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SUMMARY

Genetic and epigenetic variations in regulatory enhancer elements increase susceptibility to a
range of pathologies. Despite recent advances, linking enhancer elements to target genes and
predicting transcriptional outcomes of enhancer dysfunction remain significant challenges.

Using 3D chromatin conformation assays, we generated an extensive enhancer interaction
dataset for the human pancreas, encompassing more than 20 donors and five major cell types,
including both exocrine and endocrine compartments. We employed a network approach to
parse chromatin interactions into enhancer-promoter tree models, facilitating a quantitative,
genome-wide analysis of enhancer connectivity. With these tree models, we developed a
machine learning algorithm to estimate the impact of enhancer perturbations on cell type-
specific gene expression in the human pancreas. Orthogonal to our computational approach, we
perturbed enhancer function in primary human pancreas cells using CRISPR interference and
quantified the effects at the single-cell level through RNA FISH coupled with high-throughput
imaging. Our enhancer tree models enabled the annotation of common germline risk variants
associated with pancreas diseases, linking them to putative target genes in specific cell types.
For pancreatic ductal adenocarcinoma, we found a stronger enrichment of disease susceptibility
variants within acinar cell regulatory elements, despite ductal cells historically being assumed as
the primary cell-of-origin. Our integrative approach—combining cell type-specific enhancer-
promoter interaction mapping, computational models, and single-cell enhancer perturbation

assays—produced a robust resource for studying the genetic basis of pancreas disorders.
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INTRODUCTION

Pancreatic disorders, including diabetes mellitus, pancreatitis, and pancreas cancer, impact
over 10% of the global population, placing significant burden on health and economic systems -
3. The pancreas, with its exocrine and endocrine compartments, plays vital roles in both
digestion and glucose metabolism. These compartments arise from a common multipotent
progenitor during embryonic development and are comprised of distinct cell types, like a-, B-, 8-,
duct, and acinar cells 5. Despite their specialized roles, pancreas cells exhibit remarkable
plasticity, with the potential for transdifferentiation and dedifferentiation 6-8. While this phenotypic
plasticity offers a regenerative potential for replacing lost or injured tissue, it also presents a
vulnerability for developing malignancies . For instance, in the case of pancreatic ductal
adenocarcinoma (PDAC), growing evidence suggests that acinar cells also contribute to
premalignant lesions by transdifferentiating into duct-like states through acinar-to-ductal
metaplasia ''-'4, challenging the long-standing assumption that PDAC originates solely from
ductal cells. Therefore, it is crucial to understand the underlying mechanisms that establish and
maintain pancreas cell identities 5-'8, as these mechanisms are likely relevant for regenerative

and oncogenic processes.

Enhancers are noncoding DNA elements that regulate gene expression through chromatin
interactions and are key regulators in the establishment and maintenance of cell identities.
Together with transcription factors, enhancers have an indispensable role in orchestrating
tissue-specific gene expression patterns during development, homeostasis, and disease states
1921 Importantly, over 90% of SNPs at disease associated risk loci identified through genome
wide association studies (GWAS) are noncoding, with more than 80% of these found in

enhancer regions 22. However, identifying enhancers, assigning them to their target genes, and
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determining the specific conditions or cell types in which genetic variants impact enhancer
function all remain significant challenges 23. This is further complicated by the fact that many
enhancers do not activate the closest promoters, and some are located at large distances from
their targets 24. In the human pancreas, several studies cataloged candidate enhancer regions
through open chromatin analysis and epigenetic marks 25-33, A few recent studies have initiated
efforts to link enhancers to target genes by profiling 3D chromatin interactions in human
pancreas cells, however, either their scope was limited to analyzing whole islets without cell-

type resolution 3436 or they were constrained by their small sample size 37-3.

To address these gaps, we generated cell-type specific, enhancer-promoter interaction datasets
using donor pancreas from a comprehensive cohort, spanning 27 donors and five cell types.
Overcoming the limitations of the standard pairwise loop analysis, we employed a network
approach to parse complex chromatin interactions into tree models, revealing connectivity
patterns between enhancers and promoters critical for gene expression. The tree models
enabled the development of a machine learning algorithm designed to predict the impact of
enhancer perturbations on cell type-specific gene expression, assigning an ‘effect size’ to each
enhancer. To validate our predictions and tackle the challenge of measuring cell type-specific
enhancer perturbation effects in solid organs like the pancreas, we adapted a high-throughput
imaging-based approach to quantify the outcome of enhancer perturbations in single cells from
donor tissue. Thus, our study presents a resource for identifying and validating critical
enhancers involved in cell type-specific gene expression, while offering a framework for

interpreting the genetic basis of complex diseases.
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RESULTS

Mapping cell type-specific enhancer-promoter interactions using donor pancreas tissue
Enhancer activity is highly cell-type specific. To obtain pure a-, -, 8-, acinar and duct cell
populations from donor pancreas, we refined previously published cell sorting methods,
achieving over 95% cell purity in all populations 293940 (see Methods, Figure 1A, Supplementary
Figure 1A-B). Our protocol was tailored to be compatible with both ATAC-seq and HiChIP
assays, facilitating simultaneous chromatin accessibility and 3D chromatin interaction profiling
from the same batch of purified cells. Comparing the abundance of key marker gene transcripts
in sorted cell populations demonstrated the effectiveness of our cell isolation strategy
(Supplementary Figure 1A-B). On these purified cell types, we performed ATAC-seq, and
HiChIP using an H3K27ac antibody— a histone modification that marks putative enhancer and
promoter elements 4145, These experiments yielded an extensive dataset of 37 ATAC-seq and
29 HiChlP libraries, with each cell type and assay having at least four biological replicates.
HiChIP experiments generated more than 5.5 billion reads to allow profiling chromatin
interactions at high resolution. Across cell types, we obtained on average, 116,935 accessible

regions and 80,947 loops per donor.

Principal component analysis showed consistent clustering of cell types in our chromatin
datasets (Figures 1B-C, Supplementary Figure1C). Looking closely at genomic loci near
hallmark genes specific to each lineage revealed loops exclusively associated with the relevant
cell types— glucagon (GCG) in a-cells, insulin (INS) in B-cells, somatostatin (SST) in 5-cells,
trypsinogen (PRSS1) in acinar cells, and carbonic anhydrase (CA2) in duct cells (Figure 1D-H).
Taken together, our refined cell purification coupled to HiChIP assays captured cell type-specific

3D chromatin interactions in human pancreas cells.
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Parsing enhancer-promoter interactions using graph-based tree models

To gain insight into the 3D chromatin organization in distinct pancreas cell types, we employed
a graph-based approach to visualize and analyze HiChlP interactions. In contrast to commonly
used visualization methods like chromatin contact matrices or loop arc plots, ‘tree’ graph models
facilitate the discovery of hierarchical structures, and the incorporation of other epigenomic data

types 46.

To build the enhancer-promoter tree models, we first generated a list of consensus loops,
representing all loops detected in our combined cell type-specific data (see Methods,
Supplementary Figure 2A). We then transformed these chromatin interactions into tree models,
where the nodes represent either the enhancer or promoter anchors, and the edges represent
chromatin loops detected in our HIChIP experiments. Each tree is defined by its root promoter,
therefore can only contain one promoter node (Figure 2A, Supplementary Figure 2B). We began
assessing the connectivity with promoters, designating them as the base level— zero (Po). Any
enhancer directly connected to a promoter was assigned the next tier— level 1 (E+). Enhancers
that link to E1 enhancers, but not directly to the promoters, were then categorized as level 2 (E»).
Similarly, we designated the loops based on their connectivity (L1, Lo, Ls, and so forth). This
step-by-step assignment continued until all enhancers looping to the promoter were complete
ensuring that each enhancer's level represents its connectivity to the promoter (Supplementary

Figure 2B, see Methods for details).

Parsing the chromatin data into enhancer trees revealed that our HiChIP experiments
overwhelmingly captured enhancer-promoter interactions (78%); enhancer interactions that

didn’t involve a promoter (orphan enhancers) constituted less than 1% of the data
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(Supplemental Figure 2B-D). Among the enhancer-promoter interactions, E1 enhancers (73%)
and L1 connections (80%) were the most abundant, suggesting that most enhancers loop to
their targets directly (Figure 2B). While categorizing the connections, we also noticed frequent
interactions between enhancers (i.e. Lo, L4, ~ 22% of total edges, Supplementary Figure 2D).
However, most of these enhancers had a shorter connecting path to a promoter, therefore we
further simplified the enhancer trees by pruning these connections (Supplementary Figure 2B).

At the end, the indirect loops only constituted ~11% of all enhancer-promoter interactions.

Since HiChIP assays are based on proximity ligation, we wondered if there is a distance bias for
capturing more E; (direct) versus E: (indirect) enhancers. However, when we analyzed the
linear distance between these enhancers and their promoters, we found that the E1 enhancers
were typically located at a greater genomic distance (median 275,552 bp) than E> enhancers
(median 149,825 bp, Figure 2C). Further, we assessed the paired-end tag (PET) counts of L;
(connecting to E+) or Ls loops (connecting to E») as a measure for chromatin interaction
frequency, and found that L loops overall exhibited higher PET counts in every cell type,
suggesting that E1 enhancers likely form more stable loops with their target promoters than

other enhancers in the tree, regardless of the distance (Supplementary Figure 2E).

