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Abstract 
 

During pancreatic development, insulin-producing beta cells, glucagon-producing alpha cells, and 

somatostatin-producing delta cells differentiate from a common endocrine progenitor. While these cells 

have been considered terminally differentiated, over the last several years it has become evident that 

pancreatic islet cellular identity is more plastic than previously appreciated. A cell’s transcriptome is the 

final outcome that stems from the interactions of both genomic and epigenomic components. Dynamic 

changes in chromatin accessibility alongside the recruitment of histone marks that either facilitate or 

repress gene transcription in tandem with transcription factor co-localization come together to define and 

maintain cellular identity through gene expression. Understanding of each of these components sheds 

further light on understanding cellular identity, with profiling the transcriptome providing signature 

patterns that are responsible for the functional behavior of these cells. Building on this through the 

interrogation of chromatin accessibility similarities and differences provides further insight into the 

mechanisms that govern cellular identity when coupled with the appropriate histone modification and 

transcription factor data. Ultimately, genomic and epigenomic characterizations of these major islet 

endocrine cell types can provide an avenue to further understanding the complex regulatory mechanisms 

that define and maintain cellular identity. Furthermore, these characterizations provide a resource for 

answering outstanding questions in the field.  
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I. Chapter 1: Introduction 
The study of pancreatic islet biology can ultimately contribute to innovative treatment for Type 1 

(T1D) and Type 2 (T2D) Diabetes, a disease that impacts roughly 1 in every 7 US adults [1]. Both diseases 

are driven by beta cell loss or deficiency, with autoimmune components driving T1D, and environment-

gene interactions that damage or de-differentiate beta cells in T2D [2, 3]. Waddington’s concept of the 

developmental epigenetic landscape proposes that dynamic gene regulation modulates progressive 

differentiation along a cell lineage with increasing irreversibility towards a stable cell fate [4]. However, as 

the breakthrough achievements of Yamanaka demonstrated, even stably differentiated cells retain the ability 

to adopt a different cell fate [5]. Although the field of pancreatic islet biology has made considerable 

progress in untangling the successive waves of transcription factors (TF) that guide beta cell identity during 

development, there is still an unexplored area of epigenetic and regulatory changes associated with beta 

cell maturation and maintenance [6]. While a handful of studies have examined different angles to beta cell 

maturation and regeneration—progenitor stem cell source [7], TF co-regulation in maintaining identity [8], 

and cell fate reprogramming [9]—no clinically established regeneration of human beta cell mass via 

proliferation has been achieved.  

During pancreatic development, insulin-producing beta cells, glucagon producing alpha cells, and 

somatostatin-producing delta cells differentiate from a common endocrine progenitor. While these cells 

were previously deemed terminally differentiated, it is now evident that cell fate is more plastic than 

previously anticipated. Cell fate switching and maintenance between pancreatic islet cells has been 

established within both healthy and Type 2 Diabetic (T2D) mouse and human species, across development. 

While initially beta cell regeneration and maintenance was believed to occur primarily through self-

reflection [10], alpha cells were observe to spontaneously transdifferentiate, switching fate to beta cells 

after beta cell ablation [11]. Further research in the field then identified that beta cell ablation was not 

required for this to occur, and that ~0.2 – 1.5% of beta cells – termed ‘virgin beta cells’ at any given time 

stem from alpha cells [12]. To a lesser extent, delta cell transdifferentiation has been identified upon beta 
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cell ablation, as well as a source of beta cells in juveniles [13]. Understanding the transcriptional nature and 

identities of these major endocrine cell types, along with that of the more rare and transient populations of 

virgin or transdifferentiated beta cells, can help provide an understanding of the functional differences and 

similarities. The ability to explore (some of) these cell types via their epigenomic profiles can help further 

this understanding.  

The dynamic ability for chromatin accessibility to remodel between euchromatin and 

heterochromatin, along with nucleosome occupancy changes, states plays a vital role in epigenetic 

regulation behind cell fate switching and maintenance [14-18], and in in tissue- and cell-specific gene 

expression and regulatory activity [14, 19, 20]. Chromatin stability is required in order to effectively 

maintain healthy islet cell identity, with changes underlying dysregulation leading to disease [21-23]. 

Furthermore, chromatin accessibility is a requirement for other epigenetic factors to interact, such as 

transcription factor recruitment at enhancers to facilitate either the activation or repression of near and distal 

genes [24-26]. Previous studies have explored pancreatic islet cellular identity by evaluating epigenomic 

features such as methylation [27-29], histone modifications [9, 30-32],  non-coding RNA [33-36], and 

enhancer regulatory regions [17, 23, 37-39]. While each of these factors contributes to defining and 

maintaining cell fate and identity, connecting chromatin accessibility differences to some of these 

epigenetic factors promises to provide further insight into outstanding questions within the field.  

To better understand and characterize endocrine islet cell identity, we applied complementary 

chromatin accessibility and transcriptomes approach of FACS-purified mouse alpha, beta, and delta cells. 

In order to achieve this, we turned to triple-transgenic reporter mice - mIns1-H2b-mCherry beta cells 

crossed to mice with alpha or delta cells marked by YFP in a Cre-dependent fashion - previously used to 

evaluate these cells’ transcriptional landscape, allowing us to directly link these two datasets [40, 41]. 

Through this, we provide a comprehensive characterization of the transcriptomic landscape of alpha, beta, 

and delta cells, alongside the similarities and differences that characterize immature ‘virgin’ beta cells. This 

theme is continued in the transcriptomic evaluation of alpha- or delta- origin transdifferentiated beta cells, 
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with ‘virgin’ beta cells believed to represent a transient intermediate in this shift. Finally, these 

transcriptomic findings are tied to epigenomic characterizations of alpha, beta, and delta cells evaluating 

chromatin accessibility via ATAC-Seq and linking chromatin availability with aggregated transcription 

factor and histone mark data that promises to elucidate the regulatory networks the drive and maintain cell 

identity. 

To this end, the following research describes (1) the comprehensive transcriptomic evaluation of 

alpha, beta, and delta cells within pancreatic islets [40] (Chapter 2); (2) with a companion, easy to use R 

package developed to visualize calcium-signaling data, initially devised for Chapter 2 but later utilized in 

several publications (Chapter 3); (3) the novel identification and characterization of the rare population 

of virgin and transdifferentiated beta cells through bulk RNA sequencing [12] (Chapter 4); (4) followed 

with an analysis on reproducibility in science, directly refuting a manuscript which claimed an FDA-

approved drug could trigger alpha to beta cell transdifferentiation [42] (Chapter 5); (5) a meta-analysis 

and review of single-cell sequencing, done initially with the interest of isolating virgin beta cells in both 

mouse and human populations without the need for transgenic mouse lines or antibodies [43] (Chapter 

6); and finally, (6) a characterization of the epigenomic landscape to the transcriptomic analysis of alpha, 

beta, and delta cells (Chapter 7), utilizing a novel R package designed to integrate multiple layers of -

omics, and identity putative enhancer regions [44] (Chapter 8).  
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II. Chapter 2: Comprehensive alpha, beta and delta cell transcriptomes reveal 
that ghrelin selectively activates delta cells and promotes somatostatin release 
from pancreatic islets 
 
Michael R. DiGruccio, Alex M. Mawla, Cynthia J. Donaldson, Glyn M. Noguchi, Joan Vaughan, 
Christopher Cowing-Zitron, Talitha van der Meulen, Mark O. Huising 
 
Molecular Metabolism 2016. 5(7):449-458. doi: 10.1016/j.molmet.2016.04.007 
 
Contributions to Jointly Authored Works: As second author on this manuscript, I was responsible for the 
entirety of formal analysis and interpretation of all transcriptomic data. I analyzed all RNA-Seq data for the 
characterization of alpha, beta, and delta cell transcriptomes. I was responsible for all panels translating the 
analysis into meaningful biology. I was also responsible for creating and maintain the genome browser for 
these data through our lab website so other colleagues in our field can visualize the findings highlighted in 
the paper, and use these data as a resource to reference in their own studies.  
 
Significance of Research: This manuscript provided a novel and comprehensive portrait of the 
transcriptomic landscape of delta cells and identified the ghrelin receptor as a pertinent aspect of regulating 
cross-talk between alpha, beta, and delta cells. This paper was also featured in an editorial by Molecular 
Metabolism. 
 
Citations: 191 
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III. Chapter 3: RoiViz: an R package for visualizing ROI intensity from 
GCAMP6 calcium imaging 
  
Alex M. Mawla & Mark O. Huising 
 
Pre-print on BiorXiv. Advanced draft in process of submission.  
 
Contributions to Jointly Authored Works: As first author of this manuscript, I created and programmed this 
approach, developed the R package, and wrote the manuscript. This was intended to act as a simple and 
quick method to appropriately translate and then visualize calcium-imaging data produced in the lab of Dr. 
Mark O. Huising.  
 
Significance of Research: Currently, this package has been used to generate and present visuals in at least 
five well-received papers, as well as in conference talks and poster presentations. This is intended to act as 
a short manuscript to share the application of this package so that it may be used by other researchers who 
utilize calcium imaging data.  
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Abstract  

 

Summary: RoiViz is an R package designed to seamlessly visualize region of interest (ROI) intensity data 

derived from utilizing reporter line signaling, such as GCAMP6 calcium imaging acquired using the 

genetically encoded calcium reporter GCaMP6 [1]. Its sole purpose is to contextualize tabular data of 

relative intensity values as a function of time, and generates high-resolution, publication-quality eps files 

that can be saved in a portable document format or edited further as needed using off the shelf graphics 

software. 

 

Availability and Implementation: RoiViz is released under Artistic-2.0 License. The source code and 

documents are freely available through Github (https://github.com/Huising-Lab/RoiViz).  

 

Contact: mhuising@ucdavis.edu or ammawla@ucdavis.edu  

 

Supplementary information: Supplementary data are available at BiorXiv online or Github. 
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Introduction 

 

Microscopy coupled with the use of genetically-encoded or dye-based fluorescent reporter lines for 

imaging is a widely-used approach to ascertain the functional profile of different cell types over time and 

in response to different stimuli. In the context of pancreatic endocrine islet biology, where RoiViz was 

originally developed, such approaches can be used to reflect patterns of beta, alpha, or delta cells response 

to glucose, various hormones, or exogeneous drugs. The functional profiling of these cells is intricate and 

is characterized by beta cells some respond in gap junction-coordinated synchronous responses, while 

others respond in short, asynchronous bursts. Please see http://huisinglab.com/wp-

content/movies/Alpha_to_beta_calcium.mp4 or supplemental data for a visual illustration.  

