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Abstract

Adult zebrafish rapidly recover glucose homeostasis after $-cell loss, but the cellular basis and
regulatory mechanisms that enable this response remain unclear. Here we combine single-cell
transcriptomics, single-cell chromatin accessibility profiling, paired multiome analysis and
functional perturbation to define early pancreatic recovery after B-cell ablation. We show that,
during the first month after injury, insulin production is restored predominantly by sst1.1* d1-cells
rather than by rapid reconstitution of canonical B-cells. Following ablation, d1-cells adopt a
bihormonal hybrid state and induce metabolic, secretory and B-cell-associated gene programs.
Systematic comparison of chromatin accessibility across endocrine cell types reveals that these
O1-cells are uniquely close to B-cells and exhibit open chromatin at B-cell enhancers in the
steady state. Moreover, hybrid-cell formation occurs without major chromatin remodeling, with
B-cell associated loci being already accessible in d1-cells before B-cell injury. A comparable
permissive state is present in medaka but not in human &-cells, suggesting that restricted insulin
accessibility may represent a barrier to endocrine plasticity in the human pancreas. In zebrafish,
0l-cells also show evidence of metabolic remodeling after B-cell loss, including rapid
accumulation of neutral lipids. Finally, gene regulatory network analysis and perturbation identify
meisla/b as required regulators of &1 hybrid-cell formation after B-cell loss. Together, our results
define pre-existing chromatin accessibility, metabolic remodeling and instructive transcriptional
regulation as key features of early functional recovery after B-cell loss in the adult zebrafish
pancreas.
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Introduction

Loss or dysfunction of insulin-producing pancreatic B-cells is a central driver of diabetes
mellitus. Although modern insulin replacement and glucose-lowering therapies have
transformed disease management, they do not restore the endogenous regulatory logic of the
islet and therefore cannot fully prevent long-term complications. A major goal in regenerative
and translational biology is to replace B-cell function durably — either by stimulating B-cell
regeneration in situ or by inducing alternative endocrine cell types to acquire B-like properties
(Karampelias et al, 2025; Aguayo-Mazzucato & Bonner-Weir, 2018). Progress toward this goal
has been limited by an incomplete understanding of which adult cell states can execute B-cell
replacement programs and what regulatory constraints prevent such fate changes in species
with low regenerative capacity.

Among vertebrate models, zebrafish stand out for their ability to rapidly recover glucose
homeostasis after profound B-cell loss in the adult stage (Moss et al, 2009). This regenerative
competence has made zebrafish a powerful system to discover cellular behaviors that are
difficult to elicit or observe in mammals. Insulin-positive cells reappear after injury and have
variously been interpreted as newly formed B-cells arising through proliferation, neogenesis
from non-endocrine compartments, or transdifferentiation of related endocrine populations
(Moss et al, 2009; Delaspre et al, 2015; Carril Pardo et al, 2022; Singh et al, 2022; Mi et al,
2023)). At the same time, increasing evidence across vertebrates suggests that endocrine
identity is not strictly discrete: polyhormonal and “hybrid” endocrine states exist during
development and can emerge in response to stress or injury (Bocian-Sobkowska et al, 1999;
Chera et al, 2014; Singh et al, 2022; Carril Pardo et al, 2022). In this context, reliance on insulin
expression alone as a marker can blur the distinction between bona fide B-cells and other
endocrine cell types that transiently (or stably) activate insulin as part of an adaptive response.

A major challenge, therefore, is to define — unbiasedly and with sufficient resolution —
which cells actually provide insulin during functional recovery, and whether different proposed
sources represent parallel, sequential, or context-dependent routes. Equally important is to
identify the regulatory mechanisms that enable these transitions. Cell identity changes typically
require not only instructive signals and transcription factor activity, but also a permissive
chromatin landscape that allows the activation of the respective lineage programs that are
normally silenced. Such epigenetic constraints can act as “roadblocks” to plasticity, potentially
explaining why robust B-cell replacement is achievable in some species and injury paradigms
but limited in adult mammals (Puri et al, 2015; Arda et al, 2018; Sun et al, 2021). An integrated
view of transcriptional state, regulatory potential, and cell-type heterogeneity is thus needed to
understand the logic of endocrine plasticity in vivo and to pinpoint leverage points for enhancing
regeneration.

In zebrafish, the response to B-cell loss can be probed with temporal control using
targeted ablation strategies such as the nitroreductase (NTR) system, in which NTR expression
driven by the insulin promoter enables selective elimination of B-cells upon metronidazole (MTZ)
treatment (Figure 1A) (Curado et al, 2008; Tucker et al, 2023). This approach creates a strong
physiological demand for insulin and provides a defined time window in which to follow
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endocrine adaptation. Here, we use [-cell ablation in zebrafish, combined with
comparative analysis in medaka and human pancreas, to define how injury-induced endocrine
plasticity is enabled or constrained. We show that insulin restoration is executed by a primed
O1-cell state, identify a permissive chromatin landscape that precedes injury, uncover metabolic
remodeling as a functional component of the response, and define meisla/b as instructive
regulators of insulin induction. These findings distinguish permissive, deployable, and blocked
states of endocrine plasticity and provide a general framework for understanding fate switching
in differentiated adult tissues.

Results
A primed &1-cell state supports early insulin restoration after 3-cell loss

To identify the cellular source of restored insulin production after B-cell ablation, we analyzed
single-cell RNA-sequencing (scRNA-seq) data from the regenerating zebrafish pancreas. While
endocrine cells are typically characterized by expression of cell type specific hormones, we
reasoned that information about the whole transcriptome would be required to attribute insulin
production from unconventional sources to the correct cell types. We integrated two existing
scRNA-seq datasets (Singh et al, 2022; Mi et al, 2023) of zebrafish pancreas after B-cell
ablation, which we reanalyzed and expanded by adding an additional later time point (1 month
post B-cell ablation) (Figure 1B, C). We detected the expected cell types of the endocrine and
exocrine pancreas as well as cell populations from adjacent tissues (Figure 1B, S1A). Of note,
we observed different proportions of cell types between the three datasets, which can be
explained by differences in cell isolation: The dataset by Mi et al. was generated using FACS to
isolate krt4" lineage traced cells, while no cell selection was applied in Singh et al. and in our
newly generated dataset. Cell types present in all datasets integrated well across datasets
(Figure 1C).

All datasets contained cells of the endocrine pancreas, specifically B-cells (expressing
ins), a-cells (gcga / gcgh), e-cells (ghrl), and, as previously reported (Singh et al, 2022; Carril
Pardo et al, 2022) two types of d-cells: d1-cells expressing sstl.1, and 82-cells expressing sst2
(Figure 1D). By comparing insulin expression across cell types and time points, we observed
that d1-cells are the main source of insulin post B-cell ablation (Figure 1D). Indeed, we neither
observed substantial expression of insulin in any other endocrine cell type, nor reappearance of
larger numbers of bona fide B-cells within the first month after B-cell loss in any of the examined
datasets (Figure 1E, S1B). Instead, in all datasets a large fraction of the d1-cell population
turned insulin positive upon B-cell ablation (Figure 1E), while maintaining their overall
transcriptional identity as d1-cells (Figure 1D). To further strengthen these observations, we
turned to another dataset of bulk RNA-seq of FACS sorted sst1.1'/ins” hybrid cells at 20 dpa
(Carril Pardo et al, 2022). These cells cluster closely with pseudo-bulked 01-cells of our
integrated dataset (Figure 1F) and show highly increased expression of insulin compared to
untreated cells (Figure 1G), confirming the &1 identity of ins expressing cells post ablation. In
addition to the increase in insulin, we also observed upregulation of key genes important for
glucose metabolism (slc2a2, gck, aldob, pklr, gépch, meisla), insulin maturation in the form of
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proprotein convertases (pcskl, pcsk2), as well as genes associated with the secretory
machinery, like calcium channels (cacnalab, cachalda, cacnalc), potassium channels (abcc8,
kcnjl9a) and genes related to vesicle trafficking and release (shap25b, doc2b, sytla, sytl0,
rims2b) in d1-cells upon B-cell ablation (Figure 1H). In line with these observed transcriptional
changes related to metabolism, we observed evidence for altered lipid handling in larvae upon
B-cell ablation, as suggested by neutral lipid accumulation in insulin-expressing hybrid &1-cells
compared to mono-hormonal sst1.1* d1-cells (Figure S2). Furthermore, inhibition of ppara, a
central regulator of fatty acid degradation, led to increased formation of bihormonal d1-cells in
ablated as well as unablated conditions (Figure S2), indicative of a functional role of metabolic
remodeling.