The abundance of E1 enhancers prompted us to investigate the functional impact of these direct
interactions on target gene expression. We integrated our enhancer trees with gene expression
data, compiled from publicly available pancreas single-cell RNA-Seq experiments #7. In all five
pancreatic cell types, more than 80% of Es enhancers looped to a distal target promoter,
bypassing genes closer in linear distance (Figure 2D). We found that the distally looped genes
have higher expression specificity and transcript abundance compared to skipped genes (Figure

2E, Supplementary Figure 2F). In addition, more than 68% of skipped genes were annotated as


https://doi.org/10.1101/2024.09.07.611794

bioRxiv preprint doi: https://doi.org/10.1101/2024.09.07.611794; this version posted September 13, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC
105 and is also made available for use under a CCO license.

noncoding (Supplementary Figure 2G). This trend persisted even when we limited our analysis
to coding genes, with over 60% of Es enhancers still skipping the nearest gene (Supplementary

Figure 2H).

We also examined the relationship between enhancer connectivity (tree size) and gene
expression. Dividing the expression data into quantiles revealed that genes connected to
multiple E+ enhancers exhibited higher expression specificity and higher transcript abundance in
each cell type (Figure 2F, Supplemental Figure 21). We speculate that the E1 enhancers may
collectively promote transcription by increasing the local concentration of lineage-specific

transcription factors, leading to robust expression of genes critical for cell identity in each cell

type.

Dissecting enhancer interconnectivity using tree models

In the previous section, we considered the connectivity of individual enhancer-promoter
interactions. Enhancers, however, can regulate more than one gene and interact with multiple
distinct loci. Standard pairwise loop analysis can underrepresent higher order chromatin
contacts or multiway interactions that may exist between multiple enhancer clusters 4. Tree
models address this by preserving connectivity and dependency between nodes, permitting the
discovery of interactions involving more than two regions. Thus, we extended our analysis to

include genome-wide enhancer tree interconnectivity in different pancreas cell types.

First, we assessed the extent of enhancers engaged with one or more promoters in our data.
Across all cell types analyzed, we observed that on average 60% of enhancers only interacted
with a single promoter, 21% interacted with two, and 19% interacted with three or more

promoters (Supplementary Figure 3A). Notably, we found that even when an enhancer loops to
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multiple promoters, its connectivity level rarely changed (Supplementary Figure 3B), suggesting
a simpler architecture rather than complex, multi-level enhancer networks. To further explore
the enhancer interconnectivity, we focused on enhancer trees that are connected to each other
through a shared enhancer or a promoter node. We termed these larger structures ‘enhancer
forests’. For this in-depth analysis, we proceeded with a-, -, acinar and duct cell data,
excluding &-cell data due to the substantially lower number of enhancer trees detected (see

Methods).

We found that nearly all enhancer trees belong to a forest— in each cell-type, 92-97% trees are
in forests (Supplemental Fig 3C). The median size of a forest includes seven enhancer trees,
with a median of 22 nodes, averaged across cell types (Figure 3A). The median genomic span
of the enhancer forests is 732kb (Figure 3A), which is similar to the average size of a

topologically associated domain (TAD) in the human genome 4°.

Enhancer trees can form a forest through connections between promoter or enhancer nodes.
Analyzing these shared nodes revealed a striking pattern: across all cell types, approximately
90% of promoters connect to another promoter within their forest, whereas only 34%-52%
enhancers link distinct enhancer trees (Figure 3B-C). Furthermore, enhancer forests containing
cell type-specific genes showed a substantial increase in promoter-promoter interactions with a
median of 50 compared to 10 in forests without cell-type specific gene promoters (Figure 3D).
The increased connectivity between promoters may facilitate co-regulation of cell type-specific
genes to fulfill specialized functions in each cell type. Taken together, these results imply a

more central role for promoters in forming the enhancer forests and suggests a modular
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topology of enhancers where each enhancer cluster typically regulates a specific set of

connected genes (Figure 3E).

Predictive prioritization of cell type-specific enhancers using machine learning

In our investigation of the enhancer-promoter interactions within human pancreas cells, we
identified a multitude of enhancers potentially contributing to gene regulation. However, it is
unclear if all enhancers contribute equally to gene transcription, or some are more critical than
others. We reasoned that our enhancer-promoter trees could facilitate functional prioritization of
enhancers, and, importantly, pinpoint those that may underlie disease risk. We developed a
machine learning algorithm, named EPIC for Enhancer Prioritizer using Integrated Chromatin
data, capable of predicting the functional impact of enhancers on cell type-specific gene
expression. EPIC uses the k-nearest neighbor algorithm and our enhancer trees to classify the
cell type-specificity of these trees based on chromatin-derived features (Figure 4A). Specifically,
we generated a list of 24 predictor variables (six variables per cell type) that include cell type-
specific chromatin accessibility (ATAC-seq tags), 3D chromatin interaction frequency (HiChIP
PET counts), their interaction terms (ATAC x PET) and the enhancer tree structure (direct vs
indirect). EPIC uses these features to learn and make predictions about cell type-specificity of
the tree promoters (see Methods for details, Figure 4A). The ground truth class labels for cell
type-specificity of these tree promoters were derived from gene expression data obtained
through single-cell RNA-Seq studies in the human pancreas 47. To assess the performance of
EPIC, we evaluated additional models that included 1) only promoter accessibility, 2) enhancer
association by linear genomic distance to transcriptional start site and 3) tree model with or
without indirect features (Figure 4B, graphic illustration). In all cell types examined, the tree
models, which include the direct and indirect interactions, outperformed distance associated or

promoter-only models with the highest predictive accuracy (Figure 4C, ROC plots). There were

10
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only minor differences between the partial and full tree models, which is expected considering
that indirect connections constitute only ~11% of the data (Figure 2B, Supplementary Figure
2C-D). Notably, we observed that the linear model in a-cells (AUC=0.82) performed nearly as
well as the full tree model (AUC=0.84), suggesting a distinct organization of a-cell specific

genes in the genome (Figure 4C).

Having verified EPIC’s performance, we asked if EPIC could predict the ‘effect size’ of enhancer
perturbations for a given target gene. Due to the inherent scalability of graph models, the
enhancer trees can flexibly accommodate the addition or removal of nodes (enhancers), and
edges (loops). Taking advantage of this feature, we systematically removed each enhancer
node and compared accuracy of the enhancer deletion models to the original model in
predicting the correct class value— cell type (Figure 4D). Specifically, if an enhancer node was
important for cell type-specific expression, its removal would be expected to alter the probability
score for that cell type, indicating a reduced confidence in the correct classification and
potentially lowering the model’s overall accuracy. Enhancers causing the most significant
change in predicted probability were considered to have the highest effect size. This approach
allowed us to evaluate, in silico, the effect size of perturbations for every enhancer in our

enhancer trees.

Experimentally testing EPIC’s predictions in single cells using donor pancreas

A significant challenge in enhancer perturbation studies using primary human tissue is
measuring perturbation effects in a cell type-specific manner, especially in solid organs like the
pancreas. To address this, we coupled RNA-FISH with high-throughput imaging 595! to dCas9-

mediated gene activation (CRISPRa) or repression (CRISPRI) 5253 and optimized the assays for

11
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donor pancreas cells (Figure 5A, also see Methods). This approach ensured quantitative
measurements of mMRNAs at the single cell level, in specific cell types, after each enhancer
perturbation. Building on our prior success in delivering expression constructs to human
pancreas cells 2°, we introduced adenoviral vectors carrying CRISPRa/i components and guide
RNAs (gRNAs) targeting enhancers (see Methods). We typically achieved over 60%
transduction efficiency (Figure 5B). After a 5-day recovery period in culture, we performed
multiplexed RNA-FISH to quantify the mRNAs of target genes and cell markers (Figure 5A, also

see below).

To test EPIC’s predictions, we focused on two loci— PCSK1 and PCSK2, due to their hallmark
cell type-specific expression (Figure 5C) and their critical roles in hormone processing 54-58,
Consistent with its role in converting proinsulin to its biologically active form, PCSK1 expression
is most abundant in islet B-cells (Figure 5C). In our HiChIP data, we detected over 30 enhancers
forming loops to the PCSK1 promoter specifically in B-cells, only seven in a-cells, and none in
exocrine cells (Supplementary Figure 4A). Because there is no PCSK1 expression in a- or
exocrine cells, we opted to use the CRISPRa system (dCas9-VP64) to examine cell type-
specific effects of PCSK1 enhancer perturbations 53. EPIC predicted 5.3108E and 5.3120E as
top-ranking prioritized enhancers in p-cells, with 5.3108E having a larger effect size (0.1) than
5.3120E (0.04) (Figure 5D, Supplementary Figure 4B). We designed gRNAs targeting these two
enhancer nodes (5.3108E located 32kb, and 5.3120E located 172kb upstream of the
transcriptional start site, or TSS). We also designed additional gRNAs targeting the promoter as
a positive control and a region 7.6kb upstream of the TSS without any loops as a negative
control (Supplementary Figure 4A). After CRISPR targeting, we performed RNA FISH to

quantify PCSK1 transcripts in specific pancreas cells (Figure 5E, INS probe marks B-cells, GCG

12
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probe marks a-cells). As expected, promoter-targeted dCas9-VP64 increased PCSK1
transcriptional output in B-cells, while the negative control did not significantly alter PCSK1
levels (Figure 5F). Furthermore, we found that modulating the enhancer regions with CRISPR
activation resulted in increased PCSK1 transcription in the order that EPIC predicted for the
effect sizes in B-cells (Figure 5F). Notably, we also observed upregulation of PCSK1 in a-cells
when the top-ranking enhancer, 5.3108E, was targeted (Figure 5F). In contrast, none of the

targeted regions activated PCSK1 in exocrine cells (Supplementary Figure 4C).