Calcium signaling as a secondary messenger acts as a useful proxy to identify changes in cell 

function; for example, in pancreatic islet beta cells, calcium is required for insulin release [2-4]. GCAMP6 

[1] is a widely used genetically encoded calcium indicator through the combination of calmodulin, green 

fluorescence protein (GFP), and M13 – a myosin light-chain kinase peptide sequence. Its use in transgenic 

lines allows for high-resolution tracking of a cell’s intracellular calcium response [5, 6]. This can be finely 

tuned by inserting GCAMP6 under promoter control, to define cell-specificity [7]. In the context of 

pancreatic islet biology, for instance, floxed alleles of GCaMP6 are now routinely used in conjunction with 

cell type-specific Cre driver strains to direct the expression of GCaMP6 specifically in the islet cell type of 

interest [8-11] 

Data such as this has been generated to elucidate the behavior of neuronal cells and complex 

neuronal circuitry [5, 12-15], cardiac muscle [16], or G protein-coupled receptor (GPCR) activation via 

olfactory responses [17]. Our ability to track and quantify the calcium behavior across populations of cells 

is rapidly increasing, and it is now entirely feasible to visualize calcium responses of hundreds or even 

thousands of cells over time. However, while tabular data can be utilized in diverse ways to track behavior 

of cells, a gap exists in visualizing these data in a succinct manner without a loss of the single cell resolution 

http://huisinglab.com/wp-content/movies/Alpha_to_beta_calcium.mp4
http://huisinglab.com/wp-content/movies/Alpha_to_beta_calcium.mp4
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at which the data were originally acquired. We developed RoiViz to visualize calcium responses quickly 

and seamlessly across populations of cells with minimal programming skills required. To date, RoiViz has 

been used and optimized in the generation of high-resolution, publication quality visuals in several papers 

[8, 11, 18-20]. Here, we provide this tool as an open-source package available on GitHub, and for later 

availability on the R BioConductor repository for ease of use and access. The tool was developed to 

visualize calcium responses detected using GCaMP6. This tool should also be usable with data acquired 

using calcium dyes or dyes or genetically encoded biosensors that report on changes in the concentration 

of other metabolites or second messengers, provided that the data demonstrate a good signal to noise ratio. 

Functions 

 RoiViz takes in a user-provided comma-separated values (csv) file containing intensity imaging 

data, originally designed for use with GCAMP6 calcium responses. The tool is designed to interpret data 

providing each cell type represented as a column, as a function of time across rows. The tool is quick and 

easy to implement, using a function of the same name - RoiViz, which will quickly generate three, high-

resolution publication quality encapsulated postscript (eps) files in three main color schemes [green, grey 

scale, and black inverted]. The tool will also cluster cells of similar behavior, accepting different methods 

of association, such as Euclidean distance. The user can then track individual cells, labeled by column 

name, and add annotated data of substance exposure across time using commercially available third-party 

graphics software packages.  

This tool was designed to allow visualization of biological relevance of the same, or combined, cell 

types’ responses to exogenous substance exposure, without the need for programming skills, and to generate 

high-quality images for use later.  

 
Results 

 RoiViz is developed as an R package to be made available through BioConductor [21], and is 

available under Artistic-2.0 License. RoiViz is designed to take in tabular data of intensity values derived 
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from microscopy tracking reporter line fluorescence, such as GCAMP6 calcium imaging, and generate 

visualizations of cell behavior in response to exogenous substance exposure. RoiViz has routinely been 

used in previously cited research and is now available in open source. Finally, RoiViz is easy to use, with 

a full walkthrough with sample data accessible through its companion vignette.  
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within Pancreatic Islets 

Talitha van der Meulen, Alex M. Mawla, Michael R. DiGruccio, Michael W. Adams, Vera Nies, Sophie 
Dólleman, Siming Liu, Amanda M. Ackermann, Elena Cáceres, Anna E. Hunter, Klaus H. Kaestner, 
Cynthia J. Donaldson, Mark O. Huising 
 
Cell Metabolism, 2017. 25(4):911-926. doi: 10.1016/j.cmet.2017.03.017 
 
Contributions to Jointly Authored Works: As second author of this manuscript, I was responsible for the 
entirety of formal analysis and interpretation of all genomic data. I analyzed all RNA-Seq data for alpha, 
beta, delta, and transdifferentiated cell transcriptomes, alongside virgin and mature beta cell transcriptomes, 
and a separate developmental series experiment. I was responsible for the exploration of these results, their 
interpretation, and identified meaningful biological pathways, which played an integral role in explaining 
the inability of virgin beta cells to appropriately sense and respond to glucose. I was responsible for panels 
translating the analysis into meaningful biology in Figures 2, 3, 6, S3, S4, and S6. I was also responsible 
for creating and maintaining browser plot resources through our lab website for other colleagues in the field 
to utilize to visualize our findings, and to test theirs quickly.  
 
Significance of Research: This paper described and characterized the novel discovery of a subpopulation 
of pancreatic beta cells that are characterized by a lack of maturity markers. These cells are functionally 
immature and suggest an avenue to understanding what could be a source of beta cell regeneration. This 
manuscript received significant coverage by outside news outlets, with an Altmetric score of 183. This 
manuscript was also selected as ‘best of 2017’ by the editors of Cell Metabolism. Finally, this manuscript 
was responsible for the basis of rewarding my professor, Dr. Mark O. Huising, with the 2017-2018 
University of California, Davis College of Biological Science Faculty Research Award. 
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V. Chapter 5: Artemether Does Not Turn a Cells into b Cells 
 
Talitha van der Meulen, Sharon Lee, Els Noordeloos, Cynthia J. Donaldson, Michael W. Adams, Glyn M. 
Noguchi, Alex M. Mawla, and Mark O. Huising 
 
Cell Metabolism, 2018. 27(1):218-225. doi: 10.1016/j.cmet.2017.10.002 
 
Contributions to Jointly Authored Works: As a contributing author to this manuscript, I was responsible for 
the entirety of formal re-analysis and interpretation of transcriptomic data, along with the re-analysis and 
visualization of single cell data from Li et al, 2017 incorporated into the paper. This manuscript was 
intended to highlight the lack of reproducibility that unfortunately does occur in science. A focal point in 
the discrepancies which stemmed this manuscript revolved around transcriptomic data results, 
interpretations, and visuals suggested by the original paper.  
 
Significance of Research: In summary, this manuscript directly refuted a high-profile publication that 
suggested an FDA-approved drug for malaria could be utilized to regenerate beta cells in diabetic patients. 
The re-analysis of the data provided by the original paper conflicted with their suggested findings, as did 
all other experiments done by colleagues in the lab. In fact, the re-analysis of the original publication’s data 
showed the opposite of what the authors suggested, as did all other experiments done by my colleagues. 
This paper has an Altemetric score of 138 and has been well cited.  
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VI. Chapter 6: Navigating the Depths and Avoiding the Shallows of Pancreatic 
Islet Cell Transcriptomes 
 
Alex M. Mawla and Mark O. Huising 
 
Diabetes, 2019. 68(7):1380-1393. doi: 10.2337/dbi18-0019 
 
Contributions to Jointly Authored Works: As first author of this manuscript, I was responsible for the 
entirety of the formal meta-analysis of all data, and downstream computational approaches. I was 
responsible for creating all figures, and co-wrote the manuscript with my professor, Dr. Mark O. Huising. 
Furthermore, I also created an interactive page on our lab website for other colleagues in the field to query 
these data and generate visuals.  
 
Significance of Research: This review was intended to both highlight the abilities of single-cell sequencing, 
but to also caution colleagues in the field from liberally interpreting results. This paper was well-received 
and was the basis for my being the first graduate student invited to present, and then receive the Student 
Research Award at the AAAS Pacific Division Conference in June 2019. Furthermore, it was the basis of 
my Sigma Xi Membership nomination, later leading me to become Chapter Officer at the University of 
California, Davis branch.  
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SUPPLEMENTARY DATA 

©2019 American Diabetes Association. Published online at http://diabetes.diabetesjournals.org /lookup/suppl/doi:10.2337/dbi18-0019/-/DC1 

Supplemental Computational Approach & Tools 
 
Data Acquisition 
 
Raw Fastq files were pulled from GEO accession numbers for all studies evaluated. A table of datasets 
used and where they were retrieved from is located in Table S4. For inDrop (2) and Cel-Seq2 (3), 
demultiplexing and barcode identification was required prior to alignment and quantification. 
Demultiplexing and barcode splitting was performed as previously described by each respective study.  
Alignment & Quantification 
All raw Fastq files were aligned using STAR’s (4) default parameters, with the exception of a tighter 
mismatch restriction of no greater than 3% per read, to the Gencode GRCm38.p4 M8 (mm10) mouse 
genome or GRCh38.p5 (hg38) human genome (5). Bigwigs were generated using STAR’s wiggle output 
option and UCSC’s Genome Utilities (6). Gene-level quantification was performed on all samples’ 
sorted BAM files using featureCounts (7) default parameters, counted by Gencode defined exon’s, and 
aggregated to the gene level. TIN scores were derived from BAM files using the RSeQC’s (8) TIN 
quantification tool.  
Clustering 
Unbiased clustering was initially performed on the integrated five study’s’ healthy donors using the R 
Bioconductor package Seurat v3 (9), and UMAP dimensional reduction. Clusters were identified for cell 
type using known gene markers and validated against each study’s self-assigned labels for each cell. The 
two beta cell subpopulations were further analyzed using differential expression testing to identify genes 
driving heterogeneity between the two, using an adjusted p-value cutoff <= 0.05. 52 genes were derived 
from this list.  
Unbiased clustering was performed a second time around on only the healthy beta cells from the same 
five studies, using the same approach. The top 2000 highly variable genes that were identified as 
clustering driving per study were retrieved through this method. All plots visualizing clustering were 
generated through Seurat.  
Downstream Analyses 
All Venn diagrams were generated using the R library package VennDiagram. All violin plots and 
abacus-style plots used to show fraction of genes detected within single cell beta libraries were 
generated using ggplot2. KS testing was performed using the R package coin (10). Density plots were 
generated using the R package sm.  
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VII. Chapter 7: Chromatin accessibility differences between alpha, beta, and 
delta cells identifies common endocrine- and cell-specific enhancers  
 
Alex M. Mawla, Talitha van der Meulen, and Mark O. Huising 
 
Final draft, to be submitted for publication in BMC Genomics. 
 
Contributions to Jointly Authored Works: As first author, I was responsible for the entirety of analysis of 
and interpretation of ATAC-Seq and transcriptomic data generated in-house and incorporated into this 
manuscript. I was also responsible for the review, selection, and uniform re-analysis of all other aggregated 
-omics data (histone and transcription factor) integrated into this manuscript in order to delineate murine 
pancreatic enhancers. I interpreted all results, created all figures, and wrote the manuscript. I also am 
responsible for creating an interactive resource of these data on our lab website so that colleagues in the 
field can query their data against our findings, and also integrate their data to quickly generate high-quality 
visuals.  
 
Significance of Research: This manuscript confirmed previous findings in the field suggesting that alpha 
cells are epigenetically poised, but repressed, from becoming beta cells. This manuscript is the first to 
evaluated murine delta cell chromatin accessibility, and also goes on to suggest the novel finding that delta 
cells are also epigenetically poised, much like alpha cells, to become beta cells. This supports previous 
research showing that delta cells can spontaneously transdifferentiate and become beta cells in juveniles 
and supports previous findings in our lab.  
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Abstract  

 

High throughput sequencing has enabled the interrogation of the transcriptomic landscape of 

glucagon-secreting alpha cells, insulin-secreting beta cells, and somatostatin-secreting delta cells. These 

approaches have furthered our understanding of expression patterns that define healthy or diseased islet cell 

types and helped explicate some of the intricacies between major islet cell crosstalk and glucose regulation. 

