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SUMMARY
Targeting beta cell proliferation is an appealing approach to restore glucose control in type 1 diabetes. How-
ever, the underlying mechanisms of beta cell proliferation remain incompletely understood, limiting identifi-
cation of new therapeutic targets. Obesity is a naturally occurring process that potently induces human and
rodent beta cell replication, representing an ideal model to study mechanisms of beta cell proliferation. We
showed previously acute whole-body Lepr gene deletion in adult mice induces obesity andmassive beta cell
expansion. Here, using single-cell transcriptomics with female Lepr KO islets, we identified distinct popula-
tions of beta cells undergoing unfolded protein response (UPR), stress resolution, and cell cycle progression.
Lepr KO beta cells undergoing UPR markedly increased chaperone protein, ribosomal biogenesis, and cell
cycle transcriptional programs that were enriched for Xbp1 and Myc target genes. Our findings suggest a
coordinated transcriptional mechanism involving Xbp1 andMyc to alleviate UPR and stimulate beta cell pro-
liferation in obese female mice.
INTRODUCTION

Pancreatic beta cells are lost in type 1 diabetes (T1D) due to auto-

immune destruction causing insulin deficiency and high glucose

levels. Strategies that regenerate or replace beta cells are a long

sought after therapy to potentially cure T1D. Similarly, individuals

with type 2 diabetes (T2D) may benefit from a regenerative ther-

apy, as T2D progression is associated with significant beta cell

lossdue tobeta cell stress, exhaustion, andgluco/lipo-toxicity.1,2

Of note, beta cells undergo compensatory beta cell expansion in

obese individuals without diabetes to meet the insulin demand

and maintain glucose homeostasis, but the mechanism remains

to be determined.

Insulin-producing beta cells are formed during fetal develop-

ment from pancreas progenitor cells through two waves of differ-

entiation followed by cell replication. In the postnatal pancreas,

beta cells expand primarily through self-replication. While rare

and heterogeneous populations of cells have been identified in

the islet,3–14 theadult pancreas is largelyknown to lackastem/pro-

genitor cell thatmeaningfully contributes to the beta cell pool.15–17

The elusiveness of a true adult pancreas or islet progenitor cell has

limited progress for regenerative therapies in diabetes. Thus,

mechanisms to activate cell cycle re-entry andbeta cell replication

have been an area of emphasis for beta cell regeneration.

While progress has been made, mechanisms of beta cell pro-

liferation remain incompletely understood and several chal-

lenges still exist.18,19 Normal adult beta cell proliferation rates
iScience 28, 112031, Ma
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are quite low.20,21 Beta cells are also unresponsive to prolifera-

tive stimuli with increasing age.22,23 However, metabolic adapta-

tion to increasing insulin demand associated with obesity

robustly increases beta cell mass. Quantification of beta cells

in pancreatic sections from persons who were obese demon-

strates a significant increase in beta cells.2,24 Mouse models of

obesity similarly demonstrate robust increases in beta cell

mass.25–27 Despite these observations, durable mechanisms

that connect metabolism to beta cell proliferation are lacking.

Part of the challenge is that congenic mutant mice are not suit-

able for studying adult beta cell expansion, while dietary inter-

ventions generate variable phenotypes.26 We previously gener-

ated a genetically inducible mouse model of obesity through

tamoxifen mediated Cre recombination to delete the leptin re-

ceptor (Lepr).17 Mice with whole body Lepr gene deletion (Ubc-

CreERT2;Leprlp/lp) exhibit dramatic weight gain accompanied by

massive beta cell proliferation that results in a doubling of beta

cell mass within 3 weeks. The advantages of Lepr knockout

(KO) mice include avoidance of developmental impacts on beta

cells associated with constitutive disruption of leptin signaling

(ob/ob, db/db mice), they do not develop frank diabetes (db/db

mice), and beta cell mass is maintained beyond 7 months of

age.17,28,29 Therefore, acute Lepr knockout (KO) mice represent

a robust model to study mechanisms of beta cell proliferation.

Our goal was to leverage the naturally occurring process of

obesity that potently induces human and rodent beta cell replica-

tion, to define mechanisms for beta cell regeneration.
rch 21, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
NC license (http://creativecommons.org/licenses/by-nc/4.0/).
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Defining the systemic signal that can drive beta cells to repli-

cate has been challenging and potentially derives from multiple

factors working together. Several studies demonstrate glucose

is a durable stimulus for beta cell proliferation,30–32 but poten-

tially not the sole factor in obesity. Insulin resistance induced liver

derived factors have been postulated to stimulate beta cell pro-

liferation,33,34 as well as neural signals,35 bone-related signaling

pathways,36 and myokines37 have also been implicated as

possible beta cell mitogens; although in some cases a paucity

of follow-up studies suggest some limitations in translating these

efforts. Considering the complexity of systemic physiologic

changes and organs affected in obesity, we focused on changes

intrinsic to the beta cell that may be more easily defined and tar-

geted therapeutically. To this end, we used single-cell transcrip-

tomics to identify gene networks and signaling pathways central

to beta cell proliferation that may reveal targets to expand beta

cells for treating diabetes.