Despite previous reports that zebrafish regenerate their pancreas by forming novel B-
cells (Moss et al, 2009; Ghaye et al, 2015; Delaspre et al, 2015; Mi et al, 2023), we did not
detect substantial numbers of new B-cells within four weeks after ablation. Instead, early
recovery after B-cell loss was mediated predominantly by sst1.1” d1-cells that adopted an
insulin-expressing hybrid state while retaining overall dl1-cell identity. Because insulin
expression alone would classify these cells as B-like, earlier studies may have misidentified
them as newly formed B-cells. As earlier studies had suggested that the cells expressing insulin
after B-cell ablation may be derived from the ductal lineage (Delaspre et al, 2015; Mi et al,
2023), we explicitly checked for expression of insulin, 01-cell genes, or transcription factors
involved in pancreas development, in ductal cells, but found no evidence for an expression
response indicative of B-cell precursor formation (Figure S3A). Of note, our findings are in line
with the previous report that krt4*-lineage traced cells express insulin after B-cell ablation (Mi et
al, 2023), as d1-cells are krt4™ at 48 hpf (Figure S3B). Taken together, these data show that
early recovery after B-cell loss is mediated predominantly by sst1.1" d1-cells that adopt an
insulin-expressing hybrid state rather than by rapid reconstitution of canonical 3-cells.

A pre-existing accessible chromatin state poises d1-cells for insulin induction

Because 01l-cells activate insulin expression while retaining overall o-cell identity, we asked
whether they require major epigenetic remodeling or are epigenetically poised to do so. To
investigate this hypothesis, we generated scATAC-seq datasets of pancreatic islets at untreated
control conditions as well as at 7 and 21 days post B-cell ablation (Methods) in order to compare
open chromatin profiles across cell types and time points. We assigned cell types based on
gene activity (Methods), and, similar to the analysis of sScRNA-seq data in Figure 1, we detected
the expected cell types, with a clear separation of the different endocrine cell populations
(Figure 2A, S4A). When inspecting chromatin accessibility around transcriptional start sites
(TSS) of unablated control samples, we found the canonical endocrine marker genes to be
specific for the proposed cell types (Figure 2B). Interestingly, accessibility at the ins locus was
highest in B-cells, followed by 81- and a-cells, with dl-cells showing significantly greater
accessibility than a-cells (fold change = 1.3, adjusted p = 1 x 10%). Similarly, when analyzing
the gene activity of other B-cell genes that are upregulated in d1-cells upon B-cell loss (see
Figure 1E), we found that d1-cells displayed more open chromatin compared to a- and d2-cells,
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already before B-cell ablation (Figure 2C). Taken together, these findings suggest that d1-cells,
at least to some degree, possess permissive chromatin and are epigenetically primed for insulin
expression.

We next focused on the chromatin profiles of endocrine cells following B-cell ablation at
7 and 21 dpa (Figure 2D). As expected, B-cells where absent in both timepoints. We determined
differential peaks for each pairwise combination of endocrine cell types pre- and post B-cell
ablation in order to quantify similarity of open chromatin profiles across cell types and conditions
(Figure 2E, S4B). This analysis revealed that there are no significant changes in chromatin
accessibility in d1-cells before versus after ablation, suggesting that insulin induction does not
require major chromatin remodeling. Similarly, we also did not observe major chromatin
remodeling in any other endocrine cell type post B-cell ablation. This finding is supported by
paired scATAC/scRNA-seq multiome data, in which ins*/sst1.1* d1-cells at 7 dpa show some
opening of the chromatin, but no significant differential peak accessibility compared to
ins 7sst1.1 *d1-cells (Figure S5). These data indicate that 1 competence reflects a pre-existing
permissive chromatin state rather than injury-induced large-scale chromatin remodeling.

Comparing the different endocrine cell types, we found that d1-cells were most similar to
B-cells, exhibiting fewer differential peaks (280) than d2- (1780) and a- (514) cells. Correlation
analysis of open chromatin profiles (Figure 2F) further revealed high similarity between -cells
and 01- and o- cells, but not 02, €, or gip cells (glucose-dependent insulinotropic peptide
responsive cells), underscoring the close similarities between 51- and 3-cells.

To better understand the regulatory landscape of d1-cells, we compared differences in
motif accessibility between single cells (Methods). We found that endocrine cells have closely
related motif enrichment signatures, but are clearly distinguished from other lineages in the
dataset (Figure 2G). Focusing on the endocrine pancreas, we observed that motif enrichment
allowed differentiating between the different cell types (Figure 2H). When comparing B-cell
related motif accessibility, we discovered high similarity between 81- and B-cells (Figure 2I,
S4C/D). Motifs associated with key endocrine and 3-cell regulators, including isl1, nkx6.1, mnx1
and pdx1l (Prince et al, 2017), were already highly accessible in untreated 01-cells, further
supporting the close regulatory similarity between 81- and B-cells. Together, these data indicate
that dl-cells are not induced to become permissive after injury, but instead occupy a pre-
existing accessible state that licenses rapid endocrine plasticity.

Cross-species comparison separates permissive, deployable and blocked endocrine states

To distinguish regulatory features associated with regenerative competence from those that are
more broadly conserved, we compared endocrine chromatin states across zebrafish, medaka
and human pancreas. We first focused on medaka (Oryzias latipes), another teleost model in
which B-cell regeneration has been examined (Otsuka et al, 2015). Previously published
scRNA-seq data allowed identification of two subtypes of d-cells in the endocrine pancreas, one
of which is partially positive for ins1.2. This prompted us to collect sScCATAC-seq data of the
Medaka pancreas (Figure 3A, Figure S6). We annotated the cells based on known markers —
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gcgb for o-cells, ins for B-cells, sstl.1 for d1-cells and sstl1.2 for d2-cells (Figure 3B, Figure
S6D). Interestingly, we observed open chromatin at the ins1.2 gene in medaka 01-cells, similar
to the permissive open chromatin signature in zebrafish. By contrast, open chromatin for ins1.1
was exclusively detected in B-cells (Figure 3C).

We next compared motif accessibility of key transcription factors relevant for endocrine
differentiation. Motif analysis revealed both shared endocrine regulatory features and clear
differences between 31- and 02- cells, as well as divergence between corresponding endocrine
populations in zebrafish and medaka (Figure 3D, Figure S6F). Quantification of differentially
accessible peaks revealed that 81-cells are closer to B-cells than to 52-cells (Figure 3E). Taken
together, in medaka we find evidence for permissive chromatin, similar to the zebrafish. This
finding motivated us to perform a functional experiment in which we performed NTR ablation of
B-cells in adult medaka. Based on measurement of glucose concentration, we did not find
evidence for functional recovery of insulin production at 14 dpa (Figure 3F). Thus, medaka d1-
cells show a permissive chromatin state similar to zebrafish, but this state is insufficient on its
own to enable adult functional recovery.

Cellular plasticity of adult human endocrine cells is believed to be very limited, and the
existence of insulin-producing hybrid & cells has not been reported. We next sought to
understand to which degree this could be explained by a lack of permissive chromatin. To this
end, we gathered available paired scRNA/scATAC-seq data from non-diabetic donors collected
in the human pancreas analysis program (Patil et al, 2023) (Figure 3G, S7) and annotated the
cells based on the scRNA-seq modality (Figure 3H). In agreement with previous reports, we
found a single population of d cells in the human pancreas (Segerstolpe et al, 2016), with motif
accessibility closely matching zebrafish 01-cells (Figure 3l), which indicates a high degree of
evolutionary conservation. Similar to zebrafish and medaka, differential peak accessibility
revealed that human &-cells are relatively close to B-cells on the level of open chromatin (Figure
3J). However, in contrast to zebrafish and medaka, the accessibility of the INS locus is highly
restricted in human &-cells (Figure 3K, L). The restricted accessibility of the INS locus in human
O-cells points to an epigenetic barrier that may limit endocrine plasticity in the adult human
pancreas. Together, the zebrafish—-medaka—human comparison defines three regulatory states
of endocrine plasticity: a permissive and deployable state in zebrafish, a permissive but
insufficient state in medaka, and a restricted state in human 0-cells. This comparative
framework suggests that regenerative competence is determined not simply by lineage
proximity, but by whether permissive chromatin can be productively deployed after injury.