All three endocrine cell types derive from a common pancreatic progenitor, yet alpha and beta cells have 

partially opposing functions, and delta cells modulate and control insulin and glucagon release. While gene 

signatures that define and maintain cellular identity have been widely explored, the underlying epigenetic 

components are incompletely characterized and understood. Chromatin accessibility and remodeling is a 

dynamic attribute that plays a critical role to determine and maintain cellular identity. Here, we compare 

and contrast the chromatin landscape between mouse alpha, beta, and delta cells using ATAC-Seq to 

evaluate the significant differences in chromatin accessibility. The similarities and differences in chromatin 

accessibility between these related islet endocrine cells help define their fate in support of their distinct 

functional roles. We identify patterns that suggest that both alpha and delta cells are poised, but repressed, 

from becoming beta-like. We also identify patterns in differentially enriched chromatin that have 

transcription factor motifs preferentially associated with different regions of the genome. Finally, we 

identify and visualize both novel and previously discovered common endocrine- and cell specific- enhancer 

regions across differentially enriched chromatin.  
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Introduction 

 

The evaluation of the transcriptional landscape through high-throughput bulk sequencing (bulkSeq) 

in both mouse and human of major islet cell types has granted a deeper understanding of cellular identity 

and intercellular crosstalk within the pancreas. This has enabled the detection of distinct gene pattern 

signatures between major islet cell types in mouse and human [1-6]. However, gene expression represents 

the final outcome of a complex layer of genetic and epigenetic factors that determine islet cell fate [7-9] 

and identity [10, 11]. Previous studies have explored pancreatic islet cellular identity by evaluating 

epigenomic features such as methylation [12-14], histone modifications [15-18], and enhancer regulatory 

regions [19-24]. While each of these factors contributes to defining and maintaining cell fate and identity, 

connecting chromatin accessibility differences to epigenetic factors promises to provide further insight into 

outstanding questions within the field.  

Chromatin remodeling is a central epigenetic regulator that can be surveyed in order to better 

understand cell states [20, 25-28]. The accessibility of chromatin via changes between euchromatin and 

heterochromatin, and nucleosome occupancy, plays a significant role in cell lineage, and in tissue- and cell-

specific gene expression [11, 25, 29]. Epigenetic stability is required for the maintenance of islet cell 

identity, while changes in chromatin accessibility are associated with perturbations in gene expression due 

to disease [7, 22, 30]. Chromatin accessibility in tandem with other epigenetic factors at promoter-proximal 

regions [29, 31] of a gene allows for direct activation or repression of transcription. In contrast, open 

chromatin at exonic [32], intronic [33], or distal-intergenic regions [34] can be accessed by regulatory 

factors that act as nearby or distal enhancers that govern lineage branching and stable cell fate.  

Assay for transposase-accessible chromatin using sequencing (ATAC-Seq) allows for the unbiased, 

modification-independent evaluation of chromatin accessibility within cell types and can be run with 

relatively small sample input [30, 35]. Previous studies have explored chromatin accessibility in healthy [5, 

11, 36, 37]  and T2D [22, 23, 38, 39]  islets as well as pancreatic progenitors [9]  using bulkSeq through 
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human antibody panels alongside FACS-purification or through single-cell sequencing (scATACSeq) [40-

42].  However, none of these studies have explored pancreatic islet cell chromatin accessibility from mouse 

FACS-purified alpha, beta, and delta cells. Therefore, to better understand endocrine islet cell identity 

between mouse alpha, beta, and delta cells, we compared chromatin accessibility and transcriptome data 

for FACS-purified mouse alpha, beta, and delta cells sorted from pancreatic islets from triple transgenic 

reporter strains - mIns1-H2b-mCherry beta cells crossed to mice with alpha or delta cells marked by YFP 

in a Cre-dependent fashion - that we generated for this purpose [1, 6]. This approach allowed for the direct 

comparison between ATAC-Seq and RNA-Seq datasets from alpha, beta, and delta cells from these lines.  

We integrated our ATAC-Seq data with high-quality transcription factor and histone binding data 

from other mouse pancreatic islet studies to evaluate how transcriptional activators and repressors may 

collectively regulate differential gene expression at promoter-proximal regions. To support the visualization 

and integration of our ATAC-Seq chromatin data and previously published transcriptome of the FACS-

purified alpha, beta, and delta cells alongside select epigenomic datasets from histone marker and 

transcription factor Chromatin Immuno Precipitation (ChIP) data, we developed an R package, epiRomics 

[See: https://github.com/Huising-Lab/epiRomics]. This package is a novel, publicly available  resource that 

is described in detail elsewhere [43]. epiRomics allows for the visualization of integrated epigenomic data 

and visualizes putative enhancer regions without the requirement for extensive bio-informatics experience, 

with the intent of enabling more of our colleagues to tease apart key regions that may drive cell fate 

switching and maintenance between the major islet endocrine cell types. Through this approach we 

identified putative enhancer regions at distal-intergenic regions common to all cell types as well as regions 

selectively accessible only in a single islet cell type and confirmed previously identified mouse pancreatic 

islet enhancers.  

 

  

https://github.com/Huising-Lab/epiRomics
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Methods 

 

Islet isolation and FACS sorting 

 

 mIns1-H2b-mCherry [1] x Rosa-LSL-YFP crossed to either Sst-Cre [44] or Gcg-Cre [45] triple 

transgenic mice were pooled by sex, each sample yielding a median of 20,000 cells, with islet isolation and 

FACS-sorting as previously described (Supplemental Fig. 1) [1, 46-48].  

 

Assay for transposase-accessible chromatin using sequencing 

 

 Single-end 50 bp reads were generated after library size selection yielded an average of 450 bp 

fragments and sequenced as previously described using NexteraDNA library protocol  [30]. 

 

Alignment and differential peak calling 

 

 Reads from each replicate (Supplemental Table 1) were evaluated for quality control and trimmed 

using FastQC and Trimmomatic, respectively [49-51]. A modified index of Gencode GRCm38.p4 (mm10) 

was built to exclude mitochondrial DNA prior to aligning reads with Bowtie 2 [52, 53]. Post-alignment, 

duplicates were marked using Picard Tools, blacklist regions were removed, and BAM files were converted 

into tagAlign format for downstream use. Peak calling and bigwig generation was done using MACS2 [54]. 

Differential expression testing was performed using DiffBind’s edgeR method [55, 56]. 

 

Quality control and validation 
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 Quality control metrics were evaluated within raw reads as well as peak calls and compared against 

ENCODE standards for fraction of reads in peaks (FRiP), leading to the removal of one beta replicate with 

a FRiP score far below 0.3 (Supplemental Table 1; Fig. 1A-C) [57, 58].  

Downstream analysis 

Transcription factor footprinting analysis and validation against existing ChIP data was performed 

through a modified script utilizing chromVar [59], regioneR [60], GenomicRanges [61], and motifmatchr 

[62] using the HOCOMOCO database [63]. Pathways analysis on differential chromatin accessibility was 

performed using the R Bioconductor packages ChIPseeker [64], ReactomePA [65], and clusterProfiler [66]. 

 

Enhancer Identification 

 We developed a novel R package, epiRomics, to integrate our chromatin accessibility data 

alongside aggregated pancreatic islet ChIP and histone data to identify putative enhancer regions, as 

described [43]. The package, example data, and vignette can be found at: https://github.com/Huising-

Lab/epiRomics and an interactive browser of the results from this manuscript is publicly available at: 

https://www.huisinglab.com/epiRomics_2021/index.html. 

 

Integrated data 

 Mouse alpha, beta, and delta (GEO: GSE80673), alongside alpha- and delta- transdifferentiated 

beta (GEO: GSE88778) transcriptomes were integrated into this analysis [6, 67]. Aggregated ChIP datasets 

of transcription factors and histone marks were added to the analysis through epiRomics [43] to identify 

putative enhancer regions (Supplemental Table 2).  

 

https://github.com/Huising-Lab/epiRomics
https://github.com/Huising-Lab/epiRomics
http://www.huisinglab.com/epiRomics_2021/index.html
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Results 

ATAC-Seq validation                 

 

To determine whether chromatin accessibility patterns differed between islet endocrine cell types, 

principal component analysis (PCA) was applied to peak calls across all samples. This confirmed that 

replicates clustered by cell type (Fig. 1A), a finding that was further validated by heatmaps using all defined 

peaks across replicates (Fig. 1B). Alongside quality control applied through the generation and analysis of 

this dataset, the fraction of reads in peaks (FRiP) score was in excess of the commonly applied benchmark 

of 30% (Fig. 1C). Furthermore, the FRiP score was independent of variability in unique read depth, 

indicating that peak calls were reproducible across all replicates within cell types independent of read depth 

range.  

 

Validation of islet cell chromatin accessibility data coupled to companion transcriptomes 

 After preliminary validation of our derived ATAC-Seq data, we checked for the presence of 

chromatin peak enrichment for alpha, beta, and delta marker genes that have been previously well-

established and validated through complementary bench-lab or computational methods. We expected that 

if a gene is expressed within a cell type, its ATAC signal near the transcription start site (TSS) at promoter-

proximal regions should reflect chromatin accessibility. Indeed, cell type-specific chromatin accessibility 

correlated with gene expression of Ins2, Gcg, and Sst genes for beta, alpha, and delta cells, respectively 

(Fig. 1D-F) [4, 6, 68]. After confirming chromatin accessibility in key cell-identity markers, we sought to 

compare and contrast select regions identified from prior groups that evaluated chromatin accessibility in 
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human islets  [5, 12, 38], as well as to further query whether chromatin was always uniquely enriched on a 

panel of cell type-specific genes across alpha (Arx, Ttr, Gc), beta (Ucn3, MafA, Pdx1), and delta  cells 

(Pdx1, Hhex, Rbp4, Ghsr) (Fig. 2; Supplemental Fig. 2). Each of these genes demonstrated overall strong 

concordance between cell type-enriched gene expression and cell type-specific enrichment of available 

chromatin. This validated the utility of ATAC-Seq data to detect epigenetic factors that determine gene 

expression. 