RESULTS

Single cell transcriptome analysis of islets following
acute whole body Lepr KO in female mice
Obesity is a powerful stimulus to increase beta cell proliferation,

but the underlying mechanisms are not well defined. We previ-

ously showed acute whole body Lepr KO doubles beta cell

mass within 3 weeks and represents an excellent model to cap-

ture themechanisms regulatingobesity-inducedbetacell prolifer-

ation. Here, we treated 3-month-old femaleUbc-CreERT2;Leprlp/lp

(LeprKO) andLeprlp/lp littermate controlswith tamoxifen to induce

Lepr deletion in Cre positive mice, as previously.17 On average

control mice gained 1.7 g in body mass over 9 days, while the

Lepr KO mice gained 8.7 g (Figure 1A), consistent with a loss of

LEPR function causing hyperphagia, and leading to hyperglyce-

mia and insulin resistance (Figures 1B and 1C). We isolated islets

on day 9,which occurs during a period (day 7–13) whenover 50%

of beta cells proliferate,17 and pooled islets (4 mice/group) for

scRNA-seq. Uniform manifold approximation and projection

(UMAP) revealed 16 cell clusters (Figure S1) that we identified us-

ing knownmarker genes (Figure 1D) and subsequently confirmed

by differential gene expression analysis (Table S1). Interestingly,

six beta cell populations and three endothelial cell populations

were observed (Figure S1) that were each grouped together for

initial analyses (Figures 1D–1G). In total, we identified four primary

islet endocrine cell types, alpha (Gcg), beta (Ins2), delta (Sst), and

PP (Ppy) cells and non-endocrine cell types including immune

(Ccl4), stellate (Pdgfrb), acinar (Prss2), Schwann (S100a6), and

endothelial cell clusters (Cd34; EC) (Figures 1D and 1E, Figure S1,
Figure 1. Single cell transcriptome analysis following acute whole bod

(A) Body mass (g) from the start of tamoxifen treatment (day 0) until islet harvest

(B) Fed glucose levels (mg/dL) and C) insulin tolerance test (% initial glucose at t

(C) two-way ANOVA.

(D) Cell type specificmarker gene expression for alpha (glucagon;Gcg), beta (insu

(Ccl4), stellate (Pdgfrb), acinar (Prss2), Schwann (S100a6), and endothelial (Cd34

(E) UMAP plot of single cell RNA-seq from control (left; Lepr-lp/lp) and Lepr KO

(F) Relative abundance of hormone producing cells as a percentage of total islet

(G) Hallmark enrichment analysis of genes significantly upregulated in total beta c

for overrepresentation).

(D–G) The total cells analyzed included 7975 cells from control islets and 9406 c
Table S1). Within the islet endocrine cells, we found the total

beta cells represented a greater percentage within the Lepr KO

samples (77.4%) compared to control (64.8%) (Figures 1E and

1F, Table S2). These data are consistent with our previous histo-

logic analysis demonstrating beta cell expansion following Lepr

KO.17 Gene set enrichment analysis of significantly upregulated

genes in total beta cells (Table S3) of Lepr KO islets revealed

several pathways involved inmetabolism (oxidative phosphoryla-

tion, glycolysis, fatty acid metabolism), cell proliferation (E2F tar-

gets, mTorc1 targets, Myc targets, G2/M checkpoint), and the

unfolded protein response (UPR) (Figure 1G, Table S4). Collec-

tively, our results indicated that obesity induces metabolism and

cell cycle gene programs associated with beta cell expansion in

Lepr KO mice.

Acute Lepr KO induces shift in beta cell subpopulation
abundance
To identify genes that define each individual beta cell cluster, we

subsetted the six beta cell clusters from all other cells for further

analysis (Figure 2A). Therewas an obvious shift in cell abundance

for eachcluster betweencontrol andLeprKOsamples (Figure 2B,

Table S2).We detectedmore cells in the Beta2, Beta5, andBeta6

clusters within Lepr KO islets, fewer cells in the Beta1 and Beta3

clusters, and a near absence of cells in Beta4 compared to con-

trol.Wenext lookedat expression of knownbeta cell transcription

factors and functionalmarkers (Figure 2C). In general, expression

was similar across clusters, except for the Beta3 cluster that

tended to have higher expression of Chga and Chgb, but lower

expression of Ins1, Ins2, Mafa, and Ucn3, suggesting the Beta3

cluster represents immature cells. Consistent with this, differen-

tial gene expression applied to the six clusters revealed Beta3

cells expressed non-beta endocrine markers, including Sst,

Pyy, Ppy,Gcg, and Rbp4 (Figure 2D, Table S5). The top differen-

tially expressed genes (DEG) in Beta4 encoded digestive en-

zymes primarily associated with acinar cells (Cela2a, Clps,

Ctrb1, Pnlip, Cela3b, Prss2, Try4, Camk2n1, Sycn) (Figure 2D,

Table S5). While Beta3 and Beta4 clusters differentially ex-

pressed non-beta cell marker genes relative to the other beta

cell clusters (Figure 2D, Table S5), the magnitude of expression

was lower than found in cognate cells (i.e., Gcg - alpha cells,

Prss2 – acinar cells) (Figures 1D and 2E). Accordingly, Beta3 cells

differentially expressed Cd81 and Rbp4 (Figure 2F) that are

known markers of immature beta cells with reduced exocytotic

activity.11,13,38 Only four genes defined the Beta1 cluster (Mt1,

Nupr1, Mt2, Ftl1) (Figure 2D, Table S5). Among the top DEG in

the Beta2 cluster were several chaperone and stress response

proteins (Fkbp11, Sdf2l1, Hspa5, Ssr4, Dnajc3, Pdia6, Hsp90b1,
y Lepr KO

(day 9) (n = 4/group). Mean ± SEM; *p < 0.05 by two-way ANOVA.

ime = 0 min) (n = 4–6/group). Mean ± SEM; *p < 0.05, #p < 0.09 by (b) t-test or

lin 1; Ins1), delta (somatostatin;Sst), Ppy (pancreatic polypeptide;Ppy), immune

).