Gene regulatory network analysis identifies instructive regulators of 81 state switching

Because permissive chromatin alone could not explain injury-specific insulin induction in 31-
cells, we next searched for instructive transcription factors that might drive this response. We
integrated pseudobulk scRNA-seq and scATAC-seq data to link differentially expressed genes
to candidate cis-regulatory elements (cCRE) and then used motif enrichment and TF-expression
correlations to infer candidate TF—cCRE—gene relationships (Figure 4A, S8; Methods). This
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analysis identified transcription factors whose predicted regulatory activity increased in d1-cells
after B-cell ablation. We focused our analysis on genes differentially expressed in endocrine
cells after the B-cell ablation in different timepoints (Figure 4B). As expected, the linked cCREs
were mostly also accessible in untreated d1-cells (Figure 4C). Using the TF-cCRE pairs, we
then calculated the enrichment of putative TF binding sites at the different timepoints tested
(Figure 4D, S9). This analysis prioritized pdx1l, meisla, meislb, prdmlb and pbx3b as
candidate regulators of the 81 gene expression switch. Among these, pdxl served as an
expected positive control given its established role in B-cell differentiation and insulin expression
(Prince et al, 2017). By contrast, meisla/b stood out as strong and unexpected candidates
because MEIS1 has been linked to metabolic state control in other systems, including promotion
of glycolytic programs and suppression of oxidative phosphorylation (Simsek et al, 2010;
Kocabas et al, 2012). Consistent with this, many genes induced in d1-cells after B-cell loss are
metabolism-related, meisla-linked cCREs became increasingly accessible after ablation (Figure
4E), and predicted meisla target genes were enriched for glycolysis and gluconeogenesis
(Figure 4F, S10). Furthermore, in pancreatic development, Meis proteins are expressed in the
endocrine pancreas and cooperate with Pbx factors to regulate Pax6 enhancer activity. (Zhang
et al, 2006). These analyses nominate meisla/b as candidate instructive regulators that link
metabolic remodeling to insulin induction in d1-cells.

meisla/b is required for deployment of the hybrid endocrine program

To functionally test candidate regulators identified by our gene regulatory network (GRN)
analysis, we next performed targeted perturbation experiments in zebrafish larvae. We used the
larval B-cell ablation model as a rapid in vivo assay to test whether candidate regulators
identified in the adult regenerative response are required for hybrid-cell formation. From the set
of transcription factors predicted to regulate genes induced in d1-cells after B-cell ablation —
including pdx1, meisla, meislb, prdmlb, and pbx3b — we prioritized candidates that showed
strong motif enrichment in regulatory elements linked to differentially expressed genes and that
were expressed in d1-cells during the regenerative response (Figure 4D—F).

We generated CRISPR-Cas9 crispants (Kroll et al, 2021), targeting selected candidate
transcription factors and quantified the formation of insulin-expressing hybrid cells following -
cell ablation. Larvae were subjected to nitroreductase-mediated B-cell ablation and analyzed
during the early phase of recovery, when d1-derived hybrid cells normally emerge (Figure 5A).

As expected, due to its role as a key factor in the development of the islet (Prince et al,
2017), pdx1 FO crispants showed large disruptions in the islets (Figure S11), confirming the
efficiency of our knockout model. Perturbation of meisla as well as combined perturbation of
both meisla/b did not disrupt islet development, and both &1- and B cells were present in the
islets (Figure 5B). While meisla perturbation alone did not significantly reduce ins expression by
01-cells post B-cell ablation (Figure 5C), combined meisla/b perturbation lead to a pronounced
reduction in insulin production. While control larvae robustly formed bihormonal sst1.1%/ins" cells
following B-cell ablation, meisla/b crispants displayed a significant reduction in hybrid cell
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formation relative to controls (Figure 5D), indicating that meisla/b activity is required for the
activation of insulin expression in d1-cells during pancreatic recovery. Importantly, perturbation
of meisla/b did not abolish the presence of 0l-cells themselves, suggesting that meisla/b
specifically affects the transcriptional transition toward the hybrid endocrine state rather than d1-
cell survival or identity. Together, these findings identify meisla/b as instructive regulators of
insulin induction in d1-cells following B-cell loss.

Discussion

Our data identify a mechanism by which differentiated adult endocrine cells acquire plasticity
after injury. Rather than requiring large-scale rebuilding of cell identity, early insulin restoration
after B-cell loss proceeds through deployment of a pre-existing permissive chromatin state and
meisla/b-dependent transcriptional control within d1-cells. In this framework, zebrafish 01-cells
represent a deployable plastic state that is absent or constrained in other vertebrate systems.

Compared with mammalian models of extreme B-cell loss, in which insulin production by
non-B endocrine cells is generally limited and gradual, the zebrafish response is strikingly rapid
and functionally effective, and is mediated predominantly by d1-cells that adopt a stable hybrid
state rather than undergoing immediate full B-cell conversion (Thorel et al, 2010; Cigliola et al,
2018). Independent studies have further identified ductal Ngn3-expressing progenitors as
contributors to adult B-cell neogenesis in diabetic mice (Gribben et al, 2021), indicating that
multiple cellular routes to B-cell recovery may coexist depending on injury context. In zebrafish,
earlier work likewise supported contributions from ductal compartments (Delaspre et al, 2015;
Mi et al, 2023). Our data do not exclude such contributions in parallel or at later stages, but
indicate that within the first month after adult B-cell ablation the dominant insulin-expressing
population retains d1 identity. In this light, krt4-based lineage tracing should be interpreted
cautiously, because krt4 marks a broader responsive lineage that includes d1-cells. Whether the
previously described Notch-responsive population is molecularly distinct from, overlaps with, or
gives rise to the primed 01 state identified here remains an open question.

A central conceptual advance of our study is the separation of permissive and instructive
features underlying this response. On the permissive side, d1-cells are epigenetically unusually
close to B-cells: they show relatively open chromatin at ins and other 3-cell-associated loci even
before injury, consistent with a poised state for insulin activation. B-cell loss does not trigger
large-scale remodeling of accessibility, implying that the switch into a hybrid state is driven more
by deployment of pre-existing regulatory potential than by major reconfiguration of chromatin.
This does not exclude important regulation below the resolution of accessibility maps, including
altered transcription factor occupancy, enhancer-promoter communication, or histone
modifications, but it suggests that rapid insulin induction does not require the de novo opening
of a previously inaccessible endocrine program.

This framework also helps explain the interspecies comparison. Medaka d1-cells appear
to share a permissive chromatin configuration at insulin loci, yet adult medaka failed to recover
normoglycemia in the time window examined, indicating that permissive chromatin is not
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sufficient on its own. By contrast, human &-cells lack accessible chromatin at the INS locus
despite broader regulatory similarities to teleost d1-cells, suggesting an additional epigenetic
barrier to endocrine plasticity in the adult human pancreas. Together, these observations argue
that regenerative competence depends on both a permissive chromatin state and injury-
responsive instructive inputs.

Our gene-regulatory network analysis nominates such instructive inputs. Alongside
expected endocrine regulators such as pdx1, we identified meisla/b, prdmlb and pbx3b as
candidate drivers of the 81 response, and larval perturbation experiments functionally prioritized
meisla/b as required for insulin production by d1-cells. This result is notable because it places a
TALE homeobox factor not simply downstream of endocrine identity change, but near the top of
the regulatory hierarchy that enables the hybrid state.

MEIS1 is especially compelling in light of prior work linking it to metabolic state control in
other systems. In long-term hematopoietic stem cells, LT-HSCs rely on glycolysis rather than
mitochondrial oxidative phosphorylation, and Meisl contributes to this state through
transcriptional control of Hif-1a; subsequent work showed that Meis1 also supports Hif-1a/Hif-
2a-dependent oxidant defense, with Meisl loss shifting HSCs toward mitochondrial oxidative
metabolism and loss of quiescence (Simsek et al, 2010; Kocabas et al, 2012). In a second
context, normal down-regulation of MEIS1 during the perinatal period promotes maturation of
oxidative phosphorylation in cardiomyocytes (Lindgren et al, 2019). Finally, in pancreatic cancer
cells, Meisl has been reported to directly regulate mitochondrial gene transcription via binding
to the mitochondrial H-strand promoter (Tomoeda et al, 2011). Although these systems are
biologically distinct, they converge on a common theme: MEIS1 can couple cell-state transitions
to control of glycolysis, oxidative metabolism and mitochondrial gene expression.

That theme fits remarkably well with our data. Following B-cell ablation, d1-cells
upregulate not only insulin, but also genes involved in glucose uptake and metabolism,
prohormone processing, ion handling and vesicle release, and they accumulate lipids.
Moreover, interference with Ppara-driven fatty-acid metabolism enhances hybrid-cell formation,
arguing that metabolic state is not merely a consequence of the fate change but may be part of
the mechanism enabling it. In this context, meisla/b may provide a link between injury-induced
metabolic stress and transcriptional activation of a B-like program. The enrichment of
glycolysis/gluconeogenesis-related genes among predicted meisla targets is consistent with
such a model. We therefore favor a view in which meisla/b do not simply switch on insulin
transcription, but help reconfigure d1-cells into a metabolic state compatible with insulin
synthesis and secretion after B-cell loss.