 

The chromatin landscape of the annotated genome across cell types  

As genes make up a small fraction of the entire genome, we determined the overall distribution of 

peaks across the annotated genome within each cell type. We defined five regions of interest to further 

explore – promoter-proximal, intronic, exonic, downstream, or distal-intergenic (Fig. 3A). We identified a 

consensus set of 124,494 peaks marking open chromatin through the R package DiffBind. This number is 

comparable to the number of open regions found in previous studies of pancreatic islet chromatin 

accessibility [11, 38-40] (Supplemental Dataset 1). We then evaluated the distribution of called peaks 

present in at least one replicate within 3kb upstream of the TSS and confirmed that a majority of genes 

enriched in each islet cell type were accompanied by promoter-proximal peaks (Fig. 3B-D). The distribution 

of ATAC-Seq peaks across different pre-defined genomic areas was overall similar across alpha, beta, and 

delta cells. For each endocrine cell type between 21.98-24.88% of open chromatin was promoter-proximal, 

whereas promoter-proximal areas account for 2.41% of the mouse genome. A further 34.92-38.33% of 

peaks for all cell types were found on distal-intergenic regions, which was proportional to the fraction of 

the genome that falls into this category (Fig. 3E-G). Finally, we noted that between 33.07- 33.65% of peaks 

occurred on intronic regions (first or other), relative to the 37.7% of the mouse genome classified as intronic 

[69].  
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Regional differences and characteristics of differentially enriched chromatin 

 

As our overall distribution of ATAC-Seq peaks across different genomic regions was consistent 

across alpha, beta, and delta cells, we compared differential chromatin accessibility between these cell types 

in greater detail. To this end, we performed pairwise differential ATAC-Seq peak enrichment testing across 

alpha, beta, and delta cells. Out of 124,494 identified consensus regions of open chromatin across the three 

cell types, 18,409 (14.8%) differentially enriched peaks (p-value <= 0.05) were identified between alpha 

and beta (Fig. 4A), 12,722 (10.2%) between alpha and delta (Fig. 4B), and 16,913 (14.6%) between beta 

and delta cells (Fig. 4C).  

After performing differential peak enrichment testing, we discovered that 22.89% of all 

differentially enriched peaks between alpha and beta cells were promoter-proximal (0-3kb) (Fig. 5A). A 

further 33.22% of differential peaks were linked to distal-intergenic regions and another 33.61% of 

differential peaks were intronic (first and other combined) (Fig. 5A). This assessment of differential peaks 

without considering the direction of enrichment revealed no major difference with overall peak distribution 

described earlier (Fig. 3). However, when factoring in the direction of enrichment we observed that 35.08% 

of alpha cell-enriched peaks was promoter-proximal. In contrast, only 12.5 % of beta cell enriched peaks 

occurred in promoter-proximal areas (Fig. 5B). Instead, a majority of ATAC peaks enriched in beta cells 

were located at distal-intergenic regions (45.41%) (Fig. 5B). 

Between alpha and delta cells, we identified that 21.29% of differentially enriched peaks occurred 

promoter-proximally. Another 36.4% of peaks occurred on distal intergenic regions and 35.5% on intronic 

regions (Fig. 5C). A similar preference of alpha cell-enriched peaks in promotor-proximal regions was 

evident when comparing alpha to delta cells, with 30.33% of all enriched alpha peaks occurring promoter-

proximally, but only 9.56% of delta cell peaks. Instead, 38.41% of delta cell enriched peaks were distal-

intergenic (Fig. 5D). 
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Lastly, between beta and delta cells, 26.62% of all differentially enriched peaks were promoter-

proximal, 32.2% distal intergenic, and 34.33% on intronic regions (Fig. 5E). Further break down revealed 

a bias towards distal-intergenic enriched peaks within beta cells (42.86%), as opposed to promoter-proximal 

peaks in delta cells (28.20%) (Fig. 5F). 

 

Differential chromatin enrichment in the majority of cases correlates with gene expression 

 So far, we detected a disproportionate fraction of peaks associated with promoter-proximal regions 

in general (Fig. 3). Moreover, ATAC-Seq peaks that were differentially enriched in alpha and - to a lesser 

extent - delta cells were considerably more likely to occur at promoter-proximal sites. Instead, peaks 

enriched in beta cells more likely occurred at distal intergenic regions (Fig. 5). Therefore, we determined 

whether the enrichment of promoter-proximal peaks correlated with increased expression of the 

corresponding. Genes with increased expression in a cell type accompanied by a significantly enriched 

ATAC-Seq peak proximal to its TSS were considered ‘congruent’ genes (Fig. 6A). The underlying 

mechanism in such a scenario might be the presence of transcriptional activators at the promoter-proximal 

site that promote gene expression. Conversely, genes with a significantly enriched ATAC-Seq peak 

proximal to its TSS accompanying a reduction in corresponding gene expression were considered 

‘incongruent’ genes (Fig. 6B). The underlying mechanism for these genes might be the presence of 

transcriptional repressors at the promoter that prevent gene expression (Supplemental Dataset 2) [70-73]. 

Finally, genes that had significantly enriched chromatin in either cell type, but no evidence of mRNA 

expression were considered ‘unexpressed’ (Fig. 6C).  

  When we compared differentially enriched TSS-associated chromatin against corresponding gene 

expression between alpha and beta cells, we found that in the majority of cases (86%), differential chromatin 

enrichment on TSS regions successfully captured the epigenetics of gene regulation. Exactly, 50% of genes 

with differentially enriched chromatin at the TSS had a corresponding increase in gene expression within 
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the same cell type (congruent genes). 36% showed TSS chromatin accessibility enrichment, but with a 

reduction in gene expression for each cell (incongruent genes - either alpha repressed (33%), or beta 

repressed (3%)). Strikingly, a substantial majority of the incongruent genes in this comparison were alpha 

repressed. Finally, only 14% of all genes with differentially enriched TSS chromatin showing no expression 

in either cell type (unexpressed) (Fig. 6D). A further visualization of select gene expression against TSS-

associated chromatin accessibility indicated the majority as congruent, with a highlighted example of an 

incongruent (putatively alpha repressed or alpha cell poised) gene observed in the alpha cell TSS 

enrichment for the beta-specific genes MafA (Fig. 2E; Supplemental Fig. 3A). MafA is a key transcription 

factor enriched in beta cells yet shows abundant chromatin accessibility in alpha cells.  

 We observed a similar distribution between congruent (55%), incongruent (24%), and no 

expression genes (20%), between alpha and delta cells. We noted a more uniform distribution between 

alpha (14%) and delta (10%) repressed genes. (Fig. 6E). Upon visualizing gene expression and chromatin 

accessibility, we confirmed congruent gene expression and TSS chromatin accessibility of key transcription 

factors known to regulate both alpha – MafB, Ttr, and Arx – and delta – Pdx1 and Hhex – cell fate 

(Supplemental Fig. 3B). 

 For our final pairwise comparison between beta and delta cells, we again found a similar fraction 

of congruent (57%), incongruent (32%), and no expression (11%) genes (Fig. 6F). We noted a minor 

fraction of repressed genes with open chromatin in beta cells (1.5%), with the overwhelming majority of 

repressed genes corresponding to delta cells (30.45%), similar to the pattern seen in alpha repressed genes 

between alpha and beta cells. Further visualization of select marker gene expression against chromatin 

accessibility showed generally good congruence between chromatin accessibility at the TSS and gene 

expression (Supplemental Fig. 3C). 

 

Poised genes are enriched in beta cells with a non-beta cell lineage history 
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To further interrogate whether these alpha- or delta- repressed genes could be poised beta cell 

genes, we incorporated transcriptome data from beta cells with an alpha- or delta- cell lineage history [67] 

– also from our companion RNA-Seq experiment. These cells, termed “transdifferentiated,” are functionally 

mature beta cells (defined by the presence of Ucn3), but have either a Gcg- or Sst-Cre lineage label, 

reflective of a lineage history as an alpha or delta cell, respectively. We reasoned that if alpha- or delta- 

repressed genes are poised beta cell genes, we should expect to observe a stepwise transition in gene 

expression levels, showing little or no expression in either alpha or delta cells, to intermediate expression 

in alpha- or delta- transdifferentiated cells, and full expression in beta cells. We confirmed that the majority 

(83.6%) of alpha-repressed genes showed intermediate expression in the alpha-to-beta-transdifferentiated 

population, and the highest expression in beta cells. A subset of genes (16.4%) showed the highest 

expression in the alpha-transdifferentiated population (Fig. 7A). We observed a similar pattern between 

delta, delta-transdifferentiated, and beta cells; however, only half (50.18%) of delta repressed genes 

demonstrated an intermediate expression in the delta-to-beta-transdifferentiated population and the highest 

in beta (Fig. 7B). The remainder of the genes showed the highest expression in delta-to-beta-

transdifferentiated cells.  

 

Differential meta-chromatin enrichment testing 

Given that in a majority of cases, TSS-associated chromatin recapitulated the underlying regulation 

of gene expression, we inquired whether differentially enriched chromatin peaks were associated with genes 

concentrated in pathways or gene networks that would better reflect our understanding of the biology across 

these different islet endocrine cell types. Between alpha and beta cells, KEGG set pathway testing of 

differentially accessible chromatin identified pathways related to protein digestion and absorption and cell 

adhesion molecules unique to beta cells, Hippo, Wnt, and ubiquitin-mediated proteolysis unique to alpha 

cells, and MAPK, axon guidance, and cAMP pathways enriched within both (Supplemental Fig. 4A-B). 

Upon comparing the differentially accessibly chromatin between alpha and delta cells, adherens junctions 
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appeared selective to delta cells, while no pathways were enriched specifically in alpha cells. MAPK, axon 

guidance, and Ras signaling pathways showed general enrichment of associated peaks within both alpha 

and delta cells (Supplemental Fig. 5A-B). Lastly, in beta and delta cells, a pairwise analysis of differentially 

accessible chromatin identified the Glycosaminoglycan (GAG) biosynthesis pathway as unique to beta cells 

- where GAG metabolism and biosynthesis impairment has been linked to beta cell dysregulation [74], 

adherens junctions and Rap1 signaling pathways unique to delta cells, and MAPK, axon guidance, and 

cAMP signaling pathways enriched within both (Supplemental Fig. 6A-B). 

 

Islet transcription factor ChIP-Seq binding correlates with open chromatin    

 After exploring the interrelationship between accessible chromatin and gene expression, we 

expanded our approach to include additional epigenetic controls to the regulation of islet cell gene 

expression. We therefore  aggregated high-quality, mouse pancreatic islet transcription factor binding data 

via ChIP-Seq - Pdx1 [75], Nkx6-1 [76], Neurod1 [77], Insm1 [77], Foxa2 [77], Nkx2-2 [78], Rfx6 [79], 

MafA [24], Isl1 [80], Kat2b [81], Ldb1 [80], and Gata6 [82] - and asked what fraction of open chromatin – 

as defined by our consensus ATAC-Seq peak set – containing binding sites for each respective transcription 

factor. The transcription factors Foxa2 (29.07%), Insm1 (28.40%), and Neurod1 (20.09%) had the highest 

percentage of ChIP-confirmed binding site overlap with open chromatin. This provided further support that 

our ATAC-Seq data was of high quality and suggested that open chromatin is a reliable indicator of 

epigenetic regulation (Supplemental Table 3A). To further explore whether these aggregated transcription 

factor ChIP data convey epigenetic relevance, we queried what fraction of total ChIP binding sites 

overlapped with open chromatin. Indeed, we observed that in several cases, over 50% of transcription factor 

ChIP binding sites overlapped with open chromatin, with the transcription factors Nkx2.2 (63.79%), 

Neurod1 (55.07%), and Insm1 (51.49%) showing the greatest degree of overlap (Supplemental Table 3B). 