PCSK2 is predominantly expressed in islet a-cells, although single-cell RNA-Seq studies
demonstrated PCSK2 transcript in B-cells 47 (Figure 5C), and it has been implicated in the
processing of proinsulin to insulin 5961 In line with this evidence, we observed 59 nodes in the
PCSK2 enhancer tree in a-cells, 24 in B-cells, and zero in exocrine cells (Figure 5G,
Supplementary Figure 4D). We designed gRNAs targeting three enhancers with effect sizes 0.1
(20.973E), 0.07 (20.1000E), 0.03 (20.995E), and the promoter as a positive control
(Supplementary Figure 4B, D). Perturbing these three enhancers with CRISPRa resulted in
increased PCSK2 transcription in a-cells along with the promoter (Figure 5H-I). However,
20.1000E targeting caused the greatest increase even though 20.973E had a slightly higher
predicted effect size (Supplementary Figure 4B). Looking into EPIC’s effect size predictions for
PCSK2 enhancers, we noticed that they had a narrow range (0.1 for the highest versus 0.03 for
the lowest), potentially revealing regulatory redundancies and consequently the need to perturb
more than one element at a time to observe significant alterations to transcription. Indeed, when
we targeted all three enhancers simultaneously using CRISPRa, we observed a near-additive
effect on PCSK2 transcript levels (Figure 51). Perturbing these a-cell specific enhancer tree

nodes in B-cells also resulted in upregulation of PCSK2 transcript, similar to the PCSKT findings

13
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in a-cells (Figure 5F). These results suggest that the chromatin environment in a- and p-cells,
but not in exocrine cells, is permissive to activation at these enhancers. This finding aligns with
the fact that both o- and B-cells differentiate from the endocrine lineage during embryonic

development.

Taken together, our results demonstrate the potential of our machine learning algorithm, derived
from our enhancer tree data, to identify enhancers with a significant impact on target gene

transcription.

Enhancer trees and EPIC facilitate functional annotation of genetic variants associated
with pancreas diseases

Hundreds of genetic variants, including single nucleotide polymorphisms (SNPs), have been
linked to pancreas diseases by genome-wide association studies (GWAS) 3262-64_ However, how
these variants impact the disease susceptibility remains largely unclear. Due to linkage
disequilibrium (LD), disease-associated loci often contain multiple highly correlated SNPs,
making it difficult to identify the causal mechanisms between variants and genes. In addition,
determining which cell types are relevant to the disease is challenging since complex diseases,
like diabetes or cancer, often involve interactions between multiple cell types. We reasoned that
our cell type-specific enhancer-promoter trees in the pancreas, combined with EPIC’s ability to
prioritize enhancers, to comprehensively address these challenges and facilitate the functional

annotation of genetic variants associated with pancreas disorders.

First, we analyzed the enrichment of GWAS variants related to pancreas disorders within
enhancer or promoter nodes across different pancreas cell types using the GARFIELD

algorithm ° (See Methods). We found that type 2 diabetes (T2D), and glycemic trait variants

14
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were significantly overrepresented in islet cell enhancer trees (T2D in p-cell: P=1.52x10-23,
GWAS threshold 1x10-97; fasting glucose in B-cell: P=6.99x10-23, GWAS threshold 1x105;
HbA1C in B-cell: P=1.16x10-1°, GWAS threshold 1x1095). In contrast, pancreas cancer risk
variants were significantly enriched within exocrine cell enhancer trees, with a more significant
association observed in acinar cells (P=1.47x105) compared to duct cells (P=3.65x1093,
GWAS threshold 1x10-9) (Figure 6A). As a control, we tested non-pancreas disease related
SNPs, like those linked to Alzheimer’s disease or lung cancer. None of these traits showed

significant enrichment in the enhancer or promoter nodes in any pancreas cell type (Figure 6A).

While the enrichment of T2D risk variants in islet cells is expected considering their critical role
in glucose metabolism, notably we also observed significant enrichment of T2D risk variants in
exocrine cell-specific trees (141 total SNPs, 44 SNPs with GWAS P-value < 1x10-%, and 68
SNPs with 1x10% < P-value < 1x10-%4). Closer examination of the tree promoters revealed
genes with important functions in acinar cells. For example, germline mutations in the
transcription factor GATA4 have been implicated in childhood onset diabetes and exocrine
deficiencies 6. Our data placed five T2D risk SNPs in a GATA4 enhancer at chr8p23.1

(Supplementary Figure 5A-C), linking these variants to a putative gene target in acinar cells.

The enrichment analysis revealed hundreds of SNPs associated with pancreas disorders that
overlap with our cell type-specific enhancer or promoter nodes, and our tree models allowed us
to link these variants to putative target genes. To test EPIC’s utility in prioritizing enhancers, we
compared the effect sizes of enhancers overlapping disease-associated SNPs to those without
SNP overlap (T2D and PDAC data in acinar cells shown in Figure 6B). Specifically, for a given

cell type and trait association, we identified the SNP-enriched enhancer nodes, retrieved the
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enhancer trees including those nodes and ranked all the enhancers in the tree based on EPIC’s
effect size predictions. We used cumulative density function to determine whether SNP-
overlapping enhancers have higher or lower effect sizes compared to enhancers with no SNPs.
In the trait-cell type associations we examined, we found that SNP-overlapping enhancers had
higher effect sizes than those without SNP overlap (Supplementary Figure 5D-G). This finding

suggests that the enhancers prioritized by EPIC may be significant for disease risk.

For pancreatic ductal adenocarcinoma (PDAC), our analysis indicated a stronger enrichment of
disease associated variants in acinar cells, even though ductal cells historically have been the
focus of PDAC research. We identified three PDAC risk SNPs enriched in two enhancers of
XBP1 at chr22q12.1 in acinar cells (Figure 6C-E). Of these two enhancers, one (22.1008E)
overlaps with variant rs2267131 and has the highest EPIC effect size (0.43) for XBP1 in acinar
cells, while the other (22.1015E) has a lower effect size (0.05) and overlaps variants rs5752810
and rs5752811 (Figure 6D, F). We targeted these enhancers using CRISPRI in acinar cells
(Figure 6G), including an additional enhancer (22.1040E) that ranked among the lowest as
negative control (Figure 6F). We observed a significant reduction in XBP1 transcripts in acinar
cells targeting 22.1008E and 22.1015E, but not in cells targeting the 22.1040E enhancer,
demonstrating that the SNP-enriched 22.1008E and 22.1015E enhancers regulate XBP1
transcription in acinar cells (Figure G-H). Importantly, the degree of reduction was consistent

with their EPIC-predicted effect sizes (Figure 6F, H).

Taken together, our chromatin derived enhancer trees help annotate pancreas disease risk

SNPs as candidate functional variants influencing high impact enhancers and link them to

putative target genes in a cell type-specific manner.
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DISCUSSION

We presented a detailed map and analysis of enhancer-promoter interactions in primary human
pancreas cells. By refining cell purification methods and coupling them to ATAC-seq and HiChIP
assays, we have generated a high-resolution dataset that captures the enhancer chromatin

interactions, surpassing previous work in specificity, sample size and depth.

Our analytical approach is based on versatile, graph-based tree models that simplify the
representation and interpretation of chromatin interaction data, permitting systematic
quantification of enhancer connectivity. As a result, our analysis demonstrated that direct
enhancer (E,) interactions are a predominant feature of gene regulation, with multiple
enhancers collectively acting on individual promoters to increase transcript output and
spatiotemporal specificity. This finding is consistent with previous studies in the developing
human cortex 87 and mouse embryonic stem cell lineages ¢, where promoters with significantly
high levels of chromatin interactions correlated with lineage specific genes and higher
transcriptional levels. However, these prior studies primarily focused on the overall level of
chromatin interactions without distinguishing the type of enhancer-promoter connectivity. Our
tree models transformed these findings and found that most enhancers that most enhancers
form direct loops to their target genes, supporting a simpler, potentially an additive model for
enhancing transcription output and specificity 679, In addition, our forest analysis showed that
extensive enhancer sharing between trees is uncommon, with most interconnectivity among
trees occurring through promoter-promoter interactions. This suggests that enhancers might be
forming distinct modules 7' with their respective promoters within the nucleus (Figure 3E),
potentially, already positioned for transcription activation when transcription factors reach

sufficient local concentrations 72.
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One caveat of Hi-C assay derivatives like HiChlIP is, they capture chromatin interactions as an
average across potentially diverse chromatin conformations from millions of cells at a single
point in time. This means that the interactions detected may reflect a composite view of different
interaction subsets rather than uniform patterns across all cells. Therefore, it remains unclear
whether the observed interactions represent persistent enhancer-promoter interactions in every
cell, or a sum of varying subsets present in different cells. Emerging single-cell technologies,
7374 may help clarify these distinctions and reveal dynamic enhancer usage based on

transcriptional states within the same cell type.

