github.com/immunogenomics/
harmony) was used to the integration of cells from various specimens. Signature genes of each
cluster matched with marker genes of known cell populations reported in previous literatures and
CellMarker database. Violin plot showed the expression levels of selected signature genes in each
cluster.
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Identification of robust marker genes

After identifying endocrine and exocrine cell types, we obtained cell-specific marker genes for each
scRNA-seq dataset using the FindMakers function in Seurat. Wilcoxon test was used to find differential
expression marker genes. Significance was considered as an average natural logarithm (fold change) of
at least 0.25 and an adjusted p-value lower than 0.05. Common marker genes across all datasets were ob-
tained. The upset plots were used to show the intersection of marker genes.

Multi-color immunohistochemistry

To explore the expression and distribution of ATF3, KRT19, and PRSS1 in exocrine cells, and INS, SST,
GLRA1, PDX1, and ADCYAP in pancreatic islet cells, formalin-fixed paraffin-embedded (FFPE) sections
from PDAC and adjacent normal tissues were subjected to multiple IHC using PANO Multiplex IHC kit (Pan-
ovue, Cat. No. 0079100100). Briefly, sections were deparaffinized in fresh xylene for 10 minutes three times,
rehydrated in decreasing concentration of ethanol (100%-95% — 70%), then washed 3 times with PBS. The
antigen retrieval was performed with microwave heating method and cooled down for at least 10-15 mi-
nutes in the ice-water bath. Blocking was performed with blocking solution (Panovue, Cat. No.
0018001120) for 10 minutes at room temperature, followed by incubation with primary antibody for 30 mi-
nutes, secondary antibody for 10 minutes, and TSA Opal fluorophores for 10 minutes. Repeated antigen
retrieval, blocking, primary and antibody incubation, TSA Opal fluorophores staining for each marker.
Finally, all sections were counterstained with DAPI (Sigma-Aldrich, Cat. No. D9542) for 5 minutes and
mounted. Sections were scanned using the panoVIEW VS200 (china). Images capture was conducted using
the HALO software. The following primary antibodies were used. Panel 1: ATF3 (Abcam, Cat. no. ab254268,
1:500), KRT19 (Abcam, Cat. no. ab52625, 1:500), PRSS1 (Abcam, Cat. no. ab200997, 1:500); Panel 2: INS (Ab-
cam, Cat. no. ab181547, 1:800), SST (Abcam, Cat. no. ab111912, 1:100), GLRA1 (Abcam, Cat. no. ab228541,
1:200), PDX1 (Abcam, Cat. no. ab134150, 1:200), ADCYAP1 (Abcam, Cat. no. ab181205, 1:500).

Immunoelectron microscopy

Immunoelectron microscopy was performed.®® In brief, fresh pancreatic resection specimens were fixed
with 2% glutaraldehyde and 1% paraformaldehyde. Tissue was dehydrated in solutions of graded alcohol
and embedded in Durcupan. Ultra-thin sections were cut on a Reichert Ultracut-S. Sections were incubated
with the primary antibody, GLRA1 (Abcam, Cat. no. ab228541) and ADCYAP1 (Abcam, Cat. no. ab181205)
at 37°C for 60 minutes. Washed the sections with PBS three times, then the sections were transferred to the
secondary antibody solution (IgG-colloidal gold) and incubated at 37°C for 60 minutes. Sections were taken
out of the solution and were rinsed in PBS three times. Ultra-thin sections were counterstained with lead
citrate and observed under a JEM-1010 transmission electron microscope.

Single-cell regulatory network inference and clustering (SCENIC) analysis

We conducted SCENIC analysis using R package SCENIC (v1.1.3).°" In short, we randomly picked out 200—
300 cells from each cell subpopulation to construct new gene-cell matrix from the Seurat object. Regions
for TF searching were restricted to 10 k distance centered the transcriptional start site (TSS) or 500 bp up-
stream of the TSSs. Transcription factor binding motifs (TFBS) overrepresented on a gene list and networks
inferring were done using R package Rcis-Target (v1.6.0) and GENIE3 (v1.8.0), with the 20-thousand motifs
database. The cluster-specific TFs were defined as the top 10 or 15 highly enriched TFs according to a
decrease in fold change compared with all the other cell clusters using a Wilcoxon rank-sum test. Visuali-
zation of TFs network was performed using the heatmap.

GO and KEGG analysis

FindMarkers function in Seurat was applied to identify differential expression genes (DEGs) between two
beta subclusters (logfc.threshold = 0.5, g-value < 0.05). Volcano plot was used to visualize the result. The
online tool g:Profiler (https://biit.cs.ut.ee/gprofiler/gost) was used to conduct GO and KEGG analysis for
top 30-100 DEGs.

Gene sets scoring

Gene sets from UPR, hypoxia, glycolysis, and fatty acid metabolism pathways were downloaded from the
MSigDB (http://www.gsea-msigdb.org/gsea/) and Reactome databases (http://www.reactome.org). The
pathways-related scores were calculated using the AddModuleScore function in Seurat.
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Weighted gene co-expression network (WGCNA) analysis

We randomly picked out 200-300 cells from each beta subcluster to construct a new gene-cell matrix for
WGCNA analysis using R package WGCNA (v1.69). A signed network was constructed using any genes
that was expressed at UMl value of 1 or higher at least 5 samples. After constructing the adjacency matrix
and selecting the optimal soft-power (n = 3), we calculated the topological overlaps matrix (TOM). Genes
with high similar co-expression relationship were grouped together using average linkage hierarchical clus-
tering upon TOM. Through the Dynamic Tree Cut method, we identified the cluster-specific gene modules.
Subsequently, we proved blue module was significantly associated with subcluster O (type 2 diabetes mice)
by the scatter plot of Gene Significance (GS) vs Module Membership (MM). Finally, the hub genes repre-
senting subcluster 0 in blue module were exported to perform visualization by Cytoscape software (v 3.6.0).

Pseudotime analysis

R package Monocle 2 (v2.18.0) was applied to conduct cellular trajectory inference with the assumption that
one-dimensional 'time’ can describe the high-dimensional expression values, so called pseudotime anal-
ysis of single cells. General pipeline was implemented. Gene-cell matrix of the beta subclusters was loaded
into R environment. And we presented cell trajectory and position with tree structure in two-dimension
space after log normalization and DDDTree reduction dimension. Then we set the pattern of each cell in
the plot according to the expression levels of selected signatures and pathways-related scores.

RNA velocity

RNA velocity analysis was performed to further validate Beta cell developmet trajectory using the velocyto
(v0.17.17) and scvelo (v0.0.4) python packages. In brief, the spliced and unspliced matrixes were counted
and bam files were converted to loom files. Convert data from Seurat to anndata in python. Next, RNA ve-
locity was calculated using the steady-state model (stochastic option). The velocity graph was used to
embed RNA velocities into the u-MAP plots. The downstream visualization was completed with the
scv.pl.velocity_embedding_grid and scv.pl.heatmap functions.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis

All statistical analyses were conducted using the SPSS (v22.0) and R software. For continuous variable, the
independent-samples t test and Mann-Whitney U test was performed to compare means between two
groups. For categorical variable, the chi-square test or rank sum test was performed. Coefficients of Spear-
man’s rank correlation or Pearson’s correlation were calculated to describe the correlation of two variables.
Statistical significance was defined as *p < 0.05, **p < 0.01, and ***p < 0.001.
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