These results supported our findings that open chromatin reflects epigenetic regulation in alpha, beta, and 

delta cells, in part through the binding of transcription factors. 
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Transcription factor motif finding suggests genomic preferences at differentially enriched chromatin 

between cell types 

After observing a strong degree of overlap of known islet transcription factor binding on open 

chromatin, we conducted an unbiased evaluation whether DNA motifs for their respective transcription 

factor proteins were differentially enriched on ATAC peaks in promoter, intronic, exonic, downstream, or 

distal regions. We included transcription factors with known DNA-binding motifs to determine if they were 

more likely to occur at specific areas of the genome. We required that the transcription factor associated 

with the DNA sequence motif considered is expressed (RPKM>0) in the cell type with chromatin-motif 

association. 

Motifs for key transcription factors involved in beta cell identity, such as MafA, were present 

ubiquitously across most functional regions we defined (promoter-proximal, intronic, exonic, downstream, 

and distal intergenic) (Fig. 8A). In contrast, the motifs for cell-identity drivers Irx2 [4] were concentrated 

at the promoter-proximal regions of chromatin peaks associated with genes differentially expressed by 

alpha cells. Insm1 [77] motifs were concentrated at the promoter-proximal regions of chromatin peaks 

associated with genes differentially expressed by beta cells. In another example, DNA-binding motifs 

associated with the ubiquitous islet transcription factor Pax6 [83] were concentrated on intronic chromatin.  

We performed the same transcription factor footprinting test between alpha and delta cells (Fig. 

8B). Of note, the motif for Pbx3, a transcription factor driving Sst expression in delta cells [84], was 

enriched in accessible chromatin at promoter-proximal regions. The motif for Stat4, recently implicated in 

establishing alpha cell identity [85] was concentrated exonic chromatin. Lastly, the motif for Ptf1a, a 

transcription factor identified in early pancreatic endocrine cell development [86], was preferentially 

associated with areas of open chromatin at distal intergenic regions.  



 128 

Between beta and delta cells, no single transcription factor motif overlapped across all five 

functional categories, nor were there any unique to downstream or exonic regions, as we observed in the 

prior alpha and delta comparisons (Fig. 8C). Of note, the motif for Smad3, a transcription factor important 

for islet development [87], as well as the negative regulation of insulin secretion in beta cells via occupancy 

of the insulin promoter [88], was concentrated in promoter-proximal accessible chromatin. Motifs for Insm1 

[77] and Nkx6.1 [89], both key beta cell identity transcription factors, were preferentially associated with 

accessible chromatin at intronic regions. Lastly, motifs for Fev – recently identified as important for the 

development and differentiation of the endocrine lineage [90] - and Atf3 – linked to enhancer regions 

in EndoC-bH1 cells [11] - were enriched in accessible chromatin at distal regions.  

 

Validating motif calls against aggregated islet ChIP datasets 

As we observed motif binding site preferences across promoter, intronic, exonic, downstream, or 

distal chromatin regions, we wished to confirm how accurately predictive DNA motif binding sites conveys 

true transcription factor binding. To do so, we once again turned to our aggregated pancreatic islet ChIP 

datasets. We applied the same motif detection method as above on individual ChIP datasets and on all open 

chromatin – as derived from our ATAC-Seq consensus peak set –and assessed how well predicted motif 

binding overlapped with true ChIP peaks from our selected list of ChIP-Seq data. We observed strong 

(57%) true positive and low (8.34%) false negative values for the Rfx DNA-motif’s ability to predict all 

Rfx ChIP binding sites (Supplemental Table 4A). We then limited this same test to Rfx6 ChIP-Seq binding 

sites (35.65%) that were shared across 1.19% of all open chromatin ATAC peaks (Supplemental Table 3A-

B). Notably, when comparing DNA-motif predictions for Rfx6 against these shared Rfx6 ChIP-Seq binding 

sites, we observed that 65.10% were true positives, while 8.81% were false predictions (Supplemental Table 

4B). However, we also observed a broad distribution in true positive values across these DNA-binding 

motifs (4.71-65.10%), and also noted a relatively low range of false positives (1.68-8.81%). This is 
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reflective of a limitation in the ability for DNA-motif’s to consistently predict true transcription factor 

binding.  

 

 

Determining overlap of differentially enriched chromatin with islet ChIP and histone datasets 

 

Given that may of the DNA-motifs associated with transcription factors do not have available ChIP-

Seq datasets derived from mouse pancreatic islets, we sought to understand whether differential chromatin 

between cell types could be associated to transcription factors and histone markers integral to pancreatic 

islet cell fate that do have available ChIP data, as opposed to relying only on predictive motifs. As we 

previously observed strong enrichment of transcription factor binding sites across all open islet chromatin, 

we wanted to confirm if this overlap is augmented in differentially enriched chromatin associated with 

pancreatic islet transcription factor binding sites via aggregated islet ChIP data - Pdx1, Nkx6-1, Neurod1, 

Insm1, Foxa2, Nkx2-2, Rfx6, and MafA -  and select, key histone marks — H3K27ac [91], H3K4me3 [91], 

and H3K4me1 [12]. Our intention in integrating these data was in anticipation that they may help delineate 

whether enhancer regions are poised (defined by: H3k4me1) [92], or active (defined by: H3k27ac and 

H3k4me1) [93], and whether promoter regions are active (defined by: H3k4me3) [94]. Indeed, we observed 

that differentially enriched peaks within our comparisons occurred at much higher rates than random chance 

across a majority of transcription factor ChIP data associated with islet cell identity (Supplemental Fig. 7A-

C) as well as all predictive histone marker regions (Supplemental Fig. 7D-F). This further supported our 

hypothesis that open chromatin, and now specifically differentially enriched chromatin, would be directly 

associated with the transcription factors responsible for shaping islet cell-specific gene expression patterns 

and identity. As differentially enriched chromatin is associated with cell-identity regulatory networks, we 

inquired to selectively evaluate these regions for enhancers that may be relevant to pancreatic islet cell 

identity.  
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Identifying and visualizing putative islet cell-type specific enhancers via epiRomics 

These transcription factor and histone ChIP datasets were then fed into an R package named 

epiRomics that we developed to identify putative enhancer regions involved in pancreatic islet cell identity. 

We defined enhancer regions by the co-localization of H3k27ac and H3k4me1 histone modifications within 

islet cell chromatin. We stringently narrowed our definition further by requiring these regions to also have 

transcription factor binding sites - Pdx1, Nkx6-1, Neurod1, Insm1, Foxa2, Nkx2-2, Rfx6, MafA, Isl1, 

Kat2b, Ldb1, and Gata6  – defined by islet ChIP data that are either ubiquitously or selectively expressed 

across the three islet cell types (Fig. 2E-F; Supplemental Fig. 2E; Supplemental Fig. 8A-I). This first pass 

resulted in 28,647 putative enhancer regions (Supplemental Dataset 3). We then filtered this list against 

chromatin accessible regions from our ATAC-Seq data sets of alpha, beta, and delta cells, resulting in 

16,651 putative active enhancers (Fig. 9A). To further increase our confidence in these enhancer calls, we 

crossed our putative enhancer regions against the curated FANTOM5 curated enhancer database [95]. This 

resulted in a conservative list of 3,535 putative enhancer regions. Of these 2,347 were inaccessible to at 

least two out of three islet endocrine cell types (Fig. 9B) (Supplemental Dataset 4). 

In both putative enhancer lists, we found that 39.8-43.2% of the enhancer regions we identified 

were common across all cell types, supporting the theory that related cell types of a common origin would 

have a sizeable commonality of similar regulatory regions involved in development and maintenance (Fig. 

9A-B). Interestingly, between 1.53–10.1% of called enhancers were associated with accessible chromatin 

unique to each cell type. Enhancer regions selective to beta cells were identified at the highest frequency 

(~10%), while alpha and delta enhancers made up ~2% of the list.  

Upon evaluating whether or not our putative enhancer list would recapitulate two previous mouse 

pancreatic islet studies delineating enhancers, we confirmed that our approach was able to independently 

identify an established intronic enhancer on the Slc30a8 gene, demonstrated to be regulated in part by the 
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Pdx1 transcription factor (Fig. 9C) [96]. Our approach also supported a previously identified promoter-

proximal enhancer region targeting Pdx1, with co-occurring binding sites for islet transcription factors 

Insm1, Neurod1, and Foxa2 (Fig. 9D)  [77].  

Given that our approach corroborated enhancers identified through complementary methods in 

previous mouse islet studies, we investigated cell-specific or common putative enhancer candidates by 

evaluating those with the highest number of transcription factor co-binding sites from our list. One of the 

top predicted beta cell-unique putative enhancer regions is located on the sixth exon of the Slc35d2 gene 

and aligns with eight different ChIP co-localization binding sites (Fig. 10A). An alpha cell-unique putative 

enhancer located at a distal-intergenic region ~30kb upstream of Dusp10, overlapped precisely with six 

sites of co-binding from various transcription factors (Fig. 10B). A delta cell-unique region at a distal-

intergenic enhancer region ~21kb upstream of Gm20745 aligned closely with no fewer than 12 sites of co-

binding from multiple transcription factors. (Fig. 10C). And finally, a common enhancer located ~32kb 

upstream of Snap25 – a gene expressed in alpha, beta, and delta cells, associated with a total of 17 co-

binding sites of aggregated transcription factors. (Fig. 10D).  

We noted further examples of enhancer regions that are inaccessible to beta, but present in both 

alpha and delta (Supplemental Fig. 9A) cells, or others with chromatin accessibility across all cell types 

with an adjacent, intronic enhancer region uniquely available to beta cells alone (Supplemental Fig. 9B). In 

particular, the Slc2a2 gene shares common open chromatin across alpha, beta, and delta cells. However, 

beta cells have a gained accessible chromatin region on the first intron identified as a putative enhancer and 

which overlaps with six co-binding sites. Finally, we noted more putative regions that were enriched in 

both alpha and beta cells, and present in delta cells as well (Supplemental Fig. 9C-D).  
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Discussion 

The high quality ATAC-Seq data derived from this study is the first dataset of its kind from FACS-

purified mouse alpha, beta, and delta cells. Moreover, while bulk-ATAC-Seq data from human alpha and 

beta cells have previously been reported, our data are the first to report on chromatin accessibility of delta 

cells and combine these cell’s chromatin landscapes to companion transcriptome data. We believe that our 

data will provide a useful resource that complements our companion transcriptome data that we reported 

previously using the exact same combination of reporter strains [6]. Leveraging these data allowed us to 

confirm previous findings in a human ATAC-Seq study evaluating alpha and beta cells, which suggested 

that alpha cells are poised but repressed from becoming beta cells [5], and present evidence that supports 

that delta cells might be similarly epigenetically poised to adopt a beta cell like gene expression pattern. 