Modifying or perturbing enhancer function is key to understanding enhancer dysregulation in
disease 23. Prior work on enhancer perturbation primarily used homogeneous cell lines, stem
cell-derived cells that have the advantage of unlimited expansion, or whole tissues without cell
type resolution 33367576 Here, we used a high-throughput, single cell imaging-based approach
to measure the effects of enhancer perturbations in a structurally complex, solid organ like the

pancreas.

Our chromatin data combined with tree models form the basis of EPIC, an algorithm designed to
prioritize enhancers based on their predicted impact on cell type-specific gene expression. We
validated EPIC’s predictions on a select number of enhancer trees and found that our
orthogonal imaging-based enhancer perturbation results correspond well with the predicted
importance. When analyzing the effect size distributions however, we observed that the
differences in EPIC-predicted effect sizes among enhancers within a given tree are relatively
small. Furthermore, most enhancer trees contain only a few outlier enhancers whose deletion

causes significant deviation of EPIC prediction accuracy, indicating that such critical enhancers
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are rare. This scarcity of critical enhancers might reflect an evolutionary selection for robust
lineage-specific gene expression, where multiple enhancers contribute additively or redundantly
to ensure stable regulation. Consistently, our CRISPR-RNA FISH experiments demonstrated
this additive effect on PCSK2 enhancers in a-cells. Further work involving systematic
perturbation of combination of elements might help clarify the function of enhancers with smaller

effect sizes.

Determining the cell type(s) affected by germline risk variants identified through GWAS, and
understanding their specific impact on gene regulation at scale, remain ongoing challenges. Our
cell type-specific enhancer trees enabled us to nominate candidate functional variants and
target genes at GWAS risk loci across several pancreas diseases. While we confirmed
previously known associations, we also identified novel links between risk SNPs and their
putative transcriptional targets in understudied cell types 77:78. Specifically, we link acinar cells
with the overall inherited risk of PDAC. We also observed substantial crosstalk between the
exocrine and endocrine compartments of the pancreas in the context of enhancers and risk
SNP associations, for instance, the enrichment of type 1 and type 2 diabetes SNPs within
exocrine enhancers 279 This crosstalk suggests a complex interplay between different cell
types in disease susceptibility. Future research delineating the contributions of various cell types

to these disease etiologies will be crucial for understanding the genetic risk of diseases.

Additionally, our analysis revealed that enhancers overlapping with risk SNPs are more likely to
be top-ranking enhancers. Notably, in the trait-cell type associations we analyzed, we observed
that some genes have top-ranking enhancers without SNP overlap. We speculate that these
enhancers might harbor disease risk variants that are yet to be discovered. In a prior study,

HiChIP assays facilitated the identification of promoter-interacting expression quantitative trait
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loci (pieQTLs) in immune cell types, supporting the view that chromatin features can reveal

genetic variants impacting gene expression and disease susceptibility 8°.

Our study provides new tools and resources for prioritizing enhancers central to cell type-
specific gene expression. Exploring the associations we have discovered between genetic
variants and their putative gene targets should advance our understanding of how enhancer
dysfunction contributes to diseases, and potentially accelerating the development of novel

therapeutic strategies.
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METHODS

Human pancreas tissue procurement

Pancreas tissues were procured through the Integrated Islet Distribution Network (1IDP, USA)
and the University of Alberta Islet Core (Canada) from non-diabetic adult organ donors who
were deceased due to acute trauma or anoxia. All studies involving human pancreas tissue
were conducted in accordance with National Institutes of Health, Institutional Review Board
guidelines, and by the Human Research Ethics Board at the University of Alberta
(Pro00013094). All donor families provided informed consent for the use of pancreas tissue in

research.

Flow cytometry

Preparing human pancreas cells for flow cytometry

Pancreas tissue was shipped to the laboratory by overnight delivery and processed immediately
upon receipt without additional culturing time. The tissue was dissociated into single cells
following the protocol described in Arda et al 2018 2°, with modifications. The tissue samples
were pelleted at 200 RCF for 5 minutes and washed once with cold PBS buffer (Thermo Fisher
Scientific 10010023) containing 0.1% Pluronic-68 (Gibco 24040-032, PBS-Plu Buffer). The
washed tissue pellet was gently resuspended in PBS-Plu Buffer containing 50 ng/mL DNase-I
(Sigma-Aldrich DN25-1G) and incubated in a 37°C water bath with gentle agitation for 7-10
minutes. After pelleting, the supernatant was discarded, and the tissue pellet was washed once
with cold PBS-Plu Buffer. Next, accutase treatment (Sigma-Aldrich A6964-100ML) was
performed to further dissociate the bulk tissue. Islets were resuspended in prewarmed accutase
solution at 1000 IEQ/mL concentration, and exocrine tissues at 100 uL (packed pellet)/mL, then

incubated in a 37°C water bath for 6-8 minutes with gentle agitation. The accutase was
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neutralized by adding an equal volume of cold PBS-Plu Buffer. The digested tissues were
pelleted and washed once with cold PBS-Plu Buffer. A second round of digestion was
performed to achieve single-cell dissociation. The pellets were resuspended in prewarmed PBS-
Plu Buffer containing 50 png/mL DNase | and Dispase (Sigma-Alrich 04942086001) (0.1 U/1000
IEQ for islets, or 1 U/mL for exocrine tissue), and incubated in a 37°C water bath for 6-8 minutes
with gentle agitation. The enzymes were neutralized by adding an equal volume of cold FACS
Buffer (PBS containing 2% FBS [HyClone, Cytiva], 50 mM EGTA pH 8.0), followed by an
additional wash with cold FACS Buffer. Finally, the dissociated cells were passed through a 70

um mesh (Fisher Scientific 08-771-2) to remove cell debris.

Flow assisted cell sorting (FACS)

Dissociated single pancreas cells were resuspended in FACS buffer. Prior to staining with
specific antibodies, the cells were incubated on ice for 20 minutes with rat IgG (Thomas
Scientific C840F01) (1uL per million cells) to block non-specific binding, and eFluor450 fixable
viability dye (Thermo Fisher Scientific 65-0863-18) to label dead cells. Cells were then washed
once with FACS buffer and twice with PBS-Plu buffer. Specific antibody staining procedures for
exocrine cells and islet cells are as follows:

Exocrine cells: We used HPi2-Dylight 650 (Novus, NBP1-18946C) to label and exclude islet
cells, HPx1-Dylight 488 (Novus, NBP1-18951G) to label acinar cells and CD133/1(AC141)-PE
(Miltenyi Biotec 130-080-801), CD133/2(293C3)-PE (Miltenyi Biotec 130-090-853) to label the
duct cells. See Supplementary Figure 1A for the gating strategy.

Islet cells: We modified published intracellular staining protocols to make the fixation conditions
compatible with downstream ATAC-seq and HiChIP experiments 4°. Prior to staining with

specific antibodies, the cells were fixed in 1% formaldehyde-PBS/Plu buffer (Thermo Fisher
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Scientific 28906) at 1million cell/mL for 10 minutes at room temperature with rotation. Fixation
was stopped by adding glycine solution (125 mM final concentration) for 5 minutes at room
temperature. Fixed cells were permeabilized with 1x Permeabilization Buffer diluted in PBS
(Thermo Fisher Scientific, 08-8333-56). After permeabilization, cells were stained with INS
(D3E7)-biotin (Abcam ab20756) and Streptavidin-APC (Thermo Fisher Scientific 17-4317-82) to
label B-cells, GCG(U16-850)-PE(BD565860) to label a-cells, SST-Alexa Fluor 488 (BD566032)
to label &-cells.

All antibodies were used at 1:100 (v/v) concentration, except for HPx1 (2 uL per million cell),
INS (1:50) and GCG (1:50) in FACS buffer. All antibody incubation steps were performed on ice
for 30 minutes. Labeled cells were sorted on an BD FACS Aria Il (BD Biosciences) using a 100
um nozzle and FACS Diva 8 software, with appropriate area scaling and doublet removal. Gates
were determined using fluorescence-minus one (FMO) controls. Sorted populations were
collected into low retention tubes containing 100-300 pL cold sort buffer containing 5% BSA
(Sigma-Aldrich 126609) in PBS. Cytometry data were analyzed and plotted using FlowJo v.10

(BD Life Sciences).

Cell purity verification by quantitative RT-PCR (qPCR)

Total RNA was extracted from approximately 5,000 FACS purified cells using the Zymo Direct-
zol RNA MiniPrep Kit (R2051) following manufacturer’s instructions. Entire total RNA was used
to synthesize the cDNA using the Invitrogen SuperScript Il Reverse Transcriptase kit (Thermo
Fisher Scientific 18080-044). gPCR reactions were set up using TagMan gene expression
assays and SYBR Green PCR Master Mix (Thermo Fisher Scientific 4368708). The following
TagMan probes were used: INS (Hs00355773_m1), GCG (Hs00174967_m1), SST

(Hs00356144_m1), CPA1 (Hs00156992_m1), ACTB (Hs01060665_g1), CHGA
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(Hs00154441_m1), KRT19 (Hs00761767_s1). Each sample was run in triplicate on a
QuantStudio 5 Real-Time PCR machine (Thermo Fisher Scientific). Enrichment of cell marker
mRNAs was calculated using the delta(deltaCt) method relative to the mRNA levels in presort
cells using the QuantStudio Design and Analysis Software (v1.5.2, Applied Biosystems). To

estimate the purity of sorted populations, we used the method described in 27.