This interpretation also sharpens the meaning of regeneration in this system. In the time
frame examined, the zebrafish pancreas does not rapidly recreate its pre-injury cellular
composition; instead, it restores function through a stable or semi-stable hybrid state. An
important next question is whether bona fide B-cells subsequently re-emerge during longer
recovery.
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More broadly, our study suggests that successful endocrine plasticity requires alignment
of three regulatory layers: a permissive chromatin landscape, injury-responsive transcription
factors, and potentially a metabolic state capable of communicating B-cell loss. In zebrafish, 81-
cells satisfy all three conditions; in medaka, permissive chromatin appears present but may lack
the appropriate instructive circuitry; in humans, the INS locus itself appears epigenetically
restricted. For translational efforts, this argues against strategies focused only on lineage
transcription factors or only on chromatin opening. A more plausible route may be to combine
chromatin unlocking with manipulation of metabolic and transcriptional regulators, including
MEIS1-linked pathways. Whether such interventions can safely induce an insulin-competent
state in mammalian d-cells remains open, but the present work provides a mechanistic
framework for asking that question.
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Materials and Methods

Software and algorithms

Cell Ranger v7.0.1

10x Genomics

Cellbender 0.3.2

Fleming et al, 2023

Cell Ranger ATAC v2.1.0

10x Genomics

Cell Ranger ARC v2.0.2

10x Genomics

Scanpy v1.9.5

Wolf et al, 2018

SCVIv1.0.4 Gayoso et al, 2022
STAR v2.7.1a Dobin et al, 2013
featureCounts Liao et al, 2014

Signhac v1.14.0

Stuart et al, 2021

MACS2v2.2.9.1

Zhang et al, 2008

Harmony v1.2.3

Korsunsky et al, 2019

ChromVAR v1.24.0

Schep et al, 2017

Cicerov1.3.9

Pliner et al, 2018

Motifmatchr v1.30.0

Schep et al, 2017

EnrichR v3.4

Python v3.11.9

Rv4.3.3

GraphPad v11

Affinity Publisher 2 v2.6.5

Imaged v1.54

Fiji (ImageJ 2.15.1/1.54f)
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Fish strains and husbandry

All experiments were performed in wild-type or transgenic zebrafish of the outbred AB, WIK, or
hybrid WIK/AB backgrounds. Fish were maintained under standard conditions at 28°C and
assigned randomly to experimental groups. Published transgenic strains used included
Tg(ins:BB1.0L; cryaa:RFP) (Singh et al, 2017), Tg(sstl.1:EGFP-Ras)™™ (Léhr et al, 2018),
Tg(ins: FLAG-NTR)***®® (Andersson et al, 2012), Tg(ins:YFP-2A-NTR3,cryaa: mCherry)"#201T9,
Tg(ins:NLS-mCerulean, cryaa:mCherry) (Singh et al, 2017).

Medaka were maintained under standard conditions at 26°C and assigned randomly to
experimental groups. The non-transgenic medaka strain d-rR.YHNI (Scholz et al, 2003) was
used in the scRNAseq experiments, hemizygous transgenic animals of TG1679 (Otsuka et al,
2015) carrying the insulin:EGFP-NTR sequence were used for the ablation experiments.

All experiments adhered to the Animal Welfare Act and were approved by the Landesdirektion
Sachsen, Germany. (TVV32_2020, TVT1_2021, TVV62_2024).

Construction of Tg(ins:NLS-mRuby-T2A-NTR2.0, myl7:NLS-mCherry) plasmid

mRuby3 was amplified from addgene plasmid 112169 using Fw-EcoRI-NLS-mRuby and Rev-
Spel-T2A-mRuby primers. The NTR2.0 gene was amplified with the Fw-Spel-NTR2.0 and Rv-
Pacl-NTR2.0 primers. The plasmid ins-sepLourin-cmcl2-XbaNLSmCherry with |-Scel
meganuclease sites was used as the backbone and digested with EcoRI and Pacl.

Fw-EcoRI-NLS- | AACAAAGAATTCGCCACCATGCCTGCTGCTAAGAGAGTGAAACTGGAT

mRub
y GCGGCCGCCGGTGTGTCTAAGGGCGAAGAGCTGATCAAGG

Rv-Spel-T2A- AACAAAAACTAGTTCCTGGGCCAGGATTCTCCTCGACGTCACCGCATG

Rub
mrtby TTAGCAGACTTCCTCTGCCCTCTCCGCTAGCCTTATAAAGTTCATCCATA

CCACCACCAAGATTGG

Fw-Spel-NTR2.0 | AACAAAACTAGTATGACTATTGTTCAAGCTGCCCAATCCC

Rv-Pacl-NTR2.0 | AACAAATTAATTAATTAGATTTCGGTAAAAACAGTCTCTGCTGACC

Trangenic founders were generated using the I-Scel meganuclease.
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Crispant FO knockout perturbation experiments

FO TF perturbations were performed as previously described (Kroll et al, 2021) on
TgBAC(sstl.1:EGFPras); Tg(ins:NLS-mRuby-T2A-NTR2.0,myl7:NLS-mCherry) embryos, with
the modification that two loci per gene were targeted. crRNAs were designed to target the
specific exons listed below using the Alt-R Custom Cas9 Design Tool. The crRNA constituted
the only locus-specific component of the Cas9/gRNA ribonucleoprotein (RNP). crRNAs were
selected based on a balance of highest predicted on-target activity and minimal off-target
potential. Synthetic gRNAs were assembled from separate crRNA (Alt-R CRISPR-Cas9 crRNA)
and tracrRNA (Alt-R CRISPR-Cas9 tracrRNA, IDT, Cat. #1072532) components.
crRNA/tracrRNA annealing and gRNA/Cas9 assembly followed the protocol in Kroll et al., 2021.
Cas9 protein (Alt-R S.p. Cas9 Nuclease V3, IDT, Cat. #1081058) was used to form RNP
complexes. A gRNA targeting tyrosinase was included as a visual marker of CRISPR efficiency.
The pooled Cas9/gRNA RNPs (tyr and target gene gRNAs) were injected into single-cell
embryos.

List of designed crRNAs with their targeting exons

Gene Target exon Sequence

pdx1 Exon 1 AGGCACAAGAGTCCTTGTAC
pdx1 Exon 1 TTCAGTATACGCCTCACCAT
pdx1 Exon 2 AGGACTCCTCCATCACGTCC
pdx1 Exon 2 CCTCGGCCTCGACCATATAA
meisla Exon 2 GATGTACGGGGATCCTCACG
meisla Exon 8 CAACCAATATCATGAGAGCA
meislb Exon 2 ACGAAGATATACCCCACTAT
meislb Exon 2 AGGCTGTTCACCTGAATCAC
pbx3b Exon 5 TCCTCCACCCTTCTCTGGTC
pbx3b Exon 5 CCATCGAGCACTCCGACTAC
tyr Exon 1 GGACTGGAGGACTTCTGGGG

Immunofluorescence and image acquisition

Whole-mount immunofluorescence was performed on 5dpf larvae fixed in 4% paraformaldehyde
for 48 hours followed by skin removal from the abdomen region. The samples were
permeabilized in 0.4% PBT (Triton-X-100) and blocked in 4% PBTB (BSA). Primary antibody,
secondary antibody and DAPI staining were performed overnight at 4°C. Primary antibodies
used in this study were anti-insulin (rabbit, Genetex 128490) at 1:200 and anti-pdx1 (guinea pig,
gift from Dr. Christopher Wright) at 1:200. Secondary antibodies at 1:500 dilutions used in this
study were Alexa Fluor 568 anti-rabbit and Alexa Fluor 647 anti-guinea pig. Nile Red staining
was performed at a concentration of 0.5ug/ml to quantify neutral lipid deposits. Samples were
mounted in Vectashield and imaged using a Zeiss LSM 780 or Andor Dragonfly spinning disk
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confocal system (Andor Technology, Belfast, Northern Ireland). FIJI was used to add scale bars
and PowerPoint was used for labeling.

Quantification of bihormonal cells and lipid filled vacuoles in the islets

All guantifications were performed on z-stack confocal images of whole-mount transgenic
zebrafish larvae at 5 dpf. Ins*/sst1.1" cells were manually quantified as hybrid bihormonal cells
and nile red+ spherical structures were manually quantified as neutral lipid filled vacuoles using
Fiji (ImageJ 2.15.1/1.54f). Plotting and statistical analysis were performed using ordinary one-
way ANOVA with Tukey’s multiple comparisons test in GraphPad (v11).

MTZ ablation and pharmacological treatments at larval stages

Beta-cell ablation was induced by incubating 2.5 dpf larvae in 10 mM metronidazole (MTZ,
Sigma-Aldrich, M3761) in E3 medium for 24 h. Larvae were thoroughly rinsed to remove MTZ
and then incubated with the pharmacological compounds (GW6471, MedChemExpress,
Catalog #: HY-15372) from the end of MTZ treatment until 5 dpf, with fresh compound solution
replaced every 24 h.

MTZ ablation in medaka

Ablation of beta cells in adult medaka was performed as described (Dasyani et al, 2019) with
minor modifications: A 20 mM metronidazole solution was freshly prepared and adult fish were
kept in 10 mM MTZ solution in fish system water for 24 h in the dark. Control fish were treated
with fish system water containing 0.5% DMSO. After treatment, the MTZ was washed out with
fish system water and the fish were transferred back to the husbandry system until the end of
the experiment.

Glucose quantification in medaka

For glucose quantification, brain tissues were harvested, snap-frozen in liquid nitrogen and then
stored at —80(1°C until further processing. Glucose measurements were determined using the
BioVision Glucose Assay Kit (Cat #: ab65333) according to the manufacturer’s protocol. After
thawing on ice, assay buffer was added at a ratio of 50 uL per 1 mg of brain tissue and the
tissue samples were sonicated with an ultrasonic homogenizer (Bioruptor sonication device,
Diagenode). Homogenates were then centrifuged at 13,000 x g and 50 pL of the supernatant
was used for the glucose assay.