(right; Ubc-Cre;Lepr-lp/lp) islets. Also see Figure S1.

endocrine cells within control and Lepr KO islets analyzed from scRNA-seq.

ells from Lepr KO islets compared to control (*p < 0.05 by hypergeometric test

ells from Lepr KO islets.
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Figure 2. Acute Lepr KO induces shift in beta cell subpopulation abundance
(A) Six beta cell subpopulations were identified by differential gene expression analysis as shown by the UMAP plot.

(B) Relative abundance of beta cell subpopulations as a percentage of total beta cells from control and Lepr KO islets (percentages shown above the bar).

(C) Heatmap of beta cell marker gene expression across beta cell subpopulations.

(legend continued on next page)
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Calr, Srpr, Dnajb9, Hyou1) (Figure 2D; Table S5), suggestive of

beta cells undergoing ER stress and the UPR commonly

observed in beta cell scRNA-seqdatasets.9,39–41 Lastly, cell cycle

genes defined theBeta5 andBeta6 clusters (Figure 2D, TableS5),

which contained very fewcells in control (1.4%)but accounted for

19.6% of all beta cells in Lepr KO islets (Figure 2B, Table S2).

Collectively,LeprKObeta cells exhibited an increasedproportion

of cells expressing UPR (Beta2) and cell cycle marker genes

(Beta5, Beta6), consistent with increased beta cell proliferation

in obese mice.17

Acute Lepr KO induces cell cycle entry and progression
Beta cells are typically quiescent, but can be stimulated to re-

enter the cell cycle. Our differential gene expression analysis

indicated two beta cell clusters, particularly in Lepr KO islets

(Figure 2B), are defined by cell cycle genes (Figure 2D). To further

define these clusters, we performed Cell Cycle Scoring to look at

gene expression by cell cycle phase. While the majority of cells

were found to be in G1 phase, the Beta6 cluster cells map to S

phase and Beta5 cells map to G2/M phase (Figure 3A). Accord-

ingly, Beta5 cells highly expressed genes (Ccna2, Ccnb1,

Ccnb2, and Cdk1) enriching for Reactome pathways ‘‘Mitotic

spindle checkpoint’’, ‘‘Separation of sister chromatids’’, and

‘‘M phase’’ (Figures 3B and 3C; Table S5). In contrast, Beta6

cells expressed Pcna, E2f1, Mcm2, Mcm5, and Mcm6 that en-

riched for ‘‘DNA replication’’, ‘‘G1/S transition’’, and ‘‘S phase’’,

as well as UPR (Figures 3B and 3C; Table S5). These data

demonstrate our studies uniquely capture a very significant pro-

portion (Figure 2B) of beta cells that are progressing through the

cell cycle following Lepr KO that allows for further interrogation

of the gene programs activating cell proliferation.

Acute Lepr KO induces an Xbp1 regulated
transcriptional program to resolve UPR stress during
adaptive beta cell proliferation
We next aimed to define the gene programs activated in the re-

maining beta cell clusters. DEG in the beta cell clusters (Fig-

ure 2D, Table S5) were analyzed by Reactome pathway anal-

ysis. The Beta2 cluster genes enriched for ‘‘Unfolded protein

response’’, ‘‘ATF6 activates chaperones’’, and ‘‘IRE1alpha acti-

vates chaperones’’ pathways (Figure 4A), consistent with the

predominant expression of chaperone and UPR genes

(Hspa5, Hsp90b1, Hyou1, Calr, Pdia6, Dnajc3, Srpr, Dnajb9) in

the Beta2 cluster (Figure 2D, Table S5). Independently we

measured expression of UPR and beta cell genes by qPCR

from bulk islet RNA to confirm our observations for Lepr KO

DEG in total beta cells. Lepr KO islets exhibited significantly

higher expression of genes encoding chaperone proteins

Hspa5 (Bip/Grp78) and Hsp90b1 (Grp94) (Figure 4B), without

impacting Xbp1 or Ddit3 (Chop), consistent with the scRNA-

seq findings (Table S3). These data suggest Lepr KO beta cells
(D) Heatmap of differentially expressed genes for each beta cell subpopulation.

(E) Heatmap of islet hormone expression across beta cell clusters, alpha, delta, a

cells.

(F) Heatmap of immature and mature marker gene expression across beta cell s

The total beta cells analyzed included 4567 beta cells from control islets and 6

KO = 1174 cells, for delta cells from control = 606 and Lepr KO = 585 cells, and
undergo adaptive stress response without decompensation.42

Insulin (Ins2) expression was significantly increased in Lepr

KO islets, consistent with the hyperinsulinemia and beta cell

mass expansion observed previously,17 and Glut2 (Slc2a2)

was downregulated by qPCR and scRNA-seq (Figure 4B;

Table S3). While Beta2 cells have activated ER stress and

UPR responses, the Beta3 cluster cells upregulated genes

involved in stress resolution indicated by enrichment for ‘‘Atten-

uation Phase’’ and ‘‘Regulation of HSF1-mediated heat shock

response’’ (Figure 4A). Beta3 cells differentially increase

expression of Dnajb1, Hspa1a, Hspa1b, and Hspa8 (Table S5)

that encode for Hsp40 and Hsp70, the primary inhibitors of

Heat shock factor 1 (Hsf1)43 in the resolution of stress re-

sponses. Of note, we observed an overabundance of genes en-

coding ribosomal proteins expressed in the Beta3 (66 genes)

and Beta5 (46 genes) cells (Table S5), whichmay indicate a pos-

itive response to upregulate translation and resolve UPR stress

originating in the Beta2 state. Beta4 cells showed enrichment

for ‘‘rRNA processing in the mitochondria’’ and ‘‘Activation of

matrix metalloproteinases’’. Lastly, only 4 genes were differen-

tially expressed in Beta1 cells (Figure 2D; Table S5) and were

therefore omitted from GSEA, but based on marker gene

expression profile (Figure 2C), Beta1 cells represent mature

beta cells. Overall, GSEA identification of beta cell clusters is

consistent with previous studies,9,13,40,41 while also revealing

for the first time important pathways related to stress resolution

in Beta3 cells.