ATAC-seq assays

We followed the Omni-ATAC-seq protocol described in 8'. 5,000-20,000 sorted cells were used
for each assay. To isolate the nuclei, cells were resuspended in cold ATAC-Resuspension
Buffer (RSB) containing 0.1% NP40 (Sigma-Aldrich 18896), 0.1% Tween-20 (Sigma-Aldrich
P1379), and 0.01% Digitonin (Sigma-Aldrich 300410), and incubated on ice for 3 minutes. The
lysis was washed out by addition of 1mL of RSB containing 0.1% Tween-20 and mixed by
inverting tubes. The nuclei are then pelleted at 500RCF for 10 minutes at 4°C. For transposition,
each nuclei pellet was resuspended in 50 uL of transposition mix (25 uL 2x TD buffer, 2.5 uL
transposase (100 nM final), 16.5 uL PBS, 0.5 uL 1% digitonin, 0.5 uL 10% Tween-20, 5 uL
H20) and incubated at 37°C for 30 minutes in a thermomixer with 1000 rpm shaking. After
transposition, reactions were stopped by adding EDTA (Thermo Fisher Scientific 15575020) to a
final concentration of 40 mM. For endocrine samples, reverse crosslink buffer (50 mM Tris, 1
mM EDTA, 1% SDS, 0.2 M NaCl) containing 0.2 mg/mL Proteinase K (Thermo Fisher Scientific
25530049) (add fresh) was added in 5x volume to each reaction and incubated at 65C
overnight. Transposed DNA fragments were purified using Zymo DNA Clean and Concentrator-
5 Kit (Zymo D4014) and pre-amplified for 5 cycles, for which each reaction contained 2.5 uL of
25 uM i5 primer, 2.5 uL of 25 uM i7 primer, 25 uL 2x NEBNext master mix (NEB M0541), and

20 plL transposed/cleaned-up DNA. PCR conditions (72°C for 5 min, 98°C for 30 sec, followed
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by 5 cycles of [ 98°C for 10 sec, 63°C for 30 sec, 72°C for 1 min] then hold at 4°C. To determine
additional cycles for each sample, 5 puL of the pre-amplified mixture was used to run gPCR in
15 plL reaction containing 3.76 L sterile water, 0.5 pL 25 uM i5 primer, 0.5 puL 25 uM i7 primer,
0.24 uL 25x SYBR Gold (Thermo Fisher Scientific S11494 in DMSQO), 5 uL 2x NEBNext master
mix, with the following cycling conditions, 98°C for 30 sec, followed by 20 cycles of [98°C for 10
sec, 63°C for 30 sec, 72°C for 1 min]. Additional cycles were calculated following method by
Buenrostro et al 2015 8. The remaining 45 uL of pre-amplified samples were then further
amplified accordingly. The PCR condition was 98°C for 30 sec, followed by n cycles of [98°C for
10 sec, 63°C for 30 sec, 72°C for 1 min] then hold at 4°C. Final PCR reactions were purified
using the Zymo kit. Libraries were quantified on Aligent TapeStation 4000 and mixed in 1:1

molar ratio, then sequenced on lllumina NextSeq550 to obtain 75bp pair-ended reads.

ATAC-seq data analysis

We used PEPATAC version 0.8.3 8 with default parameters to process the ATAC-seq FASTQ
files. Specifically, reads were aligned to hg38 using Bowtie with the -X 2000’, mitochondrial and
blacklisted regions were removed, peaks were called using MACS2 with '-f BED -q 0.01 --shift O
--nomodel'. All samples included in this study surpassed the current ENCODE quality standards
for ATACseq data, with TSS enrichment scores of 15-26, and deduplicated aligned reads
greater than 14 million per sample. The PEPATAC output bigwig files were used to visualize
peaks in the UCSC genome browser.

To generate a consensus peak file, the peak coordinates from the narrowPeaks output files
were merged using BEDtools 8+ with a merge gap of 0 bp. We used the annotatePeaks.pl tool in
the HOMER suite 8 to generate a count matrix corresponding the peak regions. The peaks

were then filtered by excluding those with less than the median ATAC-seq signal for each
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sample. The final matrix contained a total of 371,234 peaks from 37 ATAC-seq samples. To
identify cell type-specific accessible chromatin regions, we used DESeq package % and
performed different cell type or group comparisons: compare between acinar and duct; compare
between alpha, beta, and delta; compare endocrine cells (alpha, beta, delta) and exocrine cells
(acinar, duct). Peaks that passed the significance threshold of FDR < 1E-06 were selected,
resulting in a total of 108,042 differentially accessible peaks. We assigned the cell type-specific

clusters to these peaks using k-means clustering with correlation as the similarity metric.

H3K27ac HiChlIP assays

To perform the HiChIP assays, we obtained on average 600,000 purified acinar, duct, - or a-
cells, and 80,000 &-cells and due to their low abundance. HiChlP libraries were prepared
following procedures described in 8 with modifications applicable for low cell input material.
Briefly, if the cells were not already fixed prior to sorting, they were fixed in 1% formaldehyde at
1x10¢ cell/mL concentration for 10 minutes at room temperature with rotation, quenched with
glycine at final concentration of 125 mM for 5 minutes, then pelleted at 500RCF for 5 minutes
and washed once with PBS/Plu buffer.

in situ contact generation: Fixed cells were resuspended in 250 L of ice-cold Hi-C Lysis Buffer

and rotate at 4°C for 30 minutes. The nuclei were pelleted at 2500RCF for 5 minutes and
washed with 250 uL of ice-cold Hi-C Lysis Buffer. The washed nuclei pellet was resuspended in
50 uL of 0.5% SDS (Thermo Fisher Scientific 15553027) and incubated at 62°C for 10 minutes,
then quenched by adding 146 uL of H20 and 25 ulL of 10% TritonX-100 (Sigma-Aldrich T8787)
with incubation at 37°C for 15 minutes, rotating end-to-end. To digest the chromatin in situ,
100U Mbol (Sigma-Aldrich R0147) and 25 uL 10xNEB buffer 2 (NEB B7002 RT) were added to

the reaction and incubated at 37°C for 2 hours with rotation. Enzymes were heat-inactivated at
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62°C for 20 minutes. To label ends of the digested chromatin fragments, 14 uL of dNTP (NEB
N0446S) (dATP-14-biotin and dTTP, dCTP, dGTP at a final concentration of 40 uM each) and
15U of DNA Polymerase |, Large (Klenow) Fragment (NEB, M0210) were added and incubated
at 37°C for 45 minutes. Ends were ligated by adding 484 puL of ligation mixture containing 75 pL
10x T4 ligase buffer, 62.5 uL 10% TritonX-100, 3.75 uL 20 mg/mL BSA, 2000U of T4 ligase
(NEB, M0202S) and 337.75 uL H20 and incubated at RT for 2 hours with rotation. The ligation
mix was pelleted at 2500RCF for 5 minutes at 4°C.

H3K27ac-ChIP: The in situ Hi-C pellet was lysed in 130 uL of Nuclei Lysis Buffer then

transferred to an AFA microtube (Covaris 520045) and sonicated on a Covaris E220 under the
following setting: PIP 105W, duty factor 2%, CPB 200, time 4 minutes, temperature 6°C. The
sheared lysate was cleared by centrifugation at 16100RCF, 4°C for 15 minutes. Cleared lysate
was diluted 2x in ChlIP Dilution Buffer and precleared with 15 uL Dynabeads Protein A (Thermo
Fisher Scientific 10001D) at 4°C for 1 hour with rotation. 1 pL of anti-H3K27ac (Abcam ab4729
Lot# GR3211959-1) was added to the precleared lysate to immuno-precipitate (IP) H3K27ac
associated, proximity ligated chromatin fragments overnight at 4°C with rotation. 15 uL
Dynabeads Protein A were added and incubated at 4°C for 2 hours to pull down the IP-ed
complex. Beads were washed in order of the following: Low Salt, High Salt and LiCl (Sigma-
Aldrich L7026) buffers. Washing was performed at room temperature on a magnet stand by
adding to a sample tube 300 uL of a wash buffer, turning the tube 180 degree relative to the
magnet for few times, allowing the beads to set for 2 minutes then removing the supernatant.
ChIP DNA was eluted by incubation in 50 uL ChIP Elution Buffer on a thermomixer (Eppendorf)
at 37°C with 300 rpm mixing. Two elution cycles were performed per sample and the eluates
were pooled. To reverse crosslinks, 5 uL Proteinase K (Thermo Fisher Scientific 25530049) was

added and the mixture was incubated at 55°C for 45 minutes followed by 67°C for 2.5 hours.
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The DNA was purified by the Zymo kit (Zymo D4014) following the manufacturer's instructions,
and eluted with 12 uL water, of which 2 uL was used for quantitation on Aligent TapeStation
4000.