Preparation of single-cell suspensions from adult and larvae

Suspensions of single cells of the zebrafish and medaka pancreas were performed as described
in (Janjuha et al, 2018). Briefly, primary islets together with surrounding tissue were dissected
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and dissociated into single cells using TrypLE (Thermo Fisher Scientific, 12563029)
supplemented with 0.1% Pluronic F-68 (Thermo Fisher Scientific, 24040032). Dissociation was
carried out at 37 °C for 30 minutes 450 rpm on a benchtop shaker. During dissection, p-cells
were identified using fluorescence from Tg(ins:BB1.0L; cryaa:RFP) or Tg(ins:YFP-2A-NTR3,
cryaa:mCherry) reporter lines to guide localization of the principal pancreatic islets. Following
enzymatic digestion, TrypLE activity was inactivated by addition of 10% FBS. Cells were
collected by centrifugation at 500 g for 10 mi at 4°C, after which the supernatant was removed
and the pellet resuspended in 500 pl HBSS lacking calcium and magnesium, supplemented with
0.1% Pluronic F-68. The suspension was filtered through a 30 um cell strainer (Miltenyi Biotec,
130-041-407). Calcein violet (Thermo Fisher Scientific, C34858) was added to a final
concentration of 1 uM, followed by incubation for 20 min at room temperature. Calcein positive
were isolated by fluorescence-activated cell sorting (FACS). Subsequent barcoding and library
preparation were performed following the 10x Genomics single-cell RNA-seq protocol.

Preparation for single-cell ATAC-seq of zebrafish pancreas

Single-cell suspensions from zebrafish and medaka pancreas were prepared as described
above. A total of 100,000 live cells were FACS-sorted into BSA-coated 1.5 mL tubes and
pelleted by centrifugation at 500 g for 5 min at 4°C. Cells were washed once with chilled 1x PBS
under the same centrifugation conditions.

For nuclei isolation, cell pellets were resuspended in 90 uL ice-cold lysis buffer (10 mM Tris-HCI
pH 7.4, 10 mM NacCl, 3 mM MgCl,, 0.1% Tween-20, 0.1% IGEPAL CA-630, 0.01% digitonin, 1%
BSA) and gently pipetted. Lysis was performed on ice for 3 min. Subsequently, 100 pL wash
buffer (10 mM Tris-HCI pH 7.4, 10 mM NaCl, 3 mM MgCl,, 0.1% Tween-20, 1% BSA) was
added, and nuclei were pelleted at 500 g for 5 min at 4 °C. The supernatant was carefully
removed without disturbing the nuclei pellet.

The pellet was resuspended in 90 pL chilled 1x nuclei buffer (10x Genomics) and centrifuged at
500 g for 5 min at 4°C. After complete removal of the supernatant, nuclei were resuspended in
7 puL diluted nuclei buffer. Nuclei concentration was determined using trypan blue exclusion.
Subsequent tagmentation, barcoding, and library preparation were performed following the
10x Genomics single-cell ATAC-seq protocol.

The sample preparation protocol for single-cell multiome libraries was largely the same as for
SCATAC-seq. In addition, we added 1mM DTT and 1U/ul of RNase inhibitor (stock 40U/ul) to
lysis buffer, wash buffer and diluted nuclei buffer during preparation.

Single-cell raw data processing and quality control
Read alignment and initial processing

Raw data of zebrafish pancreas scRNA-seq datasets GSE152697 and GSE22684 (Mi et al,
2023), as well as new data generated here, were aligned to GRCz11 and processed using Cell
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Ranger v7.0.1 (10x Genomics) with default parameters. Ambient RNA contamination and
putative doublets were removed using CellBender v0.3.2. Zebrafish scATAC-seq data were
aligned to GRCz11 and processed using Cell Ranger ATAC v2.1.0 (10x Genomics) using default
parameters. Zebrafish multiome datasets were aligned to GRCz11 and processed using Cell
Ranger ARC v2.0.2 (10x Genomics) using default parameters. Medaka (Oryzias latipes)
SCATAC-seq data were aligned to the ASM223467v1 reference assembly and processed using
Cell Ranger ATAC v2.1.0. Human multiome datasets were obtained from the PANCDB
consortium (Kaestner et al, 2019) and aligned to the human reference genome hg38 using Cell
Ranger ARC v2.0.2 (10x Genomics).

Processing and clustering of sScRNA-seq data

Single cell RNA sequencing datasets were preprocessed using the Scanpy framework v1.9.5
(Wolf et al, 2018), and potential doublets and low-quality cells were filtered out. Single cell RNA
datasets were merged and integrated using SCVI tools (Gayoso et al, 2022). Semi-supervised
clustering was performed using the leiden algorithm based on the scVI latent space, which
resulted in 25 clusters. These clusters were annotated using established marker genes. Subsets
of the main endocrine islet populations were reclustered. Differentially expressed genes (DEGS)
were identified for each cell type at different time points post ablation relative to the
corresponding controls using Wilcoxon rank-sum test. Transcript counts per million (cpm) were
calculated to obtain pseudobulk data per cell type and condition.

Processing and integration of Bulk RNA data

FACS sorted data of islet cells pre and post ablation (GSE167187) was mapped to GRCz11
using STAR (Dobin et al, 2013) aligner and assigned to genomic features using featureCounts
(Liao et al, 2014) We integrated our pseudobulk RNA data for cell type and conditions with more
than 50,000 counts and annotated the FACS sorted data based on transcriptional similarity
using PCA clustering (Figure 1F).

Processing and clustering of scATAC-seq and paired sequencing data

Single cell ATAC and paired multiome datasets were processed using the Signac (Stuart et al,
2021) framework. Potential doublets and low-quality cells were filtered out. Peaks were called
on all fragments of high-quality cells using MACS2 (Zhang et al, 2008). Gene activity scores
were calculated based on Signac’s GeneActivity function, which includes counts in the proximity
of 2kb of TSS and protein coding regions of annotated genes. The peak count matrix was
normalized using frequency inverse document frequency (TF-IDF) and dimensions were
reduced using singular value decomposition (SVD). Harmony (Korsunsky et al, 2019) was used
for dataset integration, followed by clustering with the Louvain algorithm. 27 clusters were
identified and annotated by established marker gene activity scores.
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Endocrine cell populations were identified using the canonical marker genes, and coverage
tracks of fragments overlapping marker-gene loci were plotted using Signac’s CoveragePlot
function. Displayed fragments covered annotated genes as well as 2 kb upstream and
downstream regions. To include weaker signals, peak calling was repeated. We ran MACS2 on
sets of fragments for each cell type and timepoint. To create a uniform peak set, we then
merged overlapping or directly adjacent peaks into a non-redundant peakset. For obtaining
pseudo-bulk data, counts per million (cpm) were calculated per cell type and condition. We ran
normalization, dimensional reduction, integration and clustering as described before. For the
multiome dataset, paired gene expression data of sstl.l and ins were mapped on the
dimensional reduction.

Differential accessibility analysis and dataset balancing

To reduce biases from unequal cell numbers, we applied a two-step subsampling strategy. Cells
were first downsampled to achieve comparable representation across datasets, followed by
subsampling within combined cell type and treatment groups to obtain similar group sizes. Rare
populations of gip and €-cells could not be fully balanced due to low abundance.

Differentially accessible peaks were identified using logistic regression as implemented in
Signac (‘FindMarkers’), including read depth as a latent variable. Pairwise comparisons were
performed across all groups, and peaks were considered significant at adjusted p <0.01 and
log, fold-change = 1. Next, we filtered for the most accessible peaks (top 20%) of grouped cell
types and calculated pairwise Pearson's correlations across groups.

Multiome analysis and differential accessibility

Multiome 01-cells were classified into inShign, iNSmia, and insi,y categories based on normalized
ins expression (defined as >1 SD above, within, or <1 SD below the mean, respectively), and
differential peak accessibility was tested using logistic regression. Multiome coverage tracks
were plotted as described above.

Motif Accessibility

The JASPAR 2024 Vertebrate database was used to extract position weight matrices (PWMs)
for TF binding (Rauluseviciute et al, 2024). Zebrafish orthologue gene names were annotated
using ENSEMBL (Dyer et al, 2025) and OMA (Altenhoff et al, 2024) databases. The peak set
was then scanned for accessible motifs using motifmatchr (Schep, 2025) and chromVAR
(Schep et al, 2017) was used to score variability in motif accessibility between the cells. This
analysis was performed for both the full sScATAC-sequencing dataset and the endocrine subset.
PCA and UMAP were then run on chromVAR scores for data visualization.