We also now harmonized our ATAC-Seq and RNA-Seq data with a wealth of -omics levels data from our 

colleagues, resulting in a comprehensive multi-layered omics overview that includes histone modifications 

and transcription factor binding sites. Finally, we made these data accessible through an intuitive interface 

that we developed to be navigated without any bioinformatics experience.  

In evaluating the chromatin landscape of alpha, beta, and delta cells, we noted that over half of 

accessible chromatin in any of the cell types corresponded to promoter-proximal regions (~25%) and 

intronic regions (~32%), even though a much smaller fraction of the genome is represented by promoter-

proximal sites. This underscores that a substantial portion of regulatory activity occurs directly at genic 

regions themselves. The enrichment of promoter-proximal and intronic open chromatin we observed in 

mouse islet cells agrees with previous findings in human studies [5, 38]. The strong presence of intronic 

peaks supported previously established findings of how enhancers on introns can act as suppressors [33] or 

drivers of gene expression [97] – in one instance, how Pdx1 regulates the expression Slc30a8 through an 

intronic enhancer [96] – and suggested that these intron regions of accessible chromatin may play a role in 

cell identity (Fig. 8D). Our findings of a large number of peaks residing at distal-intergenic regions (~35%) 

agree with previous research identifying and emphasizing the role of distal intergenic regions acting as 
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enhancers (Fig. 10C-D, Supplemental Fig. 9C-D) in pancreatic islet identity and functional beta cell 

behavior, and through linkage with T2D GWAS studies that link these regions to beta cell dysregulation 

[19, 20, 23, 24, 98, 99].  

Upon evaluating differences in chromatin accessibility between pairwise comparisons, we 

discovered that overall, differentially enriched ATAC-Seq peaks in alpha or delta cells were more likely to 

occur at promoter-proximal regions adjacent to the TSS, whereas peaks enriched in beta cells were often 

found in distal intergenic or intronic regions, suggesting different mechanisms regulating alpha and delta 

cell fate specification (Fig. 5B, 5F). When comparing differentially enriched TSS-associated chromatin and 

respective gene expression, we observed a strong association between chromatin accessibility and gene 

expression. However, both alpha and delta cells showed a preference in putatively poised genes when either 

was compared to beta cells. Of note, MafA is a key transcription factor enriched in beta cells that shows 

abundant chromatin accessibility in both alpha and delta cells (Fig. 2E) but is only expressed in beta cells. 

Another notable example is Pdx1, which shows poised TSS enrichment in alpha cells, but is only expressed 

in beta and delta cells (Fig. 2F).  

Moreover, a majority of alpha- and delta- repressed genes showed intermediate expression in the 

transdifferentiated populations (Fig. 7A-B), further supporting that these are indeed putatively poised. 

These observations are in line with prior data that suggest that  alpha cells are epigenetically poised to 

become beta cells, but are prevented from assuming beta cell transcriptional programs by repressive 

regulators at key beta-specific transcription factors [5, 15]. Our observations here also fit reports of adult 

or juvenile transdifferentiation of alpha-to-beta, or delta-to-beta, respectively [5, 67, 100], although the 

contribution of these processes to beta cell regeneration is uncertain [101]. 

After evaluated motif binding on differentially enriched chromatin, we found that Irx2 and Insm1 

motifs are enriched at promoter-proximal regions of cell-specific alpha peaks when comparing alpha and 

beta cells, suggesting that they directly drive gene expression or repression in alpha cells by binding to 

uniquely accessible chromatin [4, 77]. For Irx2, this indicates that it directly drives gene expression or 
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repression in alpha cells. For Insm1, which is expressed more uniformly in all three endocrine cell types, 

the role that it plays at promoter-proximal accessible chromatin is more complex and cannot be as readily 

inferred. Between alpha and delta cells, the DNA binding motif for Pbx3, a transcription factor implicated 

in driving Sst expression in delta cells, was found preferentially enriched in accessible chromatin associated 

with promoter-proximal peaks [84], while the DNA motif for Atf2, identified as an enriched alpha cell motif 

in a previous human study, was found to be preferential enriched to chromatin associated with intronic 

peaks [5]. Between beta and delta cells, Insm1 and Nkx6.1 had motifs enriched at intronic chromatin regions 

[77, 89], while Fev – recently identified in pancreatic islet development - and Atf3 – linked to enhancer 

regions in EndoC-bH1 cells - were identified as preferential to chromatin associated with distal-intergenic 

regions via their DNA binding motifs [11, 90].  

Utilizing the R package epiRomics, we were able to derive a set of 16,651 putative enhancer peaks. 

Of these regions, 16.7% of enhancers were shared between beta and alpha cells, and 17.8% were shared 

between beta and delta cells, as opposed to the 8.18% shared between alpha and delta cells. Of note, our 

approach identified previously identified intronic enhancers, such as the one located on Slc30a8 that is 

regulated in part via the binding of the transcription actor Pdx1 and a promoter-proximal enhancer region 

upstream of the Pdx1 that is associated with Insm1, Neurod1, and Foxa2 binding, also identified by our 

approach (Fig. 9D) [77]. One final example of an enhancer is situated on the first intron of Slc2a2. having 

unique chromatin accessibility to beta cells, coupled with multiple transcription factor binding sites, 

including Pdx1, MafA, and Nkx6.1, could possibly explain the expression of the gene in beta cells while it 

is near undetectable between alpha and delta cells (Supplemental Fig.9B). Slc2a2 plays a necessary role 

glucose-stimulated insulin secretion [102], with a recent study identifying a downstream enhancer 

regulating Slc2a2 requiring the co-occupancy of both MafA and Neurod1, but also noting that complex 

epigenetic interactions occur beyond the scope of this distal region [103]. 

 One limitation of our approach was that we were constrained to using protein data available to the 

field. The substantial majority are transcription factors associated with beta cells, with the results reflective 
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of this limitation. For instance, 10.1% of the enhancer regions called were unique to beta cells, whereas we 

were only able to identify 1.53-2.47% unique to either delta or alpha cells (Fig. 2E-F; Supplemental Fig. 

2E; Supplemental Fig. 8A-I). The over-representation of beta cell-specific enhancer regions is probably 

explained by the fact that ChIP data for alpha and delta cell-specific enhancers obtained from pure 

populations of primary alpha and delta cells does not exist. While the majority of the transcription factors 

here are associated with beta cells, these data are still informative as delta and alpha regions with absence 

of beta-cell transcription factor binding may be areas regulated through other layers of epigenetics, such as 

methylation, or via alpha- or delta- specific transcription factors for which no ChIP data is currently 

available [94]. While further validation of these regions lays beyond the scope of this study, such 

information would be readily integrated in the future in the multi-omics resource we described here.  

 

 In conclusion, we provide a comprehensive snapshot of the characterization of chromatin 

similarities and differences between mouse alpha, beta, and delta cells. Here, we identify certain TSS genic 

regions that present as putatively poised in either alpha or delta cells and demonstrate intermediate 

expression of these genes in beta cells of a non beta-lineage (either alpha or delta transdifferentiated). We 

also provide a novel approach to identify active enhancers in these cell types through the use of these data 

alongside data integrated from the field using our package, epiRomics, first confirming enhancers identified 

in previous studies, and then showcasing novel regions with potential for further exploration. Taken 

together, we have demonstrated that the integration of chromatin accessibility data via ATAC-Seq with 

other epigenomic data can help further delineate regulatory regions and help answer outstanding questions 

in the field. Studies and resources such as these are relevant in such that they also function as a supportive 

resource for integrative research. Given this, we have made these data along with those aggregated through 

our approach as an interactive resource available on our website.  
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Conclusion 

Here we have established a comprehensive picture of chromatin accessibility between major islet 

endocrine cell types and present the novel chromatin landscape of delta cells. We identified differential 

chromatin accessibility at promoter-proximal regions in both alpha cells and delta cells, when compared to 

beta cells. This finding was in line with a previous study in human islets, and further builds on previous 

literature in the field suggesting that both alpha and delta cells can transdifferentiate into beta cells. We also 

identified preferentially binding pattern differences across the annotated genome in transcription factor 

DNA-motifs across differentially enriched chromatin. Our evaluation of whether chromatin enrichment at 

the gene body is always correlated with gene expression enrichment also demonstrated that transcriptional 

regulation plays a role in determining cell fate rather than chromatin dynamics alone. Lastly, we devised 

and provided a simple approach to utilize and integrate a subset of these epigenomic datasets – ChIP and 

histone - alongside our ATAC-Seq chromatin data integrated with our previously published transcriptome 

of the FACS-purified alpha, beta, and delta cells through the development of an R package, epiRomics. 

This allowed for the visualization of integrated epigenomic data, and furthermore applies a novel approach 

to identify putative enhancer regions, enabling a high-resolution overview of key regions that may be 

responsible for driving cell fate decisions in pancreatic islet cell types. We have made this an interactive 

resource publicly available at https://www.huisinglab.com/epiRomics_2021/index.html. We believe our 

data and the tool we developed to visualize it to be a valuable resource to our field in pursuit of a full 

understanding of the epigenetic control over islet gene expression.  
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Figure Legends 

Main Figures 

Figure 1 – Validating alpha, beta, and delta chromatin accessibility ATAC Seq. A: Dimensional 

reduction through principal component analysis across seven samples from all three cell types (See 

Supplemental Table 1 for details). All three cell type’s replicates clustered closer together and separate 

from other cell types. B: Heatmap further confirming quality of replicates and similarity between replicates 

within each cell type. C: Fraction of Reads in Peaks (FRiP) score evaluation across samples, confirming 

high library complexity irrespective of depth of sequencing. D-F: Confirming chromatin accessibility at the 

TSS (arrows) against bulk RNA-Seq expression in key islet cell type-specific marker gene regions - Ins2, 

Gcg, and Sst - in beta, alpha, and delta cells, respectively.  

Figure 2 - Validating chromatin accessibility ATAC Seq alongside companion RNA-Seq expression 

in alpha, beta, and delta cells against hallmark genes governing its respective cell’s identity. All genes 

are oriented for 5’ to 3’ end. A-C: Chromatin accessibility and transcript expression across alpha cell 

hallmark genes Arx, Ttr, and Gc. D-F: Chromatin accessibility and transcript expression across beta cell 

hallmark genes Ucn3, Esr1, and Pdx1. G-I: Chromatin accessibility and transcript expression across delta 

cell hallmark genes Hhex, Rbp4, and Ghsr.  

Figure 3 – Evaluating chromatin accessibility ATAC Seq similarities and differences across all three 

cell types. A: Schematic of annotated genomic regions – promoter proximal, intronic, exonic, distal-

intergenic, or downstream.  B-D: TSS peak (defined as 3kb up or downstream each respective gene) 

chromatin accessibility density across beta, alpha, and delta cells. E-G: Distribution of chromatin peaks 

within each cell type across the annotated genome.  

Figure 4 – Comparing chromatin accessibility through differential enrichment analysis across alpha, 

beta, and delta cells. A: Differential chromatin accessibility peaks between alpha and beta ATAC Seq 

data. A total of 18,409  peaks were considered differentially enriched at p-value <= 0.05 (Supplemental 

Dataset 1). B: Differential chromatin accessibility peaks between alpha and delta ATAC Seq data. A total 

of 12,722 peaks were considered differentially enriched at p-value <= 0.05 (Supplemental Dataset 1). C: 

Differential chromatin accessibility peaks between beta and delta ATAC Seq data. A total of 16,913 were 

considered differentially enriched at p-value <= 0.05 (Supplemental Dataset 1). 

Figure 5 – Regional differences and characteristics of differentially enriched peaks between alpha, 

beta, and delta cells. A: Distribution of regional preference across the annotated genome of differentially 

enriched peaks between alpha and beta cells. B: Regional preference breakdown of differentially enriched 
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peaks between alpha and beta cells, indicating prevalence of enrichment for each cell type and genomic 

annotation. Differentially enriched chromatin favored promoter-proximal peaks in alpha cells, and distal-

intergenic regions in beta cells. C: Distribution of regional preference across the annotated genome of 

differentially enriched peaks between alpha and delta cells. D: Regional preference breakdown of 

differentially enriched peaks between alpha and delta cells, indicating prevalence of enrichment for each 

cell type and genomic annotation. Differentially enriched chromatin favored promoter-proximal peaks in 

alpha cells, and distal-intergenic regions in delta cells. E: Distribution of regional preference across the 

annotated genome of differentially enriched peaks between beta and delta cells. F: Regional preference 

breakdown of differentially enriched peaks between beta and delta cells, indicating prevalence of 

enrichment for each cell type and genomic annotation. Differentially enriched chromatin favored promoter-

proximal peaks in delta cells, and distal-intergenic regions in beta cells. 

Figure 6 – Differentially enriched chromatin at TSS genic regions and their respective gene’s 

expression between alpha, beta, and delta cells. A-C: Schematic of ‘congruent’, ‘incongruent’, and 

‘unexpressed’ categories used to determine the association of enriched chromatin at TSS genic regions and 

respective gene expression. D: Differentially enriched chromatin at TSS genic regions and their respective 

gene’s expression between alpha and beta cells. The majority (50%) of genes with enriched chromatin at 

promoter-proximal regions around their TSS had correlated gene expression (congruent). Another 36% of 

chromatin enriched TSS regions showed repressed gene expression for each cell type (alpha repressed 

(33%) or beta repressed (3%)), and finally, 14% were unexpressed. E: Differentially enriched chromatin at 

TSS genic regions and their respective gene’s expression between alpha and delta cells. The majority (55%) 

of genes with enriched chromatin had correlated gene expression (congruent). Another 24% of chromatin 

enriched TSS genic regions showed repressed gene expression for each cell type (alpha repressed (14%) or 

delta repressed (10%)), and finally, 20% showed no expression. F: Differentially enriched chromatin at 

TSS genic regions and their respective gene’s expression between beta and delta cells. The majority (57%) 

of genes with enriched chromatin had correlated gene expression (congruent). Another 32% of chromatin 

enriched TSS regions showed repressed gene expression for each cell type (beta repressed (1.5%) or delta 

repressed (30.45%)), and finally, 11% showed no difference.  

Figure 7 – Gene expression of poised genes enriched in beta cells with a non-beta cell lineage. A: 

Evaluating alpha repressed genes (Fig. 6A) across alpha, alpha transdifferentiated, and beta cell 

transcriptomes. The great majority (83.6%) of genes repressed in alpha cells showed intermediate 

expression in alpha transdifferentiated cells, and highest expression in beta cells, further validating that 

alpha cells are poised to become beta cells, with a subset (16.4%) of those genes required for the transition.  

B: Evaluating delta repressed genes (Fig. 6C) across delta, delta transdifferentiated, and beta cell 



 163 

transcriptomes. Around half (50.18%) of genes repressed in delta cells showed intermediate expression in 

delta transdifferentiated cells, and highest expression in beta cells, validating that delta cells – to a lesser 

extent than alpha – are also poised to become beta cells, with the remainder of genes (49.82%) required for 

the transition.  

Figure 8 – Evaluating expressed, cell-specific transcription factor footprints on differentially 

enriched peaks across cell types. A: Evaluating cell-specific transcription factor footprints on 

differentially enriched peaks for alpha and beta cells, suggesting transcription factor preference for these 

peaks across the functionally annotated genome. Notably, three known transcription factors were predicted 

to overlap all defined regions of the genome, whereas others showed preference for binding at either 

promoter, exon, intron, or distal regions, suggesting different mechanisms of regulation. B: Evaluating cell-

specific transcription factor footprints on differentially enriched peaks for alpha and delta cells, suggesting 

transcription factor preference for these peaks across the functionally annotated genome. No known 

transcription factor was predicted to bind to all defined regions of the genome, with the majority binding to 

either intronic, distal, or promoter areas. C: Evaluating cell-specific transcription factor footprints on 

differentially enriched peaks for beta and delta cells, suggesting transcription factor preference for these 

peaks across the functionally annotated genome. No known transcription factor was found predicted to bind 

to all defined regions of the genome, with the great majority showing a preference for distal, intronic, or 

promoter regions.  

Figure 9 – Putative enhancer detection overlap between the three cell types. A: First-pass overlap of 

unfiltered putative enhancers called with our novel package, epiRomics. Open chromatin regions in at least 

one cell type were crossed against two informative histone marks - H3k27ac and H3k4me1 – and 

transcription factor binding data to call putative enhancer regions. A total of 28,647 regions were identified 

(Supplemental Dataset 3). 39.8% of putative enhancer calls had chromatin accessible to all three cell types, 

suggestive of pancreatic endocrine cell development and maintenance involvement. The overlap of 

enhancer calls with open chromatin between any two cells type was 8.51% - 18.9%. Between 1.89% - 

9.94% of calls were unique to one cell type alone. B: First-pass enhancer calls were filtered against the 

curated FANTOM5 database delineating all identified enhancers in the mouse genome. This resulted in a 

much more conservative list of 3,535 regions identified (Supplemental Dataset 4). The distribution of 

enhancers unique or common between cell types remained comparable, with 43.2% identified across all 

three cell types, and 1.53% - 10.1% unique to a cell type. C: Confirming an enhancer on the second intron 

of Slc30a8, identified in a previous study, with 14 sites of co-binding from multiple transcription factors. 

D: Confirming an a promoter-proximal enhancer (~1kb upstream) of the gene that codes for the 

transcription actor Pdx1, with 9 sites of co-binding from multiple transcription factors.  
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Figure 10– Visualizing novel, putative enhancer detection between cell types. A: Visualizing a beta-

unique enhancer region. An exonic enhancer region selected from our filtered enhancer call list, with 8 sites 

of co-binding from various transcription factors relevant to pancreatic islet cell identity and maintenance 

[1]. B: Visualizing an alpha-unique enhancer region; a distal-intergenic enhancer region (~30kb upstream 

of Dusp10) selected from our filtered enhancer call list, with 6 sites of co-binding from various transcription 

factors. C: Visualizing a delta-unique enhancer region. A distal-intergenic enhancer region (~21kb 

upstream of Gm20745) selected from our filtered enhancer call list, with 12 sites of co-binding from various 

transcription factors. D: Visualizing a non-unique enhancer region common across all three cell types. A 

distal-intergenic enhancer region (~32kb upstream of Snap25) selected from our filtered enhancer call list, 

with 17 sites of co-binding from various transcription factors. 
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Supplemental Tables 

Supplemental Table 1 – Quality control metrics across all ATAC-Seq replicates described.  

Supplemental Table 2 – Aggregated dataset description and reference. A:  Pancreatic islet ChIP Seq 

transcription factor data aggregated to identify enhancer and enhancer regions. B: Pancreatic islet histone 

data aggregated to identify enhancer and enhancer regions. The final approach utilized two histone marks 

deemed most relevant at delineating putative enhancer regions while taking into account a risk of both false 

positives and false negatives.  

Supplemental Table 3 – Validating open chromatin peaks against known pancreatic islet ChIP binding 

sites. A:  Evaluating the extent of open chromatin– as defined by our ATAC-Seq consensus peak set – 

contained binding sites for known, pancreatic islet transcription factors. Percent of open chromatin with 

associated binding sites ranged from 0.31-29.07%. The transcription factors Foxa2, Insm1, and Neurod1 

had the highest number of binding sites. B: Evaluating the extent of each ChIP-Seq experiment’s binding 

site calls overlapped with open chromatin. Percent of overlap ranged from 0.35-63.79%. Nkx2.2, Neurod1, 

and Insm1 had the greatest overlap.  

Supplemental Table 4 – Validating motif-calling approach against known ChIP binding sites. A:  

Pancreatic islet ChIP Seq transcription factor peak calls analyzed by the motif-calling method to determine 

sensitivity and specificity. True positive calls ranged from 0.59-57%, and false positives ranged from 1.19-

8.34%. B: Pancreatic islet ChIP Seq transcription factor peak calls limited to open chromatin determined 

by the consensus peak set analyzed by the motif-calling method to determine sensitivity and specificity. 

True positive calls ranged from 4.71-65.10%, and false positives ranged from 1.68-8.81%. 
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Supplemental Figures 

Supplemental Figure 1 – FACS sorting gates used to isolate alpha, beta, and delta cells through our 

mouse reporter lines. FACS sorting gates isolating beta cells (Ins2-mCherry+) from either alpha (Gcg-

YFP+) or delta cells (Sst-YFP+). Double negatives are non-beta and non-alpha or non-delta cells. Double 

positives (mCherry/YFP+) represent cells with both Ins2 expression and Gcg or Sst expression, reflective 

of transdifferentiated beta cells. These were not included in any of the samples. 

Supplemental Figure 2 – Validating more chromatin accessibility ATAC Seq and companion RNA-

Seq expression in alpha, beta, and delta cells against hallmark genes governing its respective cell’s 

identity. All genes are oriented for 5’ to 3’ end. A-C: Chromatin accessibility and transcript expression 

across alpha cell hallmark genes Irx1, Irx2, and MafB. D-F: Chromatin accessibility and transcript 

expression across beta cell hallmark genes Abcc8, Nkx6.1, and Slc2a2. G-I: Chromatin accessibility and 

transcript expression across delta cell hallmark genes Ffar4, Gabrb3, and Ache.  

Supplemental Figure 3 – Chromatin enrichment does not always correlate with associated gene 

expression. Select hallmark genes defining demonstrating congruent and incongruent chromatin and 

gene enrichment for cell-specific markers. A: Differentially enriched chromatin at TSS regions and 

respective gene expression between alpha and beta cells. The majority of cell-specific markers show TSS-

enrichment within the cell type of expression. Notably, Nkx6.1 and MafA show TSS enrichment in alpha 

cells, despite being transcription factors associated with beta cells. B: Differentially enriched chromatin at 

TSS regions and respective gene expression between alpha and delta cells. C: Differentially enriched 

chromatin at TSS regions and respective gene expression between beta and beta cells. The majority of cell-

specific markers show TSS-enrichment within the cell type of expression.  

Supplemental Figure 4 – Evaluating KEGG and gene network enrichment across differentially 

enriched peaks between alpha and beta cells. A: KEGG enrichment of differentially enriched peaks 

identified pathways common between the two cell types, or unique to one. B: Gene network enrichment 

indicative of possible functions of differentially enriched chromatin regions between the two cell types.  

Supplemental Figure 5 – Evaluating KEGG and gene network enrichment across differentially 

enriched peaks between alpha and delta cells. A: KEGG enrichment of differentially enriched peaks 

identified pathways common between the two cell types, or unique to one. B: Gene network enrichment 

indicative of possible functions of differentially enriched chromatin regions between the two cell types.  

Supplemental Figure 6 – Evaluating KEGG and gene network enrichment across differentially 

enriched peaks between beta and delta cells. A: KEGG enrichment of differentially enriched peaks 
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identified pathways common between the two cell types, or unique to one. B: Gene network enrichment 

indicative of possible functions of differentially enriched chromatin regions between the two cell types.  

Supplemental Figure 7 – Verifying transcription factor binding sites and histone mark occurrence at 

chromatin peaks to determine significance (observed versus expected). A-C: Transcription factors on 

chromatin regions deemed enriched between differentially enriched chromatin across all three pairwise 

comparisons.. The majority of transcription factors used in our analysis were deemed statistically significant 

when observed compared to predicted. D-F: Histone mark occurrence on chromatin regions deemed 

enriched between differentially enriched chromatin across all three pairwise comparisons. All histone marks 

used in our analysis were deemed statistically significant when observed compared to predicted.  

Supplemental Figure 8 – Aggregated  transcription factor ATAC Seq and companion RNA-Seq 

expression in alpha, beta, and delta cells. All genes are oriented for 5’ to 3’ end. A-I: Chromatin 

accessibility and gene expression for aggregated ChIP datasets.  

Supplemental Figure 9 – Further illustration of enhancer calls. A: Visualizing a common alpha and 

delta enhancer region, unavailable in beta cells. B: Further illustration of a beta-unique enhancer region, 

occurring on the first intron of Slc2a2, with 6 co-binding sites for multiple transcription actors. C-D: Two 

examples of called enhancer regions common across all three cell types. Both are in distal-intergenic 

regions of the genome and exhibit high transcription factor co-binding activity.  
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Supplemental Datasets 

Supplemental Dataset 1 – Annotated consensus chromatin peak set across alpha, beta and delta cells, 

along with differential enrichment results between the three pairwise comparisons.  

Supplemental Dataset 2 – Congruent and incongruent genes of differentially expressed genes between 

the three pairwise comparisons. Congruent genes showed gene expression in the same direction as 

chromatin accessibility enrichment, whereas incongruent genes had opposing expression and enrichment.  

Supplemental Dataset 3 – Unfiltered putative enhancer calls defined by open chromatin region in at 

least one of three cell types, overlapping the histone markers H3K27ac and H3K4me1. These regions 

were crossed against pancreatic islet transcription factors to identify enhancer regions.  

Supplemental Dataset 4 – Filtered putative enhancer calls defined by open chromatin region in at 

least one of three cell types, overlapping the histone markers H3K27ac and H3K4me1. These regions 

were crossed against pancreatic islet transcription factors to identify enhancer regions. Last, these data were 

filtered for regions occurring on curated enhancer calls in the mouse genome using the FANTOM5 

database.  
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VIII. Chapter 8: epiRomics: a multi-omics R package for identifying and 
visualizing enhancers  
 
Alex M. Mawla and Mark O. Huising 
 
Final draft, in process of submission, with pre-print available on biorXiv 
 
Contributions to Jointly Authored Works: As first author of this manuscript, I conceived and devised the 
approach, and wrote and currently maintain the R package. I was responsible for pursuing validation using 
a previously published dataset in human pancreatic islets, alongside aggregated human transcription factor 
and histone mark data, later cross-referencing findings of active enhancers detected against SNP data 
associated with diabetes in human subjects. I was also responsible for writing this short manuscript intended 
to share the application so that other colleagues in the scientific community may utilize the approach if they 
choose so. I am currently in the process of adding further validation to this approach in order to submit the 
manuscript for publication.  
 
Significance of Research: This manuscript details a package I designed intended to provide a 
straightforward, and clear solution to integrate multi-omics data and delineate enhancers during the course 
of writing Chapter 7.   
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Abstract  

 

Summary: epiRomics is an R package designed to integrate multi-omics data in order to identify and 

visualize enhancer regions alongside gene expression and other epigenomic modifications. Regulatory 

network analysis can be done using combinatory approaches to infer regions of significance such as 

enhancers, when combining ChIP and histone data. Downstream analysis can identify co-occurrence of 

these regions of interest with other user-supplied data, such as chromatin availability or gene expression. 

Finally, this package allows for results to be visualized at high resolution in a stand-alone browser.  

 

Availability and Implementation: epiRomics is released under Artistic-2.0 License. The source code and 

documents are freely available through Github (https://github.com/Huising-Lab/epiRomics). 

 

Contact: ammawla@ucdavis.edu or mhuising@ucdavis.edu 

 

Supplementary information: Supplementary data, and methods are available online on biorxiv or Github.  

 

 

 

 

 

 

 

 

 

 

 

https://github.com/Huising-Lab/epiRomics
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Introduction 

 

The evaluation of the transcriptional landscape between cell types grants the scientific community 

a deeper understanding of cellular identity, and helps paint the underlying mechanisms that drive phenotype 

and function [1]. Bulk RNA sequencing has been a gold standard in the field, followed more recently with 

the advent of single-omics approaches [2-5]. However, gene expression represents only a single aspect of 

what is a sophisticated and interlaced network of genetic and epigenomic regulators that drive and 

determine cell identity, with perturbations leading to dysfunction and, sometimes, disease [6].  

Chromatin remodeling is a dynamic process that represents one of the epigenetic layers of cell fate 

maintenance and identity [7, 8]. Approaches such as DNase I hypersensitive site sequencing (DNASE-Seq) 

[9] and Assay for transposase-accessible chromatin using sequencing  (ATAC-Seq) [10, 11], are commonly 

used to compare chromatin accessibility between cell types and states. Chromatin immunoprecipitation 

Sequencing (ChIP-Seq) is another approach used to assess the epigenomic regulators driven by specific 

transcription factors acting as either activators or suppressors on the genic region, or at distal-intergenic 

regions, associated with enhancer activity [12-16]. Alternatively, ChIP-Seq is used in conjunction with 

antibodies that pull down specific histone modifications associated with regions of chromatin, whose 

presence can be used to infer whether the region is active, poised or repressed [17, 18]. The interrogation 

of transcription factor binding is not enough to infer transcriptional behavior, as whether or not chromatin 

is accessible between cell types, and whether the region is active, poised, or repressed, demarked by co-

occurrences of histone marks, must be considered in order to fully evaluate the biology [17, 19]. Lastly, 

methylation of DNA, quantifiable through whole-genome bisulfite sequencing analysis (BS-Methyl Seq) 

[20], can help determine whether accessible chromatin that has recruited the correct histone marks is even 

available for transcription factor binding and recruitment of co-modulators to drive or suppress gene 

transcription within cell types [21, 22].  
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While tools exist to compare these different layers in a pairwise manner, a gap exists to integrate 

multiple omics layers quickly, and easily to generate high resolution visuals in order to derive more 

biological meaning behind results. We developed a novel ‘epigenomics in R’, epiRomics, package to solve 

this issue. We designed epiRomics to accept either browser extensible data (BED) [23] or bigwig [24] files 

as input for any of the aforementioned types of data. Inclusion of functional annotations, i.e. FANTOM 

[25], single nucleotide polymorphism (SNP) data from GWAS [26, 27], or Ultra Conserved Non Coding 

Elements (UCNEs) [28] is also possible – in order to more fully integrate many slices of the genetic and 

epigenetic pie. 

 

Functions 

 epiRomics takes in a user-submitted comma-separated values (csv) file containing hard paths to all 

BED or bigwig formatted files, optional hexadecimal (hex) color code associations for each file and a user-

defined label to group each input data set (e.g., ChIP, ATAC, RNA, functional, etc.). The 

epiRomics_build_dB command quickly generates a comprehensive and easily accessible variable of the 

class “epiRomics-class” containing a GenomicRanges (GRanges) object [29] that tracks each of these 

submitted data, along with all other data related to the species, pulled automatically from the UCSC genome 

database [23]. The epiRomics-class variable can easily be integrated with other packages, and the user can 

also save these data in a csv format for further manual exploration in excel, or other comparable third-party 

tools.  

 Putative enhancers can efficiently be called, and then categorized separately – active, poised, 

repressed, etc., through the epiRomics_putative_enhancers function, which will consider user provided 

histone data. For example, the histone marks H3K27ac and H3K4me1 are commonly used to demark active 

enhancer regions [17, 30-32] outputting an epiRomics-class variable for downstream use within the 

package, or outside. This variable can be used further to identify key enhanceosome regions with evidence 
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of co-binding of multiple user-selected transcription factors by implementing the 

epiRomics_putative_enhanceosome command. These data can also be filtered against functional data 

annotations, such as methylation calls, FANTOM, SNP regions, or UCNEs, through the use of 

epiRomics_putative_enhancers_filtered. A side function is provided within the package making use of 

decision trees [33]  in order to classify which transcription factors were most meaningfully associated with 

different enhancer types, through the use of epiRomics_predictors.  

 For visualization of these differently classified regions, and integration with bigwig data such as 

gene expression or chromatin availability between cell types, the tool epiRomics_track_layer can be used. 

This makes use of the package GViz [34] to generate resolution, publication-quality encapsulated postscript 

(eps) files. Specific calls for enhancer regions provided by epiRomics_putative_enhanceosome can be 

visualized. Conversely, if users have specific regions or genes of interest they wish to evaluate, they can do 

so using epiRomics_region_of_interest.  

These tools were designed to allow biological relevance to be determined from the integrated multi-

omics data that is available for a particular tissue or cell type. For example, a common enhancer region may 

be present between cell types of a common progenitor, with chromatin accessible across all cell types, 

methylation may block activity in one cell type, but not the other. Drug treatment, or healthy versus diseased 

comparisons can quickly be made, and the multitude of SNPs amassed via GWAS can be seamlessly 

connected to narrow in on deleterious variants that may contribute to disease.  

 
Results 

 epiRomics is developed as an R package to be made available through Bioconductor [35], and is 

available under Artistic-2.0 License. epiRomics is designed to integrate a multitude of -omics data – in 

either BED or bigwig format – in order to identify regions of regulatory interest, such as enhancers, and 

provide sophisticated, high quality resolution visuals in EPS format for use in publications. Users with little 

programming experience can use epiRomics to encode colors for individual tracks, cross-reference diverse 
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types of -omics data – such as ATAC- and RNA- Seq, and produce strong candidate lists for putative 

enhancers common or unique to cell types. Finally, epiRomics is easy to use, with a full walkthrough with 

sample data available through its companion vignette.  
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