Biotin pull-down and sequencing library preparation: 5 uL Streptavidin C-1 beads (Thermo

Fisher Scientific 65001) were washed with 300 uL Tween Wash Buffer, resuspended in 10 uL
2xBinding Buffer and mixed with each sample. The mixtures were incubated at RT for 15
minutes with rotation. Beads were washed in 300 uL Tween Wash Buffer twice at 55°C with
shaking (400 rpm), followed by one wash in 100 uL 2x TD Buffer. For on bead tagmentation,
beads were resuspended in 50 uL mixture containing 25 uL 2xTD buffer, 0.05 uL Tn5 (lllumina
20034198) per 1ng post-ChIP DNA and H20 and incubated at 55°C with interval shaking for 10
minutes. The tagmented beads were incubated in 300 uL 50 mM EDTA at 50°C for 30 minutes,
followed by washes in 2x 50 mM EDTA (300 uL) at 50°C for 3 minutes, 3x Tween Wash Buffer
(300 pL) at 55°C for 2 minutes then once in 200 uL 10 mM Tris. To prepare sequencing library,
beads were resuspended in 50 uL PCR mix (25 uL 2xNEB HF master mix (NEB M054), 1 uL
12.5 uM Nextera ad-noMx, 1 uL barcoded 12.5 uM Nextera ad2.x and 23 uL H20) and
amplified by PCR program: 72°C for 5 min, 98°C for 1min, followed by n cycles of [98°C for 15
sec, 63°C for 30 sec, 72°C for 1 min] then hold at 4°C. N was determined by the amount of post-
ChIP DNA as described in Mumbach protocol 8. The libraries were cleaned up using the Zymo
kit and eluted in 15 -18 uL H20, 2 uL of which was used to determine the quantity and size
distribution on an Agilent TapeStation 4000. High quality libraries were sequenced with 2x75bp

runs on an lllumina NextSeq instrument.

HiChIP data analysis

Paired-end reads from 29 HiChIP samples were aligned to hg38 using the Hi-C Pro pipeline 8
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with default settings. Hi-C Pro trims, aligns, assigns reads to Mbol restriction fragments, filters
for valid interactions and generates binned interaction matrices.

Calling loops

We used hichipper & and FitHiChIP 9° to call loops on the Hi-C Pro processed samples. For
hichipper, we used the peak calling options EACH, SELF which include each sample
individually and only self-ligation reads. hichipper interactions were filtered based on a PET
count = 2 and a Mango FDR < 0.01, which are classified as “significant loops”. For FitHiChlIP,
we used the “loose” parameter and a bin size of 5000 kb to call loops at FDR < 0.05. Loops
were converted to bigBed format then uploaded to UCSC browser for visualization. To evaluate
variability across donor samples, PET counts from individual donor loop sets were used as input
for the principal component analysis (PCA). To calculate and visualize the PCA of donor
samples, the R prcomp() function and the ggplot2 package were used.

Generating consensus loops

To construct this loop set, we merged the FASTQ reads of the 29 HiChIP samples based on cell
type (a-cell, B-cell, 3-cell, acinar, and duct). We processed the merged reads using the Hi-C pro
pipeline, and performed loop calling using hichipper and FitHiChIP as described above. We then
intersected the hichipper and FitHiChIP loops for each cell type, using the BEDTools pairtoPair
function, which reports the overlaps if two loops have the same anchors. We considered these
common loops ‘high confidence loops’ as they were identified by two independent loop callers.
To obtain a final list of non-overlapping anchors, we merged 1,144,820 anchors from high-
confidence loops across five cell types using BEDTools with the default 'any overlap' option,
resulting in 127,487 consensus anchors. For each consensus anchor, the midpoint was
determined by calculating the average of the start and end positions of the merged anchors,
rounded down to the nearest integer. A consensus loop set was also created, in which each

unique consensus loop was logged, along with corresponding PETs in every cell type. The
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length of consensus loop was defined as genomic distance between anchor midpoints. After
removing loops with length less than 5 kb (artifact of anchor merging process), we obtained a
total of 349,749 consensus loops from all five cell types.

The AnnotatePeaks.pl function of Homer suite (version 4.11.1) 85 was used with hg38 build
(gencodev42 (GRCh38.p13)) to annotate anchors. We defined the promoter regions as 2 kb
upstream and 3 kb downstream of the transcription start site (TSS). If the midpoint of an anchor
falls into a promoter region, that anchor became a promoter anchor (P), otherwise, an enhancer
anchor (E). Enhancer anchors were named using chromosome location, a numerical identifier,
and the letter "E" (e.g., 22.1008E). Promoters followed a similar notation, with the letter "P" used

instead.

Constructing the enhancer tree models

Principal network elements were defined using consensus loops. Anchors were represented as
nodes and the loops connecting the anchors were represented as network edges.

Notations:

N represents the set of all nodes.

E represents the set of all edges (loops).

Ly (n) represents the level of node n.

Lg(e) represents the level of edge e, where e connects nodes n; and n,.

For an edge e connecting nodes n; and n,, let e = (n, n,).

Assigning levels to nodes:

For each iteration until no new nodes are assigned:

For each edge e = (ny,n,) with either Ly (n;) # — o or Ly(n,) # —oo
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{LN(nl) = LN(‘H.Z) + 1, |fLN(n2) * -1 and LN(nl) = —0

LN(nz) = LN(nl) + 1 |fLN(n1) * _1 and LN(nz) = —00

Assigning levels to edges:

For each edge e = (nq,n,),
Ly(ny) + Ly(ny), ifLy(ny) # —c0 and Ly(n,) # —
Lg(e) = {

-1, otherwise

Nodes are assigned levels based on their proximity to a starting node (nodeid). The starting
node is assigned a level of 0. In each subsequent iteration, adjacent nodes are assigned a level
that's one greater than the current node. The level of an edge (or loop) is determined by the
sum of the levels of the nodes it connects. If either of the nodes has not been assigned a level,

the edge remains unassigned (level = -o0).

Redundancy Removal:

Delete edgeS e = (nl,nz) W|th LN (nl) = LN(nz).

Consensus enhancer trees were built following these steps described above. Cell type-specific
trees were derived by removing the nodes and edges absent from a given cell type. We have
obtained 15557 non-trivial enhancer trees for a-cells, 14276 for B-cells, 10949 for acinar cells,
and 12483 for duct cells. Forests were identified as two or more enhancer trees connected via
shared nodes. To annotate these trees, we integrated the ATAC tag density to the nodes, and

the HiChIP PETs to the edges of the cell type-specific enhancer trees.
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Evaluation of enhancer importance by in silico perturbation (EPIC)
To estimate the effect size of individual enhancers in an enhancer-promoter tree, we developed
a machine learning method to score enhancers by iteratively removing one enhancer at a time

and tracking the change in the accuracy of the trained model.

Preparing the input data

We selected four sets of enhancer-promoter trees corresponding to four cell types— a-cell, -
cell, acinar, and duct). Data for 5-cell was excluded due to substantially fewer number of
enhancer trees detected (Supplemental Figure 2A). 5-cells are among the least abundant cell
types within islets (less than 100,000 cells per donor). While we were able to detect frequently
occurring loops, like the SST locus, the low cell number precludes constructing HiChlP libraries
with complexity comparable to the other cell types. We used the expression specificity scores
(ESS) 47 to subset enhancer-promoter trees that represent both cell type-specific and not cell
type-specific genes. Based on our prior work, ESS greater than 0.7 indicates high cell type-
specificity, whereas ESS less than 0.3 indicates low specificity 4. In the a-cell dataset, there
were 354 trees whose associated genes had an ESS greater than 0.7, therefore these trees
were assigned the class value “alpha”. To ensure a balanced representation of the non-specific
class, we randomly selected a similar number of genes whose ESS is less than 0.3 in all four
cell types and assigned them as "non-alpha". We applied a similar approach for the other cell
types. For B-cell versus non-B-cell, we used 340 trees for "beta" and 365 for "non-beta". The
acinar versus non-acinar comparison included 641 trees for "acinar" and 652 for "non-acinar".

Finally, for duct versus non-duct, we used 476 trees for "duct" and 447 for "non-duct". We
named these sets as Salpha, Sbeta, Sacinar, and Sduct. We then built a matrix containing predictor

variables based on our chromatin interaction and accessibility data corresponding to these
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selected enhancer trees. Specifically, for a given tree that belongs to the cell-type A, the sum of
ATAC-seq tag densities of direct enhancer nodes (ATAC-d-A), the sum of HiChIP PET counts of
direct edges (PET-d-A), the sum of their products (ATACXPET-d-A), and similar 3 variables for
indirect nodes (ATAC-i-A, PET-i-A, and ATACxPET-i-A). In total, 24 variables of chromatin

derived data were included in the matrix.

Initial modeling and performance evaluation

We employed the k-Nearest Neighbor (kNN) algorithm to classify the cell types that the
enhancer tree promoters belong based on the predictor variables detailed above. The data was
centered and scaled to normalize, and Euclidean distance was used to measure the distance

between data points. 10-fold cross-validation was employed to identify the optimal number of

neighbors (k). We built the original models Malpha, Mbeta, Macinar, and Mduct On the Salpha, Sbeta,

Sacinar, and Sduct sets. To evaluate the model performance, we used the accuracy metric, which

is the ratio of correct observations (true positives) to the number of total observations.

Compatrison of the original tree model performances to alternative genomic models

We compared the performance of tree models against two other models: Promoter accessibility
model and the linear model. Promoter accessibility model was built by taking only ATAC-seq tag
counts at the promoters and no further chromatin information such as PET counts or interacting
enhancers was considered. We defined the promoter regions as 2 kb upstream and 3 kb
downstream of the transcription start site (TSS). In the linear model, we assigned a ‘gene
regulatory domain’ that extends 1 Mb both upstream and downstream of the TSS. For this

model, only the ATAC-seq tag counts of enhancers within this domain were considered, and the
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ATAC-seq density of each neighboring enhancer within such window was scaled to be inversely

proportional to its genomic distance to the promoter.