Gene regulatory network analysis
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To identify gene regulatory networks, we adapted a workflow previously published by (Zhu et al,
2023), as described below:

Input pseudobulk data and indexing

Cell types and treatment conditions were pseudo-bulked as described above. Data from 2-7 dpa
were grouped as the early response, and data from 14-21 dpa as the late response.
Pseudobulk RNA data were filtered to include only genes with a minimum of 5cpm and
pseudobulk ATAC data were filtered to include only peaks with a minimum count of 3 cpm. ATAC
peaks were annotated relative to genes using zebrafish genome annotations. Transcription start
sites (TSS) were defined based on the first exon of each transcript. Peaks were then classified
as candidate cis-regulatory elements (cCRES) based on genomic proximity: promoter cCREs
(x2 kb from TSS), proximal cCREs (25 kb), and distal cCREs. Promoter and proximal cCREs
were associated with the nearest gene. To identify distal cCREs, we used Cicero to detect
regions with correlated accessibility across cells while applying a distance-dependent penalty,
with a maximum distance of +500 kb. Distal cCREs were defined as cCREs that exhibited
significant co-accessibility with promoter peaks (co-accessibility score = 0.1). (Pliner et al, 2018)
cCRE-gene links were merged into a table and duplicates were removed prioritizing
promoter > proximal > distal assignments.

Calculation of cCRE-gene links

cCRE—gene links assigned in the previous step were evaluated by calculating Pearson
correlations between cCRE accessibility and expression of the corresponding putative target
gene across pseudobulk samples. To generate a background distribution, RNA and ATAC
sample columns were randomly shuffled and gene—cCRE assignments were independently
permuted. Correlations were recomputed on the perturbed data, and observed and permuted
correlations were combined for downstream comparison. A correlation cutoff was then
determined for each position to achieve a false discovery rate (FDR) of below 0.15 (Figure S8A-
C).(Pliner et al, 2018)

Calculation of TF-cCRE links

Putative transcription factor (TF)—cCRE regulatory links were inferred by integrating motif
annotations with filtered cCRE-gene connections. Only cCREs passing the correlation
thresholds required for a FDR of 0.15 were retained, using position-specific cutoffs for promoter
(R>0.5), proximal (R>0.61), and distal elements (R>0.46). TF—cCRE pairs were defined based
on motif occurrences within cCREs, and correlations between TF expression and cCRE
accessibility were computed across pseudobulk samples using Pearson correlation. To estimate
a null distribution, TF—-cCRE assignments were randomly permuted and sample orders of RNA
and ATAC vectors were independently shuffled prior to correlation calculation. Observed and
perturbed correlations were compared to assess the strength of TF—cCRE regulatory
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associations. A correlation cutoff (R>0.7) was then determined to achieve a false discovery rate
(FDR) of below 0.15 (Figure S8D).

TF modules in differentially expressed genes

Differentially expressed genes for each cell type and condition were considered significant if
they showed log fold change > 1 and adjusted p < 0.01. Significant DEGs were mapped to their
associated cCREs using the previously defined cCRE—gene connections, generating sets of
regulatory elements linked to each DEG group. Enrichment was calculated using Fisher's exact
test comparing the frequency of TF motif—containing cCREs within each DEG-associated cCRE
set against the background of all analyzed cCREs. Resulting p-values were corrected for
multiple testing using the Benjamini-Hochberg method.

For visualization, the top enriched TFs per cluster were selected and plotted as a dot plot,
where dot size represents the enrichment odds ratio and color indicates the significance of
enrichment (-log10 adjusted p-value).

GO term enrichment analysis

For each TF, orthologues of the corresponding target-gene sets were analyzed for pathway
enrichment using Enrichr v3.4 against the WikiPathways 2023 Human (Agrawal et al, 2024)
gene set library. For each TF, the top five pathways were selected based on adjusted p-value
ranking.

Usage of LLMs

ChatGPT (OpenAl, GPT-5.3) was used to improve clarity of text and assist in code refinement.
All outputs were critically reviewed and validated by the authors.

19


https://doi.org/10.64898/2026.05.24.727280
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.24.727280; this version posted May 27, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

References

Agrawal A, Balcl H, Hanspers K, Coort SL, Martens M, Slenter DN, Ehrhart F, Digles D,
Waagmeester A, Wassink |, et al (2024) WikiPathways 2024: next generation pathway
database. Nucleic Acids Res 52: D679-D689

Aguayo-Mazzucato C & Bonner-Weir S (2018) Pancreatic 8 Cell Regeneration as a Possible
Therapy for Diabetes. Cell Metabolism 27: 57-67

Altenhoff AM, Warwick Vesztrocy A, Bernard C, Train C-M, Nicheperovich A, Prieto Bafios S,
Julca |, Moi D, Nevers Y, Majidian S, et al (2024) OMA orthology in 2024: improved
prokaryote coverage, ancestral and extant GO enrichment, a revamped synteny viewer
and more in the OMA Ecosystem. Nucleic Acids Res 52: D513-D521

Andersson O, Adams BA, Yoo D, Ellis GC, Gut P, Anderson RM, German MS & Stainier DYR
(2012) Adenosine Signaling Promotes Regeneration of Pancreatic 8 Cells In Vivo. Cell
Metabolism 15: 885-894

Arda HE, Tsai J, Rosli YR, Giresi P, Bottino R, Greenleaf WJ, Chang HY & Kim SK (2018) A
Chromatin Basis for Cell Lineage and Disease Risk in the Human Pancreas. Cell
Systems 7: 310-322.e4

Bocian-Sobkowska J, Zabel M, Wozniak W & Surdyk-Zasada J (1999) Polyhormonal aspect of
the endocrine cells of the human fetal pancreas. Histochemistry 112: 147-153

Carril Pardo CA, Massoz L, Dupont MA, Bergemann D, Bourdouxhe J, Lavergne A, Tarifefio-
Saldivia E, Helker CS, Stainier DY, Peers B, et al (2022) A &-cell subpopulation with a
pro-B-cell identity contributes to efficient age-independent recovery in a zebrafish model
of diabetes. eLife 11: e67576

Chera S, Baronnier D, Ghila L, Cigliola V, Jensen JN, Gu G, Furuyama K, Thorel F, Gribble FM,
Reimann F, et al (2014) Diabetes recovery by age-dependent conversion of pancreatic
O-cells into insulin producers. Nature 514: 503-507

Cigliola V, Ghila L, Thorel F, van Gurp L, Baronnier D, Oropeza D, Gupta S, Miyatsuka T,
Kaneto H, Magnuson MA, et al (2018) Pancreatic islet-autonomous insulin and
smoothened-mediated signalling modulate identity changes of glucagon+ a-cells. Nat
Cell Biol 20: 1267-1277

Curado S, Stainier DYR & Anderson RM (2008) Nitroreductase-mediated cell/tissue ablation in
zebrafish: a spatially and temporally controlled ablation method with applications in
developmental and regeneration studies. Nat Protoc 3: 948—-954

Dasyani M, Tan WH, Sundaram S, Imangali N, Centanin L, Wittbrodt J & Winkler C (2019)
Lineage tracing of col10al cells identifies distinct progenitor populations for osteoblasts
and joint cells in the regenerating fin of medaka (Oryzias latipes). Developmental Biology
455: 85-99

Delaspre F, Beer RL, Rovira M, Huang W, Wang G, Gee S, Vitery MDC, Wheelan SJ & Parsons

MJ (2015) Centroacinar Cells Are Progenitors That Contribute to Endocrine Pancreas
Regeneration. Diabetes 64: 3499-3509

20


https://doi.org/10.64898/2026.05.24.727280
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.24.727280; this version posted May 27, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P, Chaisson M &
Gingeras TR (2013) STAR: ultrafast universal RNA-seq aligner. Bioinformatics 29: 15-21

Dyer SC, Austine-Orimoloye O, Azov AG, Barba M, Barnes |, Barrera-Enriquez VP, Becker A,
Bennett R, Beracochea M, Berry A, et al (2025) Ensembl 2025. Nucleic Acids Res 53:
D948-D957

Fleming SJ, Chaffin MD, Arduini A, Akkad A-D, Banks E, Marioni JC, Philippakis AA, Ellinor PT
& Babadi M (2023) Unsupervised removal of systematic background noise from droplet-
based single-cell experiments using CellBender. Nat Methods 20: 1323-1335

Gayoso A, Lopez R, Xing G, Boyeau P, Valiollah Pour Amiri V, Hong J, Wu K, Jayasuriya M,
Mehlman E, Langevin M, et al (2022) A Python library for probabilistic analysis of single-
cell omics data. Nat Biotechnol 40: 163-166

Ghaye AP, Bergemann D, Tarifefio-Saldivia E, Flasse LC, Von Berg V, Peers B, Voz ML &
Manfroid | (2015) Progenitor potential of nkx6.1-expressing cells throughout zebrafish
life and during beta cell regeneration. BMC Biol 13: 70

Gribben C, Lambert C, Messal HA, Hubber E-L, Rackham C, Evans |, Heimberg H, Jones P,
Sancho R & Behrens A (2021) Ductal Ngn3-expressing progenitors contribute to adult
cell neogenesis in the pancreas. Cell Stem Cell 28: 2000-2008.e4

Janjuha S, Singh SP, Tsakmaki A, Mousavy Gharavy SN, Murawala P, Konantz J, Birke S,
Hodson DJ, Rutter GA, Bewick GA, et al (2018) Age-related islet inflammation marks the
proliferative decline of pancreatic beta-cells in zebrafish. eLife 7: €32965

Kaestner KH, Powers AC, Naji A, HPAP Consortium & Atkinson MA (2019) NIH Initiative to
Improve Understanding of the Pancreas, Islet, and Autoimmunity in Type 1 Diabetes:
The Human Pancreas Analysis Program (HPAP). Diabetes 68: 1394-1402

Karampelias C, Liu K-C, Tengholm A & Andersson O (2025) Mechanistic insights and
approaches for beta cell regeneration. Nat Chem Biol 21: 807-818

Kocabas F, Zheng J, Thet S, Copeland NG, Jenkins NA, DeBerardinis RJ, Zhang C & Sadek HA
(2012) Meis1 regulates the metabolic phenotype and oxidant defense of hematopoietic
stem cells. Blood 120: 4963—-4972

Korsunsky I, Millard N, Fan J, Slowikowski K, Zhang F, Wei K, Baglaenko Y, Brenner M, Loh P &
Raychaudhuri S (2019) Fast, sensitive and accurate integration of single-cell data with
Harmony. Nat Methods 16: 1289-1296

Kroll F, Powell GT, Ghosh M, Gestri G, Antinucci P, Hearn TJ, Tunbak H, Lim S, Dennis HW,
Fernandez JM, et al (2021) A simple and effective FO knockout method for rapid
screening of behaviour and other complex phenotypes. eLife 10: €59683

Liao Y, Smyth GK & Shi W (2014) featureCounts: an efficient general purpose program for
assigning sequence reads to genomic features. Bioinformatics 30: 923-930

21


https://doi.org/10.64898/2026.05.24.727280
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.24.727280; this version posted May 27, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

Lindgren IM, Drake RR, Chattergoon NN & Thornburg KL (2019) Down-regulation of MEIS1
promotes the maturation of oxidative phosphorylation in perinatal cardiomyocytes.
FASEB J 33: 7417-7426

Lohr H, Hess S, Pereira MMA, Reinol3 P, Leibold S, Schenkel C, Wunderlich CM, Kloppenburg
P, Briining JC & Hammerschmidt M (2018) Diet-Induced Growth Is Regulated via
Acquired Leptin Resistance and Engages a Pomc-Somatostatin-Growth Hormone
Circuit. Cell Rep 23: 1728-1741

Mi J, Liu K-C & Andersson O (2023) Decoding pancreatic endocrine cell differentiation and 3
cell regeneration in zebrafish. Science Advances 9: eadf5142

Moss JB, Koustubhan P, Greenman M, Parsons MJ, Walter | & Moss LG (2009) Regeneration of
the pancreas in adult zebrafish. Diabetes 58: 1844-1851

Otsuka T, Tsukahara T & Takeda H (2015) Development of the pancreas in medaka, Oryzias
latipes, from embryo to adult. Development, Growth & Differentiation 57: 557-569

Patil AR, Schug J, Naji A, Kaestner KH, Faryabi RB & Vahedi G (2023) Single-cell expression
profiling of islets generated by the Human Pancreas Analysis Program. Nat Metab 5:
713-715

Pliner HA, Packer JS, McFaline-Figueroa JL, Cusanovich DA, Daza RM, Aghamirzaie D,
Srivatsan S, Qiu X, Jackson D, Minkina A, et al (2018) Cicero Predicts cis-Regulatory
DNA Interactions from Single-Cell Chromatin Accessibility Data. Molecular Cell 71: 858-
871.e8

Prince VE, Anderson RM & Dalgin G (2017) Zebrafish Pancreas Development and
Regeneration. In Current Topics in Developmental Biology pp 235—-276. Elsevier

Puri S, Folias AE & Hebrok M (2015) Plasticity and Dedifferentiation within the Pancreas:
Development, Homeostasis, and Disease. Cell Stem Cell 16: 18-31

Rauluseviciute I, Riudavets-Puig R, Blanc-Mathieu R, Castro-Mondragon JA, Ferenc K, Kumar
V, Lemma RB, Lucas J, Chéneby J, Baranasic D, et al (2024) JASPAR 2024: 20th
anniversary of the open-access database of transcription factor binding profiles. Nucleic
Acids Res 52: D174-D182

Schep A (2025) motifmatchr: Fast Motif Matching in R.

Schep AN, Wu B, Buenrostro JD & Greenleaf WJ (2017) chromVAR: inferring transcription-
factor-associated accessibility from single-cell epigenomic data. Nat Methods 14: 975—
978

Scholz S, Résler S, Schaffer M, Hornung U, Schartl M & Gutzeit HO (2003) Hormonal Induction
and Stability of Monosex Populations in the Medaka (Oryzias latipes): Expression of
Sex-Specific Marker Genes. Biol Reprod 69: 673-678

Segerstolpe A, Palasantza A, Eliasson P, Andersson E-M, Andréasson A-C, Sun X, Picelli S,

Sabirsh A, Clausen M, Bjursell MK, et al (2016) Single-Cell Transcriptome Profiling of
Human Pancreatic Islets in Health and Type 2 Diabetes. Cell Metabolism 24: 593—-607

22


https://doi.org/10.64898/2026.05.24.727280
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.24.727280; this version posted May 27, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

Simsek T, Kocabas F, Zheng J, DeBerardinis RJ, Mahmoud Al, Olson EN, Schneider JW, Zhang
CC & Sadek HA (2010) The Distinct Metabolic Profile of Hematopoietic Stem Cells
Reflects Their Location in a Hypoxic Niche. Cell Stem Cell 7: 380—-390

Singh SP, Chawla P, Hnatiuk A, Kamel M, Silva LD, Spanjaard B, Eski SE, Janjuha S, Olivares-
Chauvet P, Kayisoglu O, et al (2022) A single-cell atlas of de novo B-cell regeneration
reveals the contribution of hybrid B/d-cells to diabetes recovery in zebrafish.
Development 149: dev199853

Singh SP, Janjuha S, Hartmann T, Kayisoglu O, Konantz J, Birke S, Murawala P, Alfar EA,
Murata K, Eugster A, et al (2017) Different developmental histories of beta-cells
generate functional and proliferative heterogeneity during islet growth. Nat Commun 8:
664

Stuart T, Srivastava A, Madad S, Lareau CA & Satija R (2021) Single-cell chromatin state
analysis with Signac. Nat Methods 18: 1333-1341

Sun X, Wang L, Obayomi SMB & Wei Z (2021) Epigenetic Regulation of B Cell Identity and
Dysfunction. Front Endocrinol 12; 725131

Thorel F, Népote V, Avril I, Kohno K, Desgraz R, Chera S & Herrera PL (2010) Conversion of
adult pancreatic a-cells to B-cells after extreme B-cell loss. Nature 464: 1149-1154

Tomoeda M, Yuki M, Kubo C, Yoshizawa H, Kitamura M, Nagata S, Nishizawa Y & Tomita Y
(2011) Role of Meis1 in mitochondrial gene transcription of pancreatic cancer cells.
Biochemical and Biophysical Research Communications 410: 798—-802

Tucker TR, Knitter CA, Khoury DM, Eshghi S, Tran S, Sharrock AV, Wiles TJ, Ackerley DF,
Mumm JS & Parsons MJ (2023) An inducible model of chronic hyperglycemia. Dis Model
Mech 16: dmm050215

Wolf FA, Angerer P & Theis FJ (2018) SCANPY: large-scale single-cell gene expression data
analysis. Genome Biol 19: 15

Zhang Y, Liu T, Meyer CA, Eeckhoute J, Johnson DS, Bernstein BE, Nusbaum C, Myers RM,
Brown M, Li W, et al (2008) Model-based Analysis of ChIP-Seq (MACS). Genome Biol 9:
R137

Zhu H, Wang G, Nguyen-Ngoc K-V, Kim D, Miller M, Goss G, Kovsky J, Harrington AR,
Saunders DC, Hopkirk AL, et al (2023) Understanding cell fate acquisition in stem-cell-
derived pancreatic islets using single-cell multiome-inferred regulomes. Developmental
Cell 58: 727-743.e11

23


https://doi.org/10.64898/2026.05.24.727280
http://creativecommons.org/licenses/by/4.0/

Figure 1

A bioRxiv preprint doi: https://doi.org/10.64898/2026.05.24.727280; this version posted May 27, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/fun&i@r, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

Untreated Ablated Recovered
@ Normoglycemia Hyperglycemia Normoglycemia
\
acinar
aip o :
€. delta2
epithelial
ductal

* Alpha © New Ins+ Cells
o mesenchymal subtype 2

Beta Delta2

Deltal endothelial erythroblast

r@;{;@mal proliferating

-~ mesenchymal subtype 1
adipo%s

. Sl.ngh etal. 7 neutrophils
© Mietal ~ »
@ Newdata & hg&topmetlc

<

=

o

UMAP1
Insulin expression Datasets
Scaled

Expression

@ singh et al. untreated

2 @ alpha Singh et al. treated
) @ beta 5 Mi et al. untreated
© deltal Mi et al. treated
delta2 @ New data untreated
New data treated
Pseudobulk integration Insulin Expression
Insulin expression over time - Singh et al. Cell type Carril Pardo et al.
[ ]
A ! ] ! ] o
8 :T : . L celltype PS ® control beta -
c -
‘§ 6 - : 4 - alpha 2 u © control deltal
o 2t : T .
e .. . ) - : [ s control delta2 100,000
w4 - . . . M ..
3 : 5, i ; EE deitar treated beta ‘Q
o - . - .
827: ' H . delta2 A treated deltal .
i . l . O o ! S 10,000
0 ——-E. . _ l. JR IS o AcC treated defta2 &
I 1 I 1 1
control 0 2 7 14 $ Source .
Days post ablation m  Carril Pardo et al. 1,000
-20 .
® Singh et al.
Insulin expression over time - Mi et al. )
R A Mietal
< 100
8 - : celltype 1 + New data *
=4
% o . B ahe -60 - - 20 é‘“@ o““@\ Q,&q,b OQ\.\o\
o N < < & <
S I beta & & & &
w4 — . < & ¥ &
? B deita1 5 o R
©
827 P - - delta2 H &
. S . . . &
o . v . JLEA - . c)ef’
T T T T .
control 2 5 10
Days post ablation alpha control ° °
alpha early ° 0O O
alpha late - @ )
Insulin expression over time - New data beta control o o ®
&1 . B T celltype deltal control ® o o @ Fraction ot cel
S . ;‘ . . deltal early . O @ O
w 6 = . B s [ R e @
2 " X PR deltal late OO0 e @ LT
£ 44 T e delta2 control ° e 0 @ - 20 40 60 80 100
° o Ky : B deita1 delta? early ) c 0@ o Mean expression
® ¥ . in group
g2 % z 3 i delta2 late [ ] N X X
’ - : g T T T T T T T T T T T T T T T T I —
0 - g 1 —— w - ~ ~x o = o 0 © — o~ ~ o © a el o 2 0.0 0.5 1.0
I I £ 3 & 5 3 4 8 2 2 ¥ v & 5 28T 2 9
s 3 ® & % 2 a & % g g & 8 & E
control week 4 @ £ % & ¢ g =
S

Time post ablation


https://doi.org/10.64898/2026.05.24.727280
http://creativecommons.org/licenses/by/4.0/

Figure 1: 81-cells provide early insulin restoration after g-cell loss
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B) UMAP representation of different cell types in scRNA-seq atlas of zebrafish regeneration (n = 85,614
cells).

C) Origin of the data: Dataset contains novel data and data from Singh et al. (Singh et al, 2022) and Mi et al.
(Mi et al, 2023).

D) Integrated data of treated and untreated endocrine cells (n = 16,426) showing ins expression in &1-cells
post B-cell ablation.

E) Quantification of ins gene expression in endocrine cells post 3-cell ablation.

F) PCA integration of FACS sorted bulk RNA-seq data (Carril Pardo et al, 2022) and pseudo bulked scRNA-
seq data.

G) Gene expression of ins in bulk RNA-sequencing data categorized by pseudobulk similarity.

H) Selection of genes relevant for insulin expression, glucose metabolism and hormone secretion
differentially expressed in &1-cells post 3-cell ablation.
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Figure 2: Pre-existing accessible chromatin poises 81-cells for insulin induction
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B) Chromatin accessibility around tH&ART ETEDERTE Hidrkei RS i untreated control animals.

C) Gene activity of genes of interest which are differentially expressed in &1-cells post B-cell ablation.

D) Subset of endocrine cells in the scATAC-seq dataset untreated and post ablation (7 dpa, 21 dpa) (n =
8,819).

E) Pairwise comparison of differential peak accessibility in endocrine cells untreated and post ablation (7 dpa,
21 dpa). Logistic regression testing with log, fold change > 1 and Benjamini-Hochberg adjusted p-value of <
0.01. Blue dotted squares highlight the minimal changes between treated and untreated d1-cells.

F) Pearson correlation coefficient of peak co-accessibility between the different cell types.

G, H) UMAP representation based on motif accessibility of the different lineages (G) and different endocrine
populations (H).

(I) Z-scores of selected motif accessibilities relevant for 3-cell differentiation and function.
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B R S P e A e
A) UMAP representation of scATAC%%'&‘bI AS DA ReGAKS |3fpgtonal license.

B) Chromatin accessibility in medaka around the main endocrine marker genes.

C) Chromatin accessibility of the two active insulin orthologues in medaka.

D) Z-scores of selected motif accessibilities relevant for 3-cell differentiation and function in medaka.

E) Pairwise comparison of differential gene accessibility in endocrine cells of the unablated medaka
pancreas. Logistic regression testing with log, fold change > 1 and Benjamini-Hochberg adjusted p-value of
<0.01.

F) Adult medaka remain hyperglycemic after p-cell ablation at 14 dpa. Control: treated with DMSO. Dpt: Days
post treatment.

G) UMAP representation of scRNA-seq/scATAC-seq multiome sequencing data of non-diabetic human islets.
H) Paired expression of selected marker genes in human islets.
I) Z-scores of selected motif accessibilities relevant for B-cell differentiation and function in human islets.

J) Pairwise comparison of differential gene accessibility in endocrine cells of non-diabetic human islets.
Logistic regression testing with log, fold change > 1 and Benjamini-Hochberg adjusted p-value of < 0.01.

K) Chromatin accessibility around the main endocrine marker genes in human islets.

L) Chromatin accessibility of the INS gene in non-diabetic adult human.
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Figure 4: meis1a/b emerges as a metabolic regulator of 81 plasticity
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B) Heatmap of pseudobulk RNA daty3feés diffefertiaiNF e ¥8epost p-cell ablation.

C) Linked pseudobulk cCRE accessibility of elements linked to differential gene expression post ablation.

D) Enrichment of TF-Gene links in gene sets differentially expressed post ablation.

E) Module accessibility of cCREs linked to meis1a in different cell types and conditions.

F) Gene ontologies of differential genes linked to the transcription factor meis7a.
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{oRxiv preprint doi: https://doi.org/10,64898/2026.05 C S-\ersio 026 copyright holder for this preprint
(whith was not certified by peer reviexf) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

Injection Gassilagi®®ander &TC-BY 4.Bi>taﬁemnationaMlig%r§§gpic readout

Quantification of ins+/

0dpf 2.5dpf 3.5dpf  5dpf ssti-d+cells
Q@N;\s: & ,-,\
pdx .
mesrs, % N\
pbx3b

TgBAC(sst1.1:EGFPras);
Tg(ins:FLAG-NTR,cryaazmCherry);
Tg(ins:mCerulean, cryaa:mCherry)

B
°0
2
Sa
©°
Ep
o=
o

meisia
crispant
MTZ

meisia/meisi1b
crispant
MTZ

) ’ D meisia/
C meis1a crispants meis1b crispants
ns ns
04— - 0.5 — Aok Hohokok
ns
*kkk
@ 2
g 03 e dokok 8
g : 5
= [}
8 02 3 T
2 . :
s 01— Atles 2
2 5
0.0
I I I I
RV
oY S "
¥ K «



https://doi.org/10.64898/2026.05.24.727280
http://creativecommons.org/licenses/by/4.0/

Figure 5: meis1al/b is required for injury-induced insulin induction in 81-cells
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re g UIReTE BT b G en Fog U insahiark el i Asshiare BB BE° U RECRISPRE %50
mediated genome editing in zebrafish larvae. B-cells were ablated using the insulin promoter—driven
nitroreductase (Ins:NTR) system, and the formation of insulin-producing hybrid cells was quantified during the
early recovery phase.

B) Representative confocal images of pancreatic islets pre and post 3-cell ablation, and after FO knockout of
meis1a and meis1a/meis1b. In MTZ ablated control larvae, 81-cells (sst1.1*) activate insulin expression and
form bihormonal hybrid cells (yellow dotted squares). FO knockout of meis1a alone does not significantly
reduce the number of insulin-expressing &1-cells. In contrast, combined FO knockout of meis1a and meis1b
markedly reduces the number of insulin-expressing 1-cells. Scale bar, 10 um.

C) Quantification of 1 hybrid cell formation following candidate TF perturbation. CRISPR perturbation of
meis1a does not significantly reduce the number of sst1.1*/ins* hybrid cells compared with controls. Each
point represents one islet (n = 10 larvae). Statistical significance was determined using one-way ANOVA with
Tukey’s multiple comparisons test.

D) CRISPR perturbation of both meis1a and meis1b significantly reduces the number of sst1.1*/ins* hybrid
cells compared with controls, identifying meis1a/meis1b as required regulators of insulin induction in 81-cells
following 3-cell loss.
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