In addition to defining the beta cell subpopulations, we exam-

ined DEG between control and Lepr KO within each subpopula-

tion (Figure S2; Table S6). Lepr KO significantly induced many

similar genes and pathways across the beta cell subpopulations,

an effect also observed in islets exposed to high-fat diet (HFD)

feeding,13 with protein export and oxidative phosphorylation

the predominant enriched pathways (Figure S2; Table S6).13 Of

note, Lepr KO significantly increased gene expression of nuclear

encoded oxidative phosphorylation in Beta1 cells and chap-

erone proteins in Beta2 cells (Figure S2; Table S6).

UPR stress resolution involves activation of RNA
polymerase II initiation complex and cell cycle
regulation in Lepr KO beta cells
We previously developed ChIP-seq consensomes,44–46 which

rank genes based on measures of promoter occupancy across

publicly available ChIP-seq experiments mapped to a specific

immunoprecipitated antigen or signaling node. These consen-

somes can be used to identify nodes that have high confidence

transcriptional target (HCT) intersections (i.e., transcriptional

footprints) within gene lists of interest45,47 – in this case, genes

differentially expressed between Lepr KO and control for each

beta cell cluster (Table S6). To gain insight into regulatory net-

works contributing to cell fate decisions between beta clusters,
nd PP cells, as well as immune, stellate, acinar, Schwann, and endothelial (EC)

ubpopulations.

545 beta cells from Lepr KO islets. Alpha cells from control = 1586 and Lepr

for PP from control = 289 and Lepr KO = 148 cells were analyzed.

iScience 28, 112031, March 21, 2025 5
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Figure 3. Acute Lepr KO activates gene programs associated with cell cycle progression

(A) UMAP plot of beta cells analyzed for enrichment of transcripts in the different cell cycle stages (G1 – pink; S – blue; G2/M – green).

(B) Heatmap of gene expression for markers of S and G2/M phases of the cell cycle across beta cell subpopulations.

(C) Reactome pathway analysis of differentially upregulated genes between control and LeprKO islets for Beta5 (top) and Beta6 (bottom) beta cell subpopulations

(*p < 0.05 by hypergeometric test for overrepresentation).

The total beta cells analyzed included 4567 beta cells from control islets and 6545 beta cells from Lepr KO islets.
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we performed HCT intersection analysis to compare induced

and repressed transcriptional regulatory networks across the

six clusters. Amongst LeprKO upregulated genes in Beta2 cells,

the node with the strongest regulatory footprint was XBP1,

along with other UPR responsive transcription factors such as

HOPX and CREB3L2 (Figure 4C; Table S7). The prominent cell

cycle regulator MYC, and its transcriptional co-regulators

WDR5 and HCFC1, also exhibited highly significant transcrip-

tional footprints among induced genes in Beta2 cells (Figure 4C;

Table S7).

We hypothesized that Beta2 cells undergoing UPRmay transi-

tion to the Beta3 cluster upon attenuation of stress. HCT inter-

section analysis resolved a strong identity (p = 3E-04) between

the Beta3 KO-downregulated regulatory network and the Beta2

upregulated regulatory network – common nodes included

GTF2E2, GTF2B, NELFA, NELFE, TET3, BRD4, SUPT5, HOPX,

NELFB, SUPT6,MED12, PHF2, ARID4B, and TBP, among others

(Figure 4C, Table S7). This set of nodes enriched for pathways

including RNA polymerase II pre-transcription events and HIV

Life Cycle (Table S8). Consistent with the attenuation of stress

responses (Figure 4A) we further found that one of the strongest
6 iScience 28, 112031, March 21, 2025
nodes with regulatory footprints among Beta3 Lepr KO-downre-

gulated genes was that of HSF1 (Table S7). Interestingly, another

strong node observed in HCFC1 that coordinately regulates

expression of cell cycle genes along with several other enriched

nodes (GABPA, ZNF143, YY1; Table S7)48,49 had significant foot-

prints in Lepr KO-induced genes in Beta2 cells (Table S7).

Lepr KO beta cell proliferation involves downregulation
of differentiation transcriptional programs
The two beta cell populations demonstrating the largest change

in abundance in LeprKO islets were Beta4 (significantly reduced)

and Beta5 (significantly increased) cells (Figure 2B; Table S2). To

understand potential transcriptional mechanisms underlying the

shifts in these populations, we compared regulatory networks

for the Beta4 Lepr KO upregulated- and Beta5 Lepr KO-downre-

gulated gene sets. Common to both gene sets were significant

intersection for GTF2B, NELFA, BRD4, NELFB, SUPT5, NELFE,

ZMIZ1, TBP, STAT3, TET3, CREBBP, SMAD3, SNAI1, CDK9,

SOX4, SMAD4, among others (Figure 4D, Table S7). The inter-

secting nodes for Beta5 down with Beta4 up (p = 2E-09) were

enriched for ‘‘Epithelial-Mesenchymal Transition (EMT) during
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C D

E F

G

Figure 4. Lepr KO induced ER stress response associates with Xbp-1 and Myc activity leading to cell cycle progression

(A) Reactome pathway analysis of differentially expressed genes for Beta2 (top) and Beta3 (bottom) beta cell subpopulations (*p < 0.05 by hypergeometric test for

overrepresentation).

(legend continued on next page)
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gastrulation’’, ‘‘Regulation of gene expression in endocrine-

committed (NEUROG3+) progenitor cells’’, and ‘‘Regulation of

beta-cell development’’ Reactome pathways (Table S9), which

may suggest Beta4 cells have activated beta cell differentiation

programs, in contrast to the Beta5 cells that are undergoing cell

division (Figures 3A and 3B).

We observed key changes in gene expression and transcrip-

tional regulatory profiles that suggest changes in cell state (differ-

entiation versus proliferation, stress activation versus resolved)

following acute Lepr KO. To potentially identify transitions be-

tween beta cell clusters, we next aligned the transcripts of

each individual cell in pseudotime and trajectory analyses. These

analyses suggested that beta cells progress from a mature state

(Beta1, Beta4) toward one of two states, either a proliferative

(Beta5, Beta6) or immature (Beta3) state (Figures 4E and 4F).

One notable trajectory branches from Beta1 to Beta2 cells, sug-

gesting a key fate decision that directs beta cells into UPR stress

response (Beta2) and then cell cycle re-entry (Beta6, Beta5)

(Figures 4E and 4F). Alternatively, trajectories that branch from

Beta1 to Beta3 cells form a loop that may suggest a cyclical state

change between mature and immature cells (Figures 4E and 4F).

Interestingly, the change in beta cell abundance following Lepr

KO (Figure 2B) suggests beta cells preferentially transition to

the UPR-cell cycle trajectory (Beta2, Beta5, and Beta6) and

away from an immature state (Beta3) (Figures 4E and 4F). Over-

all, our findings identify coordinated transcriptional signatures

for beta cell subpopulations progressing through stress re-

sponses to enter the cell cycle and replicate in response to

obesity-associated metabolic demand for greater insulin-pro-

ducing capacity (Figure 4G).

DISCUSSION

Our objective was to define the transcriptional landscape of

pancreatic beta cells during obesity-induced beta cell prolifera-

tion. Obesity is a powerful stimulus for beta cell proliferation in

rodents17,25,27 as well as humans,2,24 and, thus, represents an

excellent model to define mechanisms driving beta cell expan-

sion. Single-cell transcriptomic analysis of islets from acute

Lepr KO mice revealed six beta cell populations, including two

substantial populations of proliferating cells (Beta5, Beta6),

immature beta cells (Beta3), two mature beta cell populations

(Beta1, Beta4), as well as beta cells undergoing UPR (Beta2).

Applying a cutting-edge bioinformatics approach that identifies
(B) Gene expression (fold change) from control (black; Lepr-lp/lp) and Lepr KO

*p < 0.05, #p < 0.10 by t-test.

(C) Pathway nodes from the high confidence transcriptional target (HCT) intersec

odds ratio (log OR) against log10(-log10 P) (double-log procedure was used due

with the Beta2 up gene set are colored gray with a red border. Nodes with non-sig

hypergeometric test was performed on the overrepresentation in the q < 0.05 no

(D) Pathway nodes from the HCT intersection analysis of the Beta5 down gene s

log10 P) (double-log procedure was used due to the large p-value range). Nodes

colored gray with a red border. Nodes with non-significant (q > 0.05) intersection

performed on the overrepresentation in the q < 0.05 nodes of nodes encoded by

(E) Trajectory analysis colored by beta cell subpopulation of combined control a

(F) Pseudotime analysis of beta cells of combined control and Lepr KO datasets

(G) Summary of beta cell subpopulations and corresponding state (mature, immatu

(C–G)The total beta cells analyzed included 4567 beta cells from control islets an
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regulatory transcriptional footprints in our dataset, we found

that the resolution of UPR stress in Lepr KO beta cells involved

the attenuation of HSF1 gene regulation and increased ribo-

somal protein expression associated with prominent XBP1,

MYC, and HCFC1 transcriptional activity. These factors poten-

tially coordinate the transition to an immature state (Beta3) or to-

ward UPR stress response (Beta2) leading to re-entry of the cell

cycle (Beta5, Beta6) through enhanced expression of chaperone

proteins, positive cell cycle regulators, and translation. Overall,

our data identifies transcriptional nodes and gene expression

profiles of proliferating beta cells in a robust model of beta cell

expansion, which provides candidates for targeting regenerative

beta cell approaches in diabetes.

Beta cells are mostly post-mitotic with very low proliferation

rates in adults20,21 and, therefore, generally difficult to study tran-

scriptionally. However, the ability to capture beta cells re-

entering the cell cycle through single-cell analyses has sparked

several studies investigating the transcriptional mechanisms

governing beta cell proliferation. Examination of early postnatal

mouse beta cells ordered by pseudotime across several time-

points identified proliferative beta cells to be more immature,

exhibiting higher expression of regulators of amino acid meta-

bolism and a network of nutrient-responsive transcription factors

(SRF, JUNB, FOS, EGR1) with increased reactive oxygen spe-

cies (ROS) production.10 Similarly, in pregnancy, Junb, Fos,

and Egr1 are elevated in islets during compensatory beta cell

expansion.50 In adult rodents, nutrient responses were also

found to activate beta cell proliferation associated with ROS.

Acute delivery of free fatty acids to rat islets stimulated beta

cell proliferation that required MYC transcriptional activity in as-

sociation with redox responses.41 Interestingly, mouse beta cells

fail to proliferate in the absence ofMyc during one week of HFD-

feeding.51 Notably,Myc expression was highest in a subpopula-

tion of beta cells that enriched for UPR and translation genes.41

We similarly observed increased MYC transcriptional activity in

beta cells with activated UPR following nutrient overload by

acute Lepr KO, suggesting a tightly coordinated response be-

tween Myc and the UPR to increase insulin secretory capacity

through beta cell expansion and increased translation. In

contrast, beta cell clusters after longer-term HFD studies did

not express UPR or cell cycle genes, while Myc upregulation

was associated with a higher functioning beta cell subset.13

Beta cells generally exhibit high levels of ER stress and UPR

relative to other cell types,52 but previous studies identified
(red; Ubc-Cre;Lepr-lp/lp) using total islet RNA (n = 4/group). Mean ± SEM;

tion analysis of the Beta2 up gene set (Lepr KO vs. control) were plotted as log

to the large p-value range). Nodes with significant (q < 0.05) HCT intersections

nificant (q > 0.05) intersections with the Beta2 up gene set are colored gray. A

des of nodes encoded by genes in the Beta3 down gene set, shown in yellow.

et (Lepr KO vs. control) were plotted as log odds ratio (log OR) against log10(-

with significant (q < 0.05) HCT intersections with the Beta5 down gene set are

s with the Beta5 down gene set are colored gray. A hypergeometric test was

genes in the Beta4 up gene set, shown in yellow.

nd Lepr KO datasets.

.

re, proliferative) with an overlay of enriched pathways and transcriptional nodes.

d 6545 beta cells from Lepr KO islets.
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subpopulations of beta cells indicative of a transition between

states of high and low UPR9,42 that may involve cell cycle re-

entry and beta cell proliferation.9,42,53,54 Alonso and col-

leagues found beta cell proliferation was more frequent in

cells expressing the chaperone protein HSPA5.42 Accordingly,

in Lepr KO islets we observed an increased abundance of

beta cells undergoing UPR (Beta2) and progressing through

the cell cycle (Beta5, Beta6), all of which expressed increased

levels of Hspa5 and other chaperone proteins. XBP1, which

positively regulates chaperone protein gene expression, and

MYC were identified as the top consensomes amongst upre-

gulated Beta2 genes in Lepr KO islets. Interestingly, a link be-

tween Xbp1 and Myc has been established in cancer cell

lines and patient xenografts. Inhibition of Xbp1 blocked

Myc-induced cell proliferation.55,56 Moreover, XBP1 directly

binds MYC to regulate target gene expression.55 Thus, under

conditions of increased demand for insulin production, the

UPR and XBP1 may coordinately activate MYC to enhance

beta cell proliferation.

Besides promoting cell cycle activator expression,57 the prolif-

erative effects of Myc are closely connected with its function to

stimulate ribosomal biogenesis and translation.58 Ribosomal

biogenesis and protein translation are essential processes that

permit cell proliferation.59 Interestingly, disruption of the UPR

sensor IRE1, which activates XBP1, resulted in loss of MYC

target gene expression, including downregulation of genes asso-

ciated with ribosomal and protein export pathways.56 MYC also

interacts with the chromatin-associated protein WDR5 and tran-

scriptional co-regulator HCFC1 to facilitate MYC recruitment to

ribosomal protein gene promoters.60–62 Other studies show

HCFC1 is recruited to cell cycle gene promoters at E2F1 binding

sites, a key transcription factor regulating G1/S phase progres-

sion, and that loss of HCFC1 impairs cell proliferation.49,63

Together, we observed enrichment of MYC and its co-regulators

in a population of beta cells undergoing UPR that enrich for cell

cycle and ribosomal genes, as well as XBP1 targeted chaperone

protein genes.

In addition to increased cell proliferation, beta cells manage in-

sulindemand throughcompensatorychanges in insulin secretion.

Beta cell subpopulations differing by insulin secretory capacity,

electrophysiology, and transcriptomics have been described by

several groups.9,11–13,41 Higher functioning beta cell states ex-

press identity genes (i.e.,Pdx1,Mafa, Ins)9,11 and surfacemarkers

such as Cd63 and Cd24,12,13 coupled with increased electrical

activity and exocytosis. In contrast, lower beta cell function was

associated with decreased expression of identity genes, enrich-

ment of non-beta cell genes (Sst, Gcg, Ppy)12 and elevated

expression of Rbp4 andCd81.11–13 We similarly identified a pop-

ulation of immature cells that enriched for Sst, Gcg, Ppy, Rbp4,

Cd81, andCd24,with lowerexpressionof betacell identity genes.

It is noteworthy that Beta3 cells expressed Cd24, a high func-

tioning marker, while other studies observed no differential

expression of the immature maker Cd81,12 reaffirming that multi-

ple markers (and modalities) are necessary to identify beta cell

subpopulations. Interestingly, our trajectory analysis revealed a

branch that formed a loop between the immature (Beta3) and

mature (Beta1) beta cells, suggesting that beta cells may cycle

through periods of high and low function, rather than existing in
terminal states. We propose that a key branchpoint in the pro-

gression toward an immature state involves the attenuation of

stress (HSF1downregulation), while other beta cells follow a tra-

jectory toward UPR and cell proliferation involving XBP1 and

MYC regulated gene programs.

Single-cell sequencing studies of beta cell heterogeneity in

islets from individuals with obesity is limited by population

size, BMI representation, and scope of analysis. Elevated BMI

strongly associates with genes encoding electron transport

chain complexes, ribosomal proteins, and insulin or related

processing enzymes in human beta cells.64,65 In contrast,

many of these genes and pathways were downregulated in

beta cells from donors with T2D,11,64,65 suggesting their impor-

tance for beta cell compensation in obesity to maintain glucose

homeostasis. CD24 weakly correlated with BMI,64 but was en-

riched in beta cells from T2D islets compared to healthy con-

trols.12 In obese Lepr KOmice, Cd24was enriched in immature

beta cells (Beta3) although Beta3 cell abundance was lower

compared to controls. These data may suggest a shift in

CD24 expression during chronic metabolic stress associates

with islet decompensation resulting in dedifferentiation and

loss of beta cell function in T2D.

In summary, our findings suggest MYC and XBP1may coordi-

nate transcriptional activities to upregulated cell cycle, ribo-

somal biogenesis, and translation gene programs to alleviate

UPR and promote cell cycle progression leading to beta cell

expansion in obesity. Our findings unify independently published

observations on Myc41,51,57 and UPR9,42,53 regulated beta cell

proliferation, while identifying aspects of stress attenuation and

MYC transcriptional co-regulators central to obesity-induced

beta cell proliferation. The presence of specific co-regulators,

such as HCFC1 and WDR5, may determine specific gene pro-

grams activated by MYC during UPR and XBP1 activation to

drive beta cell proliferation. Notably, these are the first scRNA-

seq studies on obese female mice to our knowledge. Future

studies will focus on the relationship of MYC and XBP1 to define

the transcriptional complexes necessary for beta cell prolifera-

tion. Understanding the multifaceted pathways and beta cell

subpopulations required for cell cycle progression will direct

combinatorial targets to ensure full activation of beta cell prolif-

eration, which may be a limitation of single target approaches.

Thus, regenerative approaches for treating T1D may require co-

ordinated targeting of MYC and XBP1 to restore functional beta

cell mass and glucose control.

Limitations of the study
A limitation of this study is the need for orthogonal testing to vali-

date the 6 beta cell subsets. While the subsets identified here are

broadly consistent with published studies, it will be important to

perform RNAscope as well as examine protein expression by

immunostaining and cell sorting. Our single-cell data are a snap-

shot in time and we implemented commonly used tools to pre-

dict the relationship between clusters and the potential direc-

tionality of beta cell movement between them. It is possible

there is bi-directional movement of beta cells between some

clusters (i.e., Beta1 and Beta 3 or Beta1 and Beta2). Capturing

single-cell transcriptomics at multiple timepoints would improve

predictions of cell trajectory. For our study we selected female
iScience 28, 112031, March 21, 2025 9
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mice, which are understudied, and while previous phenotyping

of male and female Lepr KO mice was similar,17 it will be impor-

tant to determine if male mice exhibit similar transcriptional re-

sponses. Future studies are planned to use chemical and genetic

tools to define the transcriptional mechanistic actions of MYC

and XBP1 in obesity-induced beta cell proliferation.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

Collagenase type V Sigma Aldrich Cat#9263

Hank’s Balanced Salt Solution Thermo Fisher Cat#14025092

RPMI 1640 Thermo Fisher Cat#11875093

Tamoxifen MP Biomedicals Cat#215673891

TrypLE Express Thermo Fisher Cat#12604013

Critical commercial assays

Single-cell 30 reagent kit v3.1 103 Genomics Cat#PN-1000268

Deposited data

scRNA-seq data GEO GSE262067

Experimental models: Organisms/strains

Mouse: Ubc-CreERT2; Lepr-lp/lp Cox et al.17 N/A

Oligonucleotides

See Table S10 Integrated DNA Technologies N/A

Software and algorithms

GraphPad Prism 10 Dotmatics N/A

Cell Ranger v3.1 103 Genomics N/A

R https://www.r-project.org RRID:SCR_001905

RStudio 4.0.0 https://www.rstudio.com RRID:SCR_000432

Seurat Hao et al.63 RRID:SCR_007322

Gene Set Enrichment Analysis Subramanian et al.65; Liberzon et al.66 RRID:SCR_003199

Reactome Fabregat et al.67 RRID:SCR_003485

Monocle 3 Trapnell et al.68; Cao et al.69 RRID:SCR_018685
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Animal models
All mice (mus musculus) were housed in a pathogen-free animal facility with 12 h dark-light cycle and free access to water and food.

Ubc-CreERT2;Leprlp/lp and littermate Leprlp/lp mice were generated previously,17 with both female and male mice exhibiting similar

phenotypes. Female mice at 3-months of age were used in the current studies. All animal procedures complied with and were

approved (AN-8873) by the Institutional Animal Care and Use Committee of Baylor College of Medicine. All experiments adhered

to ARRIVE Guidelines.

METHOD DETAILS

Body weight and glucose homeostasis
Three-month-old female Ubc-CreERT2;Leprlp/lp and littermate control (Leprlp/lp) mice were treated with 0.1 mg/g tamoxifen body

weight by oral gavage for 5 consecutive days, beginning on day 017. Tamoxifen dose was selected with the lowest toxicity to

beta cells that would still induce sufficient recombination and obesity. Body weight was recorded during the study and final random

fed blood glucose measured. An insulin tolerance test (1 U/kg body weight) was performed 1 day before sacrifice. At day 9, during a

period of elevated beta cell proliferation,17 mice were anesthetized with isoflurane for islet isolation. Mice were euthanized by cervical

dislocation and bilateral thoracotomy.

Islet isolation
The pancreas was perfused through the bile duct with 1–2 mL of collagenase type V (2 mg/mL; Sigma Aldrich #9263) in HBSS

(Thermo Fisher #14025092). The pancreas was removed and placed in a 50 mL conical with 3–5 mL of collagenase (2 mg/mL) in

HBSS. Samples were placed in a shaking incubator at 37�C for 5–6 min. Digestion was stopped by adding 45 mL of cold RPMI
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(Thermo Fisher #11875093) + 10% FBS. Samples were centrifuged at 339xg at 4�C for 2 min using swing buckets. Supernatant was

removed, the pellet was resuspended in 10 mL of cold RPMI +10% FBS and transferred to a 10 cm non-tissue culture dish. Islets

were hand picked into 1.5 mL tubes. To ensure a clean and pure islet prep, islets were handpicked 2 more times and then transferred

to 5 mL polystyrene tubes for generation of single cell suspension. Two mL RPMI +10% FBS was added and then centrifuged at

339xg at 4�C for 2 min using swing buckets. Supernatant was removed and pellets were resuspended in 1 mL of pre-warmed

TrypLE Express (Thermo Fisher #12604013) and incubated for 10 min at 37�C with pipetting up and down every 2 min to facilitate

dispersion. To stop, 2 mL of cold RPMI +10% FBS was added and the suspension was strained through a 40 mm filter. Supernatant

was removed and pellets resuspend in 250 mL of cold RPMI +10% FBS for viability and cell counting.

Single-cell RNA-sequencing
Islets were pooled from 4 mice/group for each of Lepr KO and littermate controls for generating single cell suspensions. Single-cell

capture and cDNA libraries were prepared by the Baylor College of Medicine Single Cell Genomics Core according tomanufacturer’s

protocols (103Genomics). Single-cell suspensions (�1000 cells/ml in PBS)were loaded into amicrofluidic chip and placed in the 103

Genomics Chromium Controller to generate single-cell gel beads in emulsion with a targeted cell recovery of 10,000 cells. cDNA

libraries were prepared with chromium single-cell 30 reagent kit v3.1 (103 Genomics). The Baylor College of Medicine Genomic

and RNAProfiling Core performed quality control with Bioanalyzer High Sensitivity DNA Analysis (Agilent) and sequencing on Illumina

NovaSeq 6000 using PE150 to generate �300M reads/sample.

Analysis of scRNA-seq data
Cell Ranger software v3.1 (103Genomics)with default settingswas used for alignment, barcode assignment, andUMI counting of the

raw sequencing datawith UCSCmouse genome referencemm9. Expression datawas analyzedwith Seurat 4.0 (https://satijalab.org/

seurat)66 using R Studio. Cells with detected genes <600, total features >6500, or mitochondrial DNA percent >10% were removed.

Control and Lepr KO datasets were merged and integrated using the functions FindIntegrationAnchors and IntegrateData. The inte-

grated data were scaled, and principal component analysis (PCA) was performed. Cell clusters were identified using FindClusters (16

principal components, resolution = 0.5). Cluster markers were defined by min.pctR0.25 and logfc.thresholdR0.25, with ranking by

average log2(fold change). The cell clusters were visualized using UniformManifold Approximation and Projection (UMAP) plots. Cell

clusters were manually assigned based on known marker genes. The log2(fold change) data were plotted using the vinplot and do-

heatmap functions in Seurat. Differentially expressed genes (DEG) between control and Lepr KOwere determined by DEseq. Cell cy-

cle analysis was performed using the CellCycleScoring function.67 Gene set enrichment analysis (GSEA) was performed using the

Molecular Signatures Database68,69 and reactome.org.70 Trajectory and pseudotime analyses were performed using Monocle3.71,72

HCT target intersection analysis
High confidence transcript (HCT) intersection analysis45 was used to compute the overlap between Lepr KO differentially expressed

genes and ChIP-Seq consensome sets of 690 mouse signaling pathway nodes. Briefly from Ochsner et al.,46 ChIP-Seq consen-

somes rank genes based on average peak height of a gene compared to all public ChIP-Seq datasets (ChIP-Atlas resource73) in

which a specific node was an IP antigen.44 Genes in the top 5% of these consensomes were designated as high confidence tran-

scriptional targets (HCTs) for a given node.45 We input the Lepr KO differentially expressed gene lists into the Bioconductor

GeneOverlap analysis package in R to calculate the significant overlap with node HCTs. The enrichment (ENR) number represents

the ratio of the number of observed intersecting genes and the number of expected intersecting genes. The problem was formulated

as a hypergeometric distribution or contingency table and solved by Fisher’s exact test. p values were adjusted for multiple testing by

using the method of Benjamini & Hochberg to control the false discovery rate as implemented with the p.adjust function in R, to

generate q values. The universe for the intersection was set at a conservative estimate of the total number of transcribed (protein

and non-protein-coding) genes in the mouse genome (25,000).

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis of metabolic parameters and qPCR was performed with GraphPad Prism v10. A two-way ANOVA was used to

compare two variables (time vs. metabolic parameter) across two groups with a mixed-effects analysis. A Mann-Whitney U test (un-

paired t-test) was used for fed glucose and qPCR gene expression data comparing two groups. Statistical analysis for scRNA-seq

and HCT node enrichment are described in the respective method sections. Statistical analysis of GSEA datasets used hypergeo-

metric testing of overrepresentation. A p-value <0.05 was considered significant, unless otherwise stated in the Figure Legends. All

summary statistics are presented as mean ± SEM, with samples sizes indicated in each Figure Legend.
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