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Abstract
Single cell genomics is a powerful tool to study cellular heterogeneity and discover novel cell
types. Recent studies used single cell RNA sequencing (scRNA-seq) to analyze the
transcriptomes of individual pancreatic islet cells. Islets are a complex mixture of endocrine
cells and therefore represent an ideal tissue type for single cell transcriptomic analysis. Adult
human islets consist of five known endocrine cell types (α, β, δ, γ, ε) and multiple less welldefined non-endocrine cells. In this review, we discuss the scRNA-seq studies performed on
human fetal, adult, diseased and pluripotent stem cell-derived islets in recent years. Since
2015, ~30,000 adult human islet cells have been analyzed using several scRNA-seq
technologies. Studies provide a complete catalogue of all islet cell types and subtypes found
throughout human development from fetus to adulthood. Islets from patients with Type 2
diabetes have also been analyzed with scRNA-seq unraveling multiple mechanisms of islet
dysfunction. Advances in stem cell differentiation protocols and cell therapy manufacturing
are bringing stem cell-derived islets (SC-Islets) closer to clinical trials. In 2018, more than
60,000 SC-Islet cells were analyzed using scRNA-seq technologies. Lessons learned include
SC-Islet cell populations, lineage trajectories and comparative analyses to adult human islet

© 2019 by the author. This is an open access article distributed under the
conditions of the Creative Commons by Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium or format,
provided the original work is correctly cited.

OBM Transplantation 2019; 3(3), doi:10.21926/obm.transplant.1903072

cell transcriptomes. Studies have also identified and characterized the non-islet, off-target
cell populations revealing potential strategies for their elimination.
Keywords
Islets, β cell; single cell RNA sequencing (scRNA-seq); transcriptome; differentiation;
pluripotent stem cells; hPSCs

1. Introduction
The global number of patients with diabetes has risen to over 400 million [1]. Alternatives to
insulin therapy and anti-hyperglycemic medications are urgently needed. Cadaveric donor derived
islet cell therapies have demonstrated impressive proof-of-concept outcomes in clinical trials with
brittle Type 1 diabetes patients that are C-peptide negative and immunosuppressed. However,
with a lack of sufficient allogeneic islets available, the number of islet transplants available for
patients remains limited. The successful development and delivery of novel β cell replacement
therapies produced from human pluripotent stem cells (hPSCs) could provide an unlimited
therapeutic supply of β cells for diabetic patients. Clinical trials are now underway to evaluate first
generation β cell progenitor therapies [2]. Early implementation of scRNA-seq analysis in the
development of hPSC-derived β cells could aid in improving the composition of manufactured β
cell therapies by identifying surface marker-enabling selection of cell populations.
Recently developed single cell genomic tools that are high throughput at large cell numbers,
with unsupervised cell clustering have been used to study pancreatic islet β cell transcriptomes at
single cell resolution. Commercially available, bench top single cell technologies can process tens
to hundreds of thousands of individual cells simultaneously to define their transcriptional profiles.
The Human Cell Atlas Project has initiated an effort to apply single cell genomics technologies to
every tissue in the human body to create a comprehensive reference map of all 2x10 13 nucleated
human cells [3]. The cell atlas will collect multiple data sets including DNA, RNA, epigenome and
protein. High dimensional single cell genomics is a powerful tool that enables comprehensive
characterization of all cell types and subtypes within human tissues. Single-cell RNA sequencing
(scRNA-seq) is now routinely used to measure the genome-wide expression profile of individual
cells. scRNA-seq differs from bulk, whole transcriptome RNA-seq, which is a gene expression
average of all cells. From each cell, mRNA is isolated, and reverse transcribed to cDNA for highthroughput sequencing [4]. Separation and unique bar coding of individual cells can be
accomplished using flow cytometry or microfluidics-based platforms such as Fluidigm C1 [5] and
droplet-based technologies such as inDrops or 10X Genomics [6, 7]. scRNA-seq can reveal the
expression profile of each individual cell in response to various phenomena such as differentiation,
disease progression and cell fate reprogramming.
Single cell RNA sequencing technologies first emerged in 2009 [8, 9] and was later used to study
the adult human pancreatic islet transcriptome in 2015 (reviewed by [10]). This review will discuss
the application of scRNA-seq technologies in studying islet cell subtypes in healthy and diabetic
donors, development and islet derivation from pluripotent stem cells. Single cell expression
profiling of islet transcriptomes relies on a method of single cell isolation: Either fluorescence
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activated cell sorting or commercially available emulsion droplet-based platforms (Fluidigm C1,
inDrops, 10X Genomics), cDNA library synthesis (CEL-Seq2 or SMART-Seq2) and sequencing (Figure
1) [9]. Single-cell RNA sequencing generates high-dimensional, high-throughput single-cell data
which requires complex computational, modeling and visualization techniques. Data set analysis
workflow typically includes genome alignment, quality control, variant calling, dimensionality
reduction and pseudotime analysis. Dimensionality reduction techniques such as principal
component analysis and t-distributed stochastic neighbor embedding (tSNE), are used to resolve
cell type populations in islets. Other computational tools such as spatial transcriptomics [11] and
Seurat [7] have been developed to link subpopulations and spatial positioning. Pseudotime
analysis has been used to infer trajectories of cellular events, such as proliferation, differentiation,
stress, disease, and reprogrammed cell fate [12].

Figure 1 Single cell RNA sequencing platforms for studying islet cell transcriptomes
(2015 to 2018).
Despite the continual evolution of computational methods and the generation of ever larger
and complex data sets, challenges remain. Analysis of scRNA-seq data is complicated by excess
zero counts and high drop-off due to low abundance mRNAs sequenced within individual cells.
High dropout rates mean only up to 3-5% of the transcripts inside of cells are analyzed. The use of
standardized controls such as External RNA Control Consortium (ERCC) spike-in are not always
reported. Normalization is critical and challenging [13]. There are no established standards for
data pre-processing and noise removal, which can influence data interpretation. Methods to cope
with the inherent noise and the high dimensionality of single-cell data are still being evaluated and
proper application of these strategies is crucial to not only discern genuine gene expression from
technical artifacts but also to compare data across different laboratories and instruments.
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2. Adult Islets
Bulk transcriptomic studies have provided important insights into the gene expression profiles
of adult human islets [14, 15], but these analyses lack the resolution of single cell analysis. Human
islets are naturally heterogenous in cellular composition depending on the anatomic location of
the islets in the pancreas. The heterogeneity may also vary according to genetic variation, diet,
and other factors. Therefore, single cell genomic profiling is best suited to unravel islet cell
heterogeneity in detail. The variation that exists may help inform the upper and lower limits of
what is defined as normal healthy islet cell gene expression signatures and serve as a benchmark
to which diseased or in vitro generated islets can be compared. To define all the cell types within
human pancreatic islets, twelve studies have so far profiled islets donated from 71 individual adult
donors (Table 1) [16]. The donors ranged in age, ethnicity and health status (diabetic or nondiabetic). There were differences in islet cell sample preparation including the enzymatic isolation
process, culture media and incubation time (0-12 days). Despite these differences in processing
across the studies, there were no significant changes in gene expression profiles between islet cell
from across donors [17]. Sample preparation variability applies to all islet samples regardless of
donor source or in vitro production. Enzymatically dissociated single islet cells are then captured
for subsequent reverse transcription and cDNA synthesis [18, 19]. Using several commercially
available scRNA-seq platforms (Figure 1), academic and industry groups profiled the
transcriptomes of human islets from 52 non-diabetic (ND) donors between the ages of 17 and 68
(Figure 2) and identified multiple cell types. Islets from Type 2 diabetic adult donors (n=15) were
also studied (age range: 37 - 57 years) [17, 19-21]. Altogether, 33,271 human islet cells were
sequenced at depths of up to 13 million reads (Figure 3). Donors were from multiple ethnicities
including African American, Caucasian, Hispanic and Asian. In each study, islet batches from
between 1 and 18 adult islet donors were analyzed (Figure 4). Islet cell heterogeneity, enzyme and
surface marker expression, transcription factors and signaling receptors are described. All studies
analyzed islet cells without prior cryopreservation, although successful transcriptomic analyses
have been performed on previously cryopreserved cell lines and primary cells such as tumor cells,
PBMCs and human islet cells [22, 23].
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Table 1 Adult human islet single cell RNA-seq studies.
Single cell technology
(FACS, microfluidic)

Reference

1 Non-diabetic islets

FACS

[16]

2 Non-diabetic islets

InDrops

[24]

Fluidigm C1

[17]

4 Non-diabetic islets

FACS

[18]

5 Non-diabetic and T2 diabetic islets

FACS

[20]

6 T2 diabetic islets

Fluidigm C1

[21]

7 T2 diabetic islets

Fluidigm C1

[19]

8 Non-diabetic East-Asian islets

Fluidigm C1

[25]

9 ε cells (transcriptome)

10X Genomics

[26]

10 α cells (subtypes and transcriptome)

10X Genomics

[27]

11 β cells (subtypes and transcriptome)

10X Genomics

[28]

Fluidigm C1

[29]

Study

3 Child, adult non-diabetic, T1D, T2D islets

12 Non-diabetic islets

Human islet donor age distribution (n=71)

Human islet donor age
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Age (decades)
Figure 2 Human islet donor ages analyzed by scRNA-seq. The majority of adult human
islets sequenced were from donors aged 50-59 (n=23).
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Figure 3 Number of cadaveric versus stem cell-derived islet cells analyzed by scRNA-seq
(2015 to 2018).
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Figure 4 Breakdown of healthy non-diabetic (ND) versus diabetic (T1D, T2D) islets
analyzed by scRNA-seq from a total of 73 adult human donors.
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Adult human islets isolated using enzymatic digestion of the pancreas were found to contain
multiple cell types classified as either endocrine or non-endocrine. Endocrine cells comprise α (1167%), β (10-19%), δ (1-10%), γ (1-10%) and ε (0.4-1.4%) cells [20, 26]; the non-endocrine cells are
acinar (PRSS1), ductal (SPP1, KRT19), stellate cells (TIMP1, FN1), endothelial cells (PLVAP), immune
cells [macrophages (CD74, CD86), mast cells (TPSAB1, CD31), and antigen presenting cells (HLADPA1, HLADPB1, and HLA-DRA)] and unclassified cells. In other words, 9 non-endocrine cell types
are infused into patients in each intraportal allogeneic islet infusion. The impact of these cell types
on islet engraftment, glycemic control and long-term graft survival are currently unknown. In
addition to the variations in islet cell composition, subpopulations of islet cell types such as α and
β cells exist and are still under active investigation [16, 17, 20, 24, 27-30]. Some groups have
described β cell subtypes that exist in healthy adult humans [18, 20, 24], whereas others did not
find evidence for β cell subpopulations [19]; α and δ cell heterogeneity have also been reported
[17, 20].
Glucose responsive β cell function is controlled by genes associated with glucose uptake,
metabolism and insulin secretion. A key regulator of glucose metabolism is the glycolytic enzyme
6-Phosphofructo-2-Kinase/Fructose-2,6-Biphosphatase 2 (PFKFB2) [31]. This enzyme has been
identified in several scRNA-seq studies as uniquely expressed in β cells [18, 24, 25]. The inhibition
of PFKFB3 has recently been described as an experimental diabetes treatment mediated through
the inhibition of glycolysis and reduction in ER stress-induced β cell death [32]. Novel cell surface
markers have also been discovered for labeling of islet cell types. Antibody mediated enrichment
strategies have been used to purify islet cell populations such as based on surface marker
expression such as CD39L3 for β cells [33], CD24 for acinar cells, CD44 for duct cells and TM4SF4
for α cells [18]. Pharmacologically druggable GPCRs, ion channels, expressed by islet cells include
FFAR4/GPR120, GPR119, LEPR, GHSR, SLC6A4, CASR and GLP1R [18, 20, 24].
β Cell Heterogeneity. It has been known for three decades that functionally diverse β cell
subtypes with different glucose responsive thresholds for insulin release exist [34]. Single cell RNA
sequencing analysis can leverage gene expression variation within islet cell populations to reveal
underlying transitory states and heterogeneity. Evidence for β cell heterogeneity exists from both
functional and gene expression analyses [35]. For example, the surface markers ST8SIA1 and CD9
were recently identified to label four β cell subtypes in human islets [30]. Segerstolpe et al. found
five β cell subtypes based on varying RBP4, FFAR4/GPR120, ID1, ID2, and ID3 expression [20].
Across the five subtypes, insulin gene expression did not differ. However, Xin et al. reported that β
cell subtypes do segregate based on insulin gene expression as well as stress response [28].
Activation of the unfolded protein response (UPR) in β cells with low insulin expression is thought
to be a stress coping mechanism [28]. Four scRNA-seq studies have identified human β cell
subtypes with an active UPR signature and low insulin expression [18, 20, 24, 28]. Genes enriched
in this subtype express elevated DDIT3, FTL, FTH1, FTH1P3, HSPA5, SRXN1 and SQSTM1. Increased
expression of these UPR genes suggests activation of a stress response which is also associated
with lower β cell transcription factor expression (e.g. MAFA and SIX3) [28]. Antioxidant defense
programs driven by superoxide dismutase (SOD1 and SOD2), NRF2 and genes involved in
glutathione and thioredoxin metabolism, quinone detoxification and iron storage are also active as
is the high metabolic demand in these cells (e.g. glycolysis, TCA cycle, pentose phosphate
pathway). β cell subtypes with active UPR are more likely to be associated with elevated cell cycle
gene expression (e.g. ZNF143, CDKN1B, HES4) [28]. From a root state, pseudotime trajectory
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analysis revealed that β cells branch into either average INS or high INS β cell subtypes. The
fluctuations in the INS gene expression level and activation of UPR stress response pathways may
reflect the inherent responses of individual β cells to increased metabolic demand placed on the
cells.
α Cell Heterogeneity. In both non-diabetic and Type 1 diabetic human donors, a highly
proliferative α cell subtype has been identified [27, 36]. Although the majority of α cells display a
fully differentiated, non-proliferative phenotype (α1 and α2), a rare subpopulation (α3) present at
only 1-2% is marked by high levels of cell cycle genes such as Ki67, TOP2A, CDK1, and a variety of
cyclin genes (E2, A2, B1-B2) [27]. These cells also display increased FOXM1 expression, a
transcription factor shown previously to increase human islet cell proliferation [37]. The
mechanism of cell cycle control in the α3 subgroup is regulated by the PRC2 complex which
consists of EZH2, and other epigenetic components already implicated in β cell proliferation [38].
The proliferating α cells also express lower levels of the cell cycle inhibitors p21 (CDKN1A) and p57
(CDKN1C). Pseudotime analysis confirmed the proliferation trajectory of non-proliferative α1 and
α2 cells into proliferating α3 cells [27]. The importance of this proliferating α cell subtype in health
and diabetes remains unknown.
3. Diseased Islets: Type 2 Diabetes
In patients with Type 2 diabetes (T2D), hyperglycemia results from impaired islet cell function
and insulin insufficiency [39, 40]. Studies analyzing T2D islets revealed abnormalities in islet cell
proportions and gene expression patterns compared to non-diabetic islets [17, 19-21]. However,
as much as 30% of the genes affected by T2D have no known function [21]. In T2D patients, the
proportion of islet cells may be significantly altered [20] or not [19]. The proportion of insulinproducing β cells can be reduced by as much as 50% in Asian T2D patients with a mean disease
duration of only 5 years [40]. Between 2016 and 2017, four studies used scRNA-seq to analyze
islets from 15 T2D islet donors [17, 19-21]. The studies examined the expression patterns of insulin
and stress response pathways in β cells and how they may influence disease susceptibility. Other
groups have reported altered gene expression patterns in all islet cells and identified dysfunctional
gene expression profiles in α, δ, γ cells. Transcriptomic analyses have identified altered gene
expression patterns in multiple islet genes including INS, DLK1, FXYD2, SLC30A8, MTNR1B, TCF7L2,
and KCJN11 (Table 2).
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Table 2 Genes differentially expressed between single T2D and non-diabetic β cells.
Study

Upregulated genes in single T2D beta cells

[17]

ST6GAL1, USH2A, PLEKHO2, STS, NLE1, LOC441666, CFB, PRKD1, LAD1, DNAJB7,
SLC4A4, AHNAK, NHSL2, IGSF5, HSP90AB4P, HLA-G, GPSM3, CCDC64, ZNF493, EPPK1,
RARRES2, HLA-J, LOC439949, TRPC4AP, LOC678655, BARD1, CDKN2B, HLA-L, ELFN2,
ID2B, JUNB, C9orf16, SNORD116-29, UBD, LPCAT1, TSPAN8, ZNF208, PIAS4, PRKCSH,
DUOX2, CSNK1A1L, PDXDC1, NACAP1, PYCARD, MZT2B, AES, MTRNR2L8, RPL30,
HSP90AB3P, B2M, HSP90AA1, ATP5EP2

[20]

GPD2, XPO7, ANXA2P2, NOL8, CCDC90B, LEPROTL1, FUCA1, NFE2L2, DZIP3, CMTM6,
MEIS1, TMEM167A, COPS8, SSBP2, CNTN1, DNAJC10, PNRC2, AZIN1,MMADHC,
SPAG16, VWA5A, TTC37, HSP90B1, ARL1, MEG3, SEPT2, HIF1A, RPL15, PREP, EIF4G2,
ITFG1, CD46, LAMTOR3, UBE2N, COPB1, GPBP1, UNC50, TUBA1A, SCOC, TSPAN13,
EIF4E, CAPZA2, TTC3, VDAC1, RAB10, YWHAZ, BTF3L4, DDX5, REEP5, NDFIP1, MAP1B,
TMOD1, EPCAM, TMEM59, ARPC3, TUBA1B, YWHAQ, PRKAR1A, LINC00657, APLP2,
ERO1LB, STXBP1, CAP1, ATP5B, HNRNPC, LOC644936, SKP1, DYNLL1, TMBIM6

[28]

LOC100873065, PAXBP1-AS1, APOL4, RPS3AP18, FXYD3, GLS2, FZD6, RN7SK, LAMC1,
TAB3, LINC00478, LINC00486, RPL34-AS1, LOC101927317, TAPT1-AS1,
LOC100128045, ANKRD36C, CD47, SUN1, RIN2, RPL7, SGSM2, FRG1B, SLC7A8, TTR,
SNHG5, TUBA1C, FTL, MTRNR2L1, RNF216, FXYD2, PSPHP1, MIR4458HG, PPP1R1A,
LOC100616530, SEC24C, DCAF16, DNPH1, NUP93, GLRA1, PVRL1, ATP5SL, MCOLN3,
COTL1, IGFBPL1, ZNF397, LAMB1, LOC100128906

[29]

SPP1, PSAT1, ST6GAL1, CCDC67, PRKAR2B, PCCB, CDH6, SMC4, EXOC2, KIF27, GSTT1,
PAK1, SCN9A

Gene list: T2D.vs.NonT2D.Beta logFC > 3 [29].

Variations in INS gene expression across individual β cells are known to be more heterogenous
than previously thought [19]. β cell expression of insulin can be modulated by the severity of the
stress response present [28]. In β cells with low stress, INS gene expression levels are similar to
non-diabetic control levels. But in β cells with high levels of ER- and oxidative stress, the median
value of INS gene expression per β cell is lower overall. The major stress response pathways
implicated in mediating β cell stress include death receptor TNFR1, mitochondrial BAX, the
cysteine proteases CAPN1- and CAPN2 and p53. There was also no evidence of de-differentiation
occurring in islets from T2D donors, as seen from the lack of change in expression levels of FOXO1,
NANOG, POU5F1, NEUROG3 and MYCL [19, 39].
Single cell genomics has been used to identify diabetes susceptibility genes in a specific Asian
population [25]. The scRNA-seq study examined a small set of East-Asian islet donors and could
identify susceptibility to islet cell death based on the gene expression profile of the β cells [25].
Significant upregulation of the protein ubiquitination pathway genes (OLMALINC, RNR2, SCD,
MAP1B, DNAJC3, SEC11C and UCHL1), was found in β cells of East-Asians despite normal HbA1c
(5.9%, 5.8%, and 5.1%). In non-Asian T2D patients however, the protein ubiquitination pathway
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was not elevated in β cells, despite an average HbA1c of 7.0±0.4% (n=6) [21]. This suggests EastAsian β cells may be inherently vulnerable to protein misfolding and ER stress [41, 42]. Increased
susceptibility to cell death may be why East-Asians develop T2D at a younger age and at lower BMI
levels compared to Europeans.
4. Fetal and Juvenile Islets
The human pancreas first emerges when the foregut evaginates into dorsal and ventral buds at
4 weeks of development (WD). Pancreatic buds contain multipotent progenitors expressing PDX1,
NKX6.1 and SOX9 which proliferate and differentiate into all pancreatic lineages (acinar, ductal
and endocrine) [43]. Endocrine cell differentiation starts at 8 WD beginning with the expression of
neurogenin 3 (NEUROG3) and the coincident expression of insulin and glucagon. At 10 WD, insulinpositive cells begin to form clusters. Islet-like clusters become penetrated by vasculature and
other endocrine cell types including glucagon-, somatostatin-, and pancreatic polypeptide-positive
cells by week 12. The understanding of human pancreas development has relied primarily on
immunohistochemistry and bulk gene expression analyses. Ramond et al. recently studied
endocrine cell induction during fetal development using 9-week-old human pancreases from three
individual donors [44]. Distinct progenitors with subpopulations of intermediates were identified
in the human fetal pancreas and designated Populations A, B, C and D [44, 45]. The 9 WD
timepoint was chosen for a comparative analysis of human endocrine induction and in vitro
pluripotent stem cell-derived endocrine induction. Comparing the transcriptomes of in vitro
derived progenitors with their human fetal pancreatic counterparts helps to pinpoint where in
vitro progenitors deviate and how differentiation can be improved. Access to human fetal samples
are necessary for this type of transcriptomic profiling analysis given the differences that exist
between rodent and human endocrine specification and overall pancreas development.
Four populations of epithelial progenitor cells (EPCAM+) in 9 WD pancreases were designated:
multipotent pancreatic progenitors (A), early endocrine pancreatic progenitors (B), NEUROG3positive endocrine progenitors (C) and early endocrine cells (D) based on the expression pattern of
three surface markers (ECAD, CD142 and SUSD2). Population surface marker expression patterns:
A: ECAD+CD142+, B: ECAD+CD142−, C: ECADlowCD142−SUSD2+, D: ECADlowCD142−SUSD2−.
Expression of SUSD2 in population C correlated with peak NEUROG3 expression and is the
population in which INS is first detected followed by a 13-fold increase in expression in Population
D by 10 WD. Populations A and B cluster together as pancreatic progenitors (PDX1, SOX9,
ONECUT1), whereas Population C contains endocrine progenitors (NEUROG3, FEV) and Population
D contains more mature endocrine cells (Table 3). The pancreatic progenitors in Population B are
predominantly duct-like progenitors (CD133+, CFTR+) but also contain a smaller population of
endocrine restricted NEUROG3+ progenitors. Most of the endocrine progenitors in Population C
express NEUROG3 and Population D cells become committed endocrine cells expressing genes
involved in hormone regulation and secretion such as ISL1, CHGA, MAFB, PAX6, PCSK1, GCG, SST,
GHRL and INS [45]. PAX4 was present only in population C and was absent from D. The β cell
specific genes such as MAFA, PCSK1, IAPP, G6PC2, FFAR1, SLC30A8 are more enriched in
population D than in C. Pseudotime construction of the developmental trajectories within the nonductal portion of Population B (CD133-negative) revealed three branch points for determining cell
fate choice. The first branch point represents polyhormonal endocrine cells (INS, GCG, PPY), the
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second branch diverges into endocrine progenitors (NEUROG3, ARX) and the third branch diverges
into two endocrine populations (β and δ cells). The INS+ cells in Population D express mature β cell
markers including DLK1, MAFA and HADH.
Table 3 Genes differentially expressed between Populations A to D [44].
A
SPINK1
AMBP
SERPINA1
TM4SF1
CLU
RBPJ
IGF2
ELF5
HNMT
CLDN6
PHGDH
ERP27
CPA2
DLK1
EFEMP1
GABRB2
GATM
PDPN
ATP1B1
UGT2A3
KRT18
SOX9

B

C

D

SLC4A4
GCG
MAP1B
BICC1
NNAT
CPE
DCDC2
TUBA1A
MFAP4
HMGA2
GHRL
QPCT
CFTR
SCGN
SLC7A8
ID2
MLLT11
TTR
ANXA4
UCHL1
APLP1
AKAP7
TAGLN2
MYT1L
TGIF1
TUBA4A RP11-521D12.5
FXYD2
IGFBP5
PIPOX
ANXA2
CACNB2
SCG5
VEPH1
SCG3
FAM92B
C14orf105
RAB3B
GRIA2
ATP10B
KIF1A
KIAA1644
UPK1B
A1CF
HADH
SDC4
ABCA5
ABCC8
FRAS1
LINC00643
CDH8
FREM1
PDE4DIP
PAX6
HKDC1
UCP2
GNAS
RP11-834C11.4
ASNS
JAKMIP2
S100A10
MAP2
MIAT
ONECUT1
NEUROG3
INS

After birth, islets undergo changes in proliferation rates, nutrient metabolism and maturation
[46, 47]. Expression patterns of MAFA during the first decade of life increase significantly but
remain heterogenous in adults [48]. Wang et al. profiled juvenile islets from a 19-month-old
female and a 2 year old male using the Fluidigm C1 microfluidic system and found a partially
completed differentiation program in both sets of juvenile islets [17]. Two significant gene
expression patterns were observed, a reduced adult endocrine gene signature and a misexpression of adult α and β cell gene signatures in juvenile β and α cells, respectively. In addition,
genes expressed by juvenile cells resembled those expressed by diseased islets from Type 2
diabetes patients.
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5. Human Pluripotent Stem Cell (hPSC)-Derived Islets
Multiple stem cell-derived tissue cell types have been characterized by scRNA-seq including
endothelial cells [49], neurons [50], retinal cells [51] and cerebral [52] and kidney organoids [53].
Major SC-Islet differentiation protocols, published in 2014, have now reached efficiencies ready
for clinical translation [2]. Implementation of scRNA-seq analysis can improve differentiation
efficiencies, define cell therapy composition both pre- and post-transplant and ultimately improve
clinical efficacy. In clinical allogeneic islet transplantation, flow cytometric and
immunocytochemical staining and quantification analyses have been used to determine pretransplant islet composition. These protein detection methods rely on a predetermined
knowledge of cell markers. Islets derived from stem cells are less defined and vary based on the
differentiation protocol used and the starting pluripotent stem cell line [54]. Based on this,
unbiased cell type identification and discovery is best suited for scRNA-seq-based transcriptomic
analyses.
The various differentiation protocols for converting pluripotent stem cells into SC-Islets have
been previously reviewed by Harb et al. [55] and Millman et al. [56]. Islets can be produced from
hPSCs with six stage [57] or seven stage [58] differentiation protocols or through a combination of
both protocols [59, 60]. Protocols range between 21 and 35 days and generate between 30% and
60% SC-β cells. Off-target cells include non-islet cells that are either endocrine or non-endocrine
cell types [54]. Four studies have sequenced stem cell derived islets from both embryonic and
induced pluripotent stem cells across various stages of differentiation (Stage 3 to Stage 7 –
pancreatic progenitor to islet cells) [45, 54, 59, 61]. Previous studies have sequenced cells prior to
Stage 3 pancreatic progenitors, including pluripotent stem cells (Stage 0) [62, 63] and definitive
endoderm stage cells (Stage 1) [64, 65]. This section will discuss the analyses performed on Stage 6
or Stage 7 cells generated from the three studies that have sequenced hPSC-derived islets or islet
progenitors [54, 59, 61].
Functional analysis of stem cell-derived β cells revealed a stable phenotype in culture based on
in vitro glucose-triggered insulin release assays [54, 57, 58, 66-68]. Unlike what has been observed
with adult human islets, there were no signs of β cell loss or conversion into other islet cell types
with prolonged time in culture [54, 69, 70]. In vitro derived β cell gene expression profiles are
similar overall to human β cells [68], but can vary in gene expression levels, e.g. HADH [44, 54, 68].
In Krentz, et al. 4,462 Stage 6 day 1 (S6d1) cells, generated from the hES cell line CyT49 (Rezania
protocol) passed QC for scRNA-seq analysis [61]. The S6d1 cells sequenced by Krentz formed 9
clusters that were classified into 5 cell types: endocrine (Endo), endocrine progenitors (EP) and
off-targets including duct, liver, and an unknown cell type. The unknown cell population is
enriched in genes such as CXCL14, CA3, CRABP2, S100A11, ARHGAP29, NR2F2, TFAP2B, PDGFC,
etc. [61]. Endocrine cells, which made up 74.3% of the total population, expressed INS, GCG or
SST, while some EP cells also expressed INS. Endocrine progenitors clustered into 3 groups (EP1,
EP2 and EP3) and do not all give rise to islet cells. The EP1 cluster is the largest cluster and
expresses NEUROG3. The EP2 cluster contains cells that express genes associated with serotonin
production (FEV, DDC and TPH1) which Veres et al. ultimately found give rise to enterochromaffinlike (EC) cells. In the Ramond et al. study hPSC-derived progenitors, equivalent of Population B,
were discovered to mis-expresses both RFX6 and CDX2 [44]. Expression of CDX2 indicates a mixed

Page 12/20

OBM Transplantation 2019; 3(3), doi:10.21926/obm.transplant.1903072

pancreas-duodenum fate which could later give rise to intestinal cells [71]. The EP3 population of
cells express genes such as GAST, NKX6-3, ONECUT3, PCSK1, DDC, etc.
In Balboa et al., 2,171 Stage 7 cells were sequenced using inDrops and passed quality control
for subsequent analyses [59]. Cells were differentiated from hiPSCs derived from patients with a
monogenic form of diabetes (INS gene mutations C96R and C109Y). These mutations impair β cell
development and result in neonatal diabetes. Balboa et al. used scRNA-seq to study the
transcriptomes of cells differentiated from C96R mutant and CRISPR/Cas9-corrected hiPSCs.
Transcriptomic analysis unveiled activation of stress response pathways reported in β cells by
other scRNA-seq studies [24]. The β cells harboring the INS C96R mutation suffered from increased
ER-stress and impaired cellular proliferation which was also present in the mutant progenitors.
Compared to corrected cells, mutant cells displayed upregulated UPR-related genes: MANF,
HSPA5, HSPA8, HSP90B1, PDIA6, and ER associated degradation pathway components (HM13,
HERPUD1, SEC61B, and SDF2L1). Downregulated genes included mitochondrial respiratory chain
subunits (MT-CO1, MT-CO2), PAX6, RFX6, and the mTOR regulator LAMTOR5. Stage 7
differentiated cells clustered into four different cell populations, expressing markers of β cells,
endocrine progenitor cells, α cells, and proliferating α cells (Table 4). The progenitor cell
population express enterochromaffin cell markers including DDC, FEV, TPH1, LMX1A.
Table 4 Top genes differentially expressed between by SC-Islets in Balboa et al [59].
β cells Progenitor cells α cells Proliferating
NEFM
DLK1
ERO1B
PCSK1
SCD
PLXNA2
NEFL
IGDCC3
SPEG
ENTPD3
PDX1
CCBE1
PRUNE2
KIF5C
BASP1
CALB2
SVIP
TUBA1A
C1QL1
CADM1
MAP1B
CHRNA3

DDC
FEV
TPH1
CBLN1
DNAJC12
RETREG1
COL5A2
IGFBP5
S100A11
ANKS1B
SYT13
PRPS2
ZNF703
GOLM1
STC1
MME
RAB3B
NKX6-1
LMX1A
EVL
CCNY
NEUROD1

CLU
RRM2
ARFGEF3
TOP2A
SERPINI1
CENPF
SERPINA1
PRC1
ARX
TUBA1B
ALDH1A1 HIST1H4C
DPP4
PCLAF
ITGB1
KPNA2
VIM
HBD
IGFBP2
TUBB
IRX2
TUBBP1
BTG1
H2AFZ
ATP1B1
TUBB4B
NKAIN4
SMC4
LY6H
HMGN2
MGST1
STMN1
SLC50A1 MAD2L1
APCDD1
RRM1
FXYD3 TMEM106C
LOXL4
AURKA
SLC7A8
CKS1B
PTGER3
CKAP2
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In Veres et al., >100,000 individual cells were sampled throughout the course of differentiation,
of which 57,782 were Stage 6 cells (S6d1-S6d36). Cells derived from both hiPSCs and the HUES8
hES cell line using the Pagliuca et al. protocol were sequenced using inDrops. Roughly twice as
many Stage 6 SC-Islet cells (57,782) from 11 differentiation batches were sequenced in this study
alone, in comparison to the 33,271 cells sequenced from 73 cadaveric human donor derived islets
over 4 years (2015-2019). Unlike less common cadaveric islet sources, SC-Islets can be produced in
an unlimited supply. Non-endocrine cells consist of several cell types including duct-like cells
(CFTR, MUC1, CDX2), acinar-like cells (CPA1), and mesenchymal-like cells (VIM, SPARC). The Hippo
pathway and parts of the WNT, EGF, Notch, and Hedgehog signaling pathways remain active in
several of these populations. Proper suppression of the Hippo pathway is necessary for endocrine
induction as shown recently in embryonic explants and Stage 5 hPSC-derived progenitor cells [72].
An off-target cell population identified by all groups is marked by the serotonin-producing
machinery and resembles intestinal enterochromaffin (EC) cells [54, 59, 61]. The emergence of this
off-target cell population is observed across the 3 differentiation protocols and is marked by FEV
and TPH1 expression. Tryptophan hydroxylase (TPH1) is an essential enzyme for serotonin
synthesis [73] and the serotonergic transcription factor, FEV has been implicated in both mouse
[74] and human [44] β cell development. Several fate specifying transcription factors are shared
between enteroendocrine and β cell development such as FEV, ARX, NKX2.2 and PAX4 [75-77].
Improper expression and timing of these factors in hPSC-islet differentiation protocols, leads to
the emergence of a mixed islet endocrine and enteroendocrine cell population [54, 78]. The
Balboa study identified progenitor cells that express EC cell markers such as FEV and MNX1 [59]. In
both the Veres and Krentz studies, the serotonin-producing EC cells express TPH1, DDC, FEV,
CXCL12, CXCL14 and PTHLH. The role of these cells or their secreted products on SC-β cell function
or survival are unknown. Interestingly, in adult human islets, the pancreatic polypeptide-producing
γ cells also express FEV, TPH1, and SLC6A4, a serotonin reuptake transporter [19].
Removal of non-endocrine progenitor cells from the CHGA+ endocrine fraction is possible by reaggregation or FACS-based enrichment of β cells [54, 67, 68, 79]. Enrichment of stem cell-derived
β cells can lead to improved in vitro function [68]. Recent bulk RNA-seq analysis of FACS purified
hPSC-derived β cells identified functional and maturation relevant markers which increased
relative to pre-enrichment, mixed cell population levels [68]. Gene sets representative of oxidative
phosphorylation, protein secretion, ribosomal constituents and various metabolic pathways such
as the TCA cycle were also up-regulated [68]. In Veres et al., single cell analysis of stem cellderived islets identified a surface marker, also expressed by human β cells [80], that could be used
for immunomagnetic microbead-based enrichment of β cells. The laminin-binding integrin alpha 1
(ITGA1, also called CD49A) is expressed mainly by SC-β cells, less so by SC-EC cells, and could be
used to produce purified SC-β cell aggregates with enhanced in vitro function [54, 81].
6. Summary and Outlook
Single cell RNA sequencing technology has been applied to study developmental trajectories in
myogenesis, hematopoiesis, neurogenesis and now islet development. Transcriptomic data
obtained from adult human islets has produced a comprehensive catalog of islet cell types,
subtypes, functionally stressed and ultimately diseased cell states [17-21, 24, 25]. Activation of
stress response pathways in β cells can impact insulin production, proliferative capacity and
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disease predisposition [28]. Single cell analyses have also been used to study islet development in
utero and in vitro from pluripotent stem cells [44, 54, 59, 61]. Transcriptomic comparisons of the
endocrine specification process in human fetal pancreas at 9 weeks of development with in vitro
pluripotent stem cells have revealed several similarities and differences [44]. A key difference is
the mis-expression of CDX2 in stem cell-derived islet differentiation protocols which is absent from
human pancreas development. Transcriptomic characterization of human islets and SC-Islets has
revealed surface markers useful for elimination of unwanted off-target cells such as
enterochromaffin-like cells and enrichment of CD49A-positive β cells [54]. Additional information
generated from single cell technologies include spatial information, epigenetic and proteomic data
sets. Combining these with transcriptomic data will lead to a better understanding of islet cell
functional states and pave the way for efficient in vitro production of β cells from stem cells.
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