Enhancer removal and evaluating the perturbed model performances

For each enhancer node ‘e’ of the tree ‘T, we created perturbed models Maipha\{€}, Mbeta\{€},
Macinar\{€}, and Maut\{e} by removing the enhancer node ‘e’ and its child nodes. All 24 predictor
variables (ATAC-seq tags, HiChIP PET counts, their products [ATACXPET] for four cell types,
direct/indirect node) were recalculated after each enhancer removal. Similar to the original
models, we used the kNN algorithm with 10-fold cross-validation splits. By comparing the
accuracy difference between the original model and the perturbed one, we calculated the
deviation of prediction accuracies between e-deleted tree and the original prediction for each
enhancer tree set. By summing up the absolute values of these accuracy deviations across cell

types, the total deviation of the enhancer e is given as

D(e) = > lacc(M) — acc(M\{e})|

ME{MalpharMbeta:Macinareruct}

where acc stands for the accuracy of the learning model. We repeated these procedures 100

times for each enhancer to obtain a robust estimate of the average total deviation. This average
was defined as the ‘effect size’ for tree T. Enhancers with larger total deviations were considered
to have a greater impact on their associated promoter activity. We implemented EPIC algorithm

in R, using the caret library for model performance evaluation.
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Perturbing enhancers using CRISPR interference in human pancreas cells
CRISPR guide RNA design
CRISPR guides were designed using the software Geneious Prime

2023.0.1(https://www.geneious.com) and were selected based on activity 192 and specificity

scores that exceeded 94% 3. We targeted each anchor region (enhancer node) with minimum

three gRNAs.

Production of adenoviral vectors and viral stocks
Adenoviruses carrying the CRISPR constructs were provided by Vector Biolabs using their

custom adenovirus construction service (https://www.vectorbiolabs.com/). Ad-CMV-NLS-dCas9-

VP64-mCherry (CRISPRa) was purchased from Vector Biolabs. For CRISPRI, Ad-CMV-NLS-
dCas9-KRAB-mCherry were cloned by modifying the SFFV-dCas9-KRAB-BFP (addgene46911)
at Vector Biolabs then packaged into adenoviruses. For gRNA viruses, gRNA arrays for each
target region were assembled into CARGO constructs following the previously described
protocol %4, these constructs then were sent to Vector Biolabs to produce adenoviruses. All virus

particles were produced at a minimum titer of 1 x 10"°PFU/ml (PFU, plaque forming unit).

Adenoviral transduction of primary human pancreas cells

Human islets or exocrine tissues were partially dissociated using enzymatic digestion as
described previously (Accutase, Thermo Fisher Scientific) 3°. Dispersed cells were seeded on
AggreWell400 wells (STEMCELL 34415) at an estimated 300,000-500,000 cells per microwell
containing the appropriate culture media. The islet culture media consisted of RPMI 1640 with
Glutamine, supplemented with 10% fetal bovine serum (FBS) (HyClone) and 1%
penicillin/streptomycin (P/S) (Thermo Fisher Scientific 15140122). The exocrine culture media

was composed of CMRL 1066 supplemented with 10% heat-inactivated FBS, 1% GlutaMAX
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(Thermo Fisher Scientific 35050061), 1% P/S, and 0.1% nicotinamide (Sigma-Aldrich 72340).
Cells were transduced with adenovirus at an MOI of 100 and cultured at 37°C for 2 hours. After
the incubation, viral media were removed, cells were washed with PBS twice and returned to
the incubator with fresh media to allow aggregation. Post-transduction, the cell clusters were
transferred to a 24-well ultra-low attachment plate (Corning 3473) on day 3. The media was
refreshed as needed, and the cells were harvested for hybridization chain reaction (HCR)

preprocessing on day 5.

RNA-FISH using hybridization chain reaction (HCR) in primary human pancreas cells
CRISPR treated and control cell clusters were collected and dissociated into monolayer using
enzymatic dispersion (Accutase, Sigma-Aldrich A6964). After fixation with 4%
paraformaldehyde at room temperature for 1 hour, the cells were washed and stored in 1% BSA
in PBS with Riboblock (Thermo Fisher Scientific EO0384) at 4°C until further processing. For
permeabilization, cells were treated with PBS-Tween20 (PBS-T) containing Riboblock, followed
by storage in 70% ethanol at -20°C. The hybridization was performed with probes specific to the
targeted genes, followed by a series of washes to remove unbound probes. Amplification of the
hybridized probes was carried out using hairpin oligonucleotides, and the samples were stained
with DAPI for nuclear visualization. Hybridization experiments were performed using HCR RNA-
FISH bundles from Molecular Instruments, including customized probe sets, amplifiers, and
buffers specific for single cell suspension and staining. For each sample, multiplexed staining
was performed using combinations of target gene probes and marker gene probes. Matched
fluorescently labeled amplifier hairpins enabled specific quantification of gene transcripts within
the appropriate cell types. The cells were counterstained with DAPI (4',6-diamidino-2-

phenylindole) and seeded at 70—90% density (50,000-75,000 cells per well) on collagen-
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coated, optically clear 96-well imaging plates (Revvity Health Sciences, D6055700) immediately

prior to imaging.

High-throughput imaging and quantitative analysis

HCR samples were imaged in four channels (405, 488, 561, and 640 nm) using a dual spinning
disk high-throughput confocal microscope (Yokogawa CV7000 or CV8000). A 60x water
immersion objective (NA = 1.2) was used for imaging monolayer samples. Two 16-bit sSCMOS
cameras were employed with binning set to 1, yielding a pixel size of 108 nm. Image Z-stacks
were acquired at 0.5-micron intervals across a total depth of 8 microns. For each well, 20—48
randomly selected fields (containing approximately 10—100 cells per field) were imaged. Images
were automatically corrected in real-time using Yokogawa’s proprietary software to address
camera alignment, optical aberrations, vignetting, and camera background issues. The
maximally projected and corrected images were saved as 16-bit TIFF files. Quantitative analysis
of the HCR results was done using Columbus 2.9.1 (PerkinElmer/Revvity) or Signal Imaging
Artist (SiMA, PerkinElmer/Revvity) 1.2 software. The mean fluorescence intensity in the far-red
channel was measured over the cell body region for each cell, and this value was used as the
primary output measurement. Single-cell results were exported from Columbus or SiMA as
tabular text files. Statistical analysis and data plotting was done in GraphPad Prism version

10.2.3 (GraphPad Software, USA, www.graphpad.com).

Enrichment analysis of GWAS SNPs risk for pancreas diseases in cell specific EP trees

GWAS data selection

GWAS summary statistics for traits associated with pancreas disorders and control traits were
obtained from various key studies: Type 2 diabetes %4, fasting glucose, fasting insulin, Glycated

Hemoglobin and two-hour glucose 8 Type 1 diabetes 32, and Pancreatic ductal-adenocarcinoma

37


http://www.graphpad.com/
https://doi.org/10.1101/2024.09.07.611794

bioRxiv preprint doi: https://doi.org/10.1101/2024.09.07.611794; this version posted September 13, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC
105 and is also made available for use under a CCO license.

(PDAC) €2, control traits 959, GWAS summary statistics were downloaded from Type 2 diabetes

Knowledge portal (https://t2d.hugeamp.org/), MAGIC consortium

(http://magicinvestigators.org/downloads/), GWAS-EBI catalog (https:/www.ebi.ac.uk/gwas/).

GWAS summary statistics for PDAC were provided by the Pancreatic Cancer Cohort

Consortium and the Pancreatic Cancer Case-Control Consortium.

GARFIELD analysis

We used GARFIELD algorithm 65 to calculate the enrichment of GWAS variants that overlapped
with our cell type specific enhancer trees. Specifically, we used cell type-specific ATAC-seq
peak coordinates that overlap with enhancer tree nodes (enhancers and promoters), and

prepared annotation overlap files as required by the algorithm at different GWAS thresholds.

We used the data on LD tags, distance to TSS, and minor allele frequency provided by
GARFIELD, which implements LD scores based on the UK10K project as the reference set for
European population. GARFIELD enrichment tests were run individually using summary
statistics from each of the GWAS studies listed above, and the coordinates for all four cell types
(o, B, acinar, and duct) defined above were used as input annotations. The estimated odds
ratios (ORs) and enrichment p values were computed at various GWAS p value thresholds (1 x
10951 x 10961 x 1097, 5 x 10, and 1 x 10°8). The R code ‘Garfield-Meff-Padj.R’> from
GARFIELD was used to calculate an enrichment p value threshold. This threshold was adjusted
using Bonferroni correction (P<0.01) to account for multiple testing, based on the effective
number of annotations (Meff=4.45). The negative log2 of enrichment p-values for the tested
GWAS summary statistics were plotted using ggplot package in R.

SNP-to-target identification and evaluating EPIC effect sizes
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We used significantly enriched SNPs from the p <1 x 109 GWAS threshold which was the
largest bin containing the highest number of enriched SNPs from all four GWAS p-value
thresholds. While this is a relatively lenient GWAS p-value threshold, we wanted to include the
maximum number of enriched SNPs in the beginning for our gene mapping analysis. We then
identified the overlapping SNPs by intersecting the SNP coordinates with enhancer tree node
coordinates using BEDtools. Each overlap was represented with a unique identifier for each
SNP-enhancer node-promoter link. The list was further filtered to include enhancer trees
containing at least one enriched SNP node and has cell type-specific promoters that has an
ESS > 0.7 4. We focused on four trait-cell type pairings:

T2D-B: T2D SNP enriched B-cell trees

PDAC-duct: PDAC SNP enriched duct cell trees

T2D-acinar: T2D SNP enriched acinar cell trees

PDAC-acinar: PDAC SNP enriched acinar cell trees

We used EPIC to determine the effect size of all enhancer nodes that were included in these
lists. Next, the EPIC evaluated nodes were stratified into two groups: SNP-overlapping or not-
overlapping, and the effect sizes of these nodes were represented by group using CDF()

function in R.

Visualization of select SNP-target gene regions
Examples of SNP-target gene networks for T2D and PDAC in acinar cells were visualized using

locuszoom (https://my.locuszoom.org/) and the UCSC genome browser

(https://genome.ucsc.edu/) on hg38 genome build.
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Figure 1. Mapping enhancer-promoter interactions using donor pancreas

A. Overview of the experimental approach.

B - C. The PCA plots show the clustering of HiChIP samples based on loop profiles across different
pancreatic cell types. Each point represents a sample, and the samples are color-coded according to

their respective cell type.

D - H. UCSC genome browser tracks showing loci representing cell type-specific HIChIP loops and
corresponding ATAC-seq data.
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Figure 2. Parsing enhancer-promoter interactions using graph-based tree models

A. Cartoon illustrating how HiChlIP interactions are transformed into tree models. Promoter forms the
root of the tree, enhancers form the branches, and HiChlIP loops are the edges connecting these

nodes.

B. Enhancers (nodes) and loops (edges) are assigned levels to represent their connectivity within
the tree. Bar graphs show the distribution of node and edge numbers by level. Also see

Supplementary Figure 2.

C. The bar graph shows the proportion of E, enhancers that are located further from the TSS
(transcription start site) than E, enhancers (dark blue) and the proportion where E, enhancers are
closer to the TSS than E, enhancers (light blue). Possible looping configurations are depicted for
each scenario.

D. Bar graph shows the fraction of enhancers looping to the nearest gene (dark grey) or a distal

gene (light grey) in each cell type.

E. Heat maps show the expression specificity (ESS, red) and abundance (blue) of distally looped or
skipped genes. Each row represents a gene pair that are either distally looped to or skipped by the
same enhancer in f-cells. See Supplementary Figure 2 for graphs of the other cell types. Paired
t-test was performed on ESS values or transcript levels of each gene pair, T 1 P-value < 0.0001;

+ P-value < 0.001.

F. Box plots depict the relationship between transcript abundance and the size of enhancer-promoter
trees as measured by the number of enhancers linked to a single promoter. The x-axis represents
the quantiles of expression specificity (ESS) or transcript abundance (normalized counts). The
individual data points represent specific tree sizes for genes within each quantile. Data for p-cells is
shown. For the plots involving other cell types, see Supplementary Figure 2I.
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Figure 3. Dissecting enhancer interconnectivity using tree models

A. Violin plots show the distribution of forest features in each cell type. From left to right: number of
trees, the number of nodes and the genomic span per forest.

B. Bar plots show the fraction of trees whose promoters connect to other trees (with PP loops) and
those that do not engage in PP interactions (no PP loops) within each forest.

C. Bar plots show fraction of tree enhancers linking to other trees (linking trees) and those that do
not (not linking trees) within each forest.

D. Violin plots show the distribution of promoter-promoter (PP) interactions in enhancer forests that
either contain or do not contain cell type-specific promoters. Mann-Whitney test comparing number
of PP interactions in these two categories **** P-value <0.0001.

E. Model representing the structure of enhancer forests. Promoters that connect different enhancer
trees form a central core. Most enhancer nodes within the forest are confined to their own trees
forming distinct ‘modules’. Only a few enhancers with high-multiplicity connect multiple trees within
the forest, linking these separate modules.


https://doi.org/10.1101/2024.09.07.611794

bioRxiv preprint doi: https://doi.org/10.1101/2024.09.07.611794; this version posted September 13, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC
105 and is also made available for use under a CCO license.

>

not cell type-specific  cell type-specific

trees

trees

Wang et al, Figure 4

tree. class
tree.E chromatin  tree.E.activity based on Modeling
accessibility interactions (ATAC X PET) scRNAseq
Tree 1 50 20 1000 - A
Tree 2 5000 500 2500000 ...... A KNN
Tree 3 100 3000 100000 ...... A
performance
— — L
evaluation
Tree N1 5 10 20 e not A 10-fold
Tree N2 1 50 25 e not A CI’OSS-Va|IdatI0n
Tree N3 50 100 1000 not A
C a VS non-a B vs non-B
1.00 1.00
*é Q g ors g o075
sk 2 2
o = =
g 050 g 050
3 3
@ = =
% 0.25 — Promoter, AUC = 0.52 0.25 — Promoter, AUC = 0.55
€0 Linear, AUC = 0.82 Linear, AUC = 0.76
T m /\ Tree.Direct, AUC = 0.84 Tree.Direct, AUC = 0.83
5 < = 0.00 = Tree.Full, AUC = 0.84 0.00 — Tree.Full, AUC = 0.82
[}
£ 000 025 050 075 1.00 000 025 050 075 1.00
-1Mb ~ -5kb +5kb ~ +1Mb False positive rate False positive rate
= . acinar vs non-acinar duct vs non-duct
= ull tree
3 2 1.00 1.00
H 0
ES
o? 2 075 @
= g o 2 075
S8 A& O s g
a 2 2
e O g 050 8 050
g )
= =
0.25 — Promoter, AUC = 0.54 0.25 — Promoter, AUC = 0.55
Linear, AUC = 0.7 Linear, AUC = 0.74
Tree.Direct, AUC = 0.76 Tree.Direct, AUC = 0.87
0.00 = Tree.Full, AUC =0.76 0.00 = Tree.Full, AUC = 0.86
000 025 050 075  1.00 000 025 050 075 1.00

enhancer trees

full tree

_>

el del

e2 del

e3 del

e4 del

iterations with
sequential enhancer removal

False positive rate

model performance

scores (X)

X_M

full

False positive rate

EPIC effect size

enhancer 2

enhancer 1 deviation from
enhancer 3 Mfu”
enhancer 4


https://doi.org/10.1101/2024.09.07.611794

bioRxiv preprint doi: https://doi.org/10.1101/2024.09.07.611794; this version posted September 13, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC
105 and is also made available for use under a CCO license.

Figure 4. EPIC: A machine learning model to prioritize enhancers impacting cell-type specific
gene expression

A.Schematic representation of the data preparation, modeling, and performance evaluation process.
Annotated enhancer-promoter trees were divided into two categories: cell type-specific and not cell
type-specific, based on expression specificity derived from single-cell RNAseq data. For each tree,
chromatin-derived features were calculated, including enhancer accessibility (ATAC-seq),
enhancer-promoter interactions (HiChIP PET counts), and enhancer activity (product of accessibility
and interaction), and whether the interactions are direct or indirect. The k-Nearest Neighbor (KNN)
algorithm was employed to classify trees into their respective cell types using these features. A 10-fold
cross-validation was performed to determine the optimal number of neighbors and to evaluate the
model’s performance using the accuracy metric.

B. Cartoon illustrating alternative models using chromatin features.

C. ROC curves showing performance results of models shown in B. The performance of tree-based
models was compared to two alternative models: the promoter accessibility model and the linear
model.

D. Schematic describing in silico enhancer perturbations using enhancer trees. Enhancer importance
was evaluated by iteratively removing each enhancer from the enhancer-promoter tree and recalculat-
ing the model performance (accuracy) using the kNN classifier. The performance of the perturbed
model (with a specific enhancer removed) was compared to the full model (with all enhancers). The
EPIC effect size for each enhancer was calculated as the deviation in accuracy between the full
model and the perturbed model, averaged over multiple iterations. Enhancers with larger deviations
were considered to have a greater impact on their associated promoter activity.
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Figure 5. Experimental validation platform of EPIC-prioritized enhancers in single cells using
donor pancreas

A. Schematic illustrating the experimental workflow. See methods for details. Red cells represent
dCas9-VP64-mCherry* or dCas9-KRAB-mCherry*cells after transduction with adenovirus.

B. Images showing mCherry* human pancreas cells after transduction. Scale bar: 500um.

C. Bubble plots depict the expression specificity (ESS) and abundance of PCSK1 and PCSK2 transcripts
in human pancreas cells based on single-cell RNA-seq data.

D. Network representation of the -cell PCSK1 enhancer tree. Nodes represent enhancers, with the size
of each node reflecting the ATAC-seq tag density in -cells and the thickness of the lines (edges)
indicating the strength of the enhancer-promoter interactions as detected by HiChlP. The blue highlighted
nodes indicate EPIC-prioritized enhancers. Also see Supplementary Figure 4.

E. RNA FISH images showing PCSKT transcripts (magenta) in p-cells (INS probe, green) and a-cells
(GCG probe, green) after CRISPRa (dCas9-VP64) modulation. The top row shows cells with no gRNAs,
and the bottom row shows cells targeted with gRNAs against the enhancer 5.3108E. Scale bar: 50um.

F. Quantification of PCSK1 transcript levels in mCherry* B-cells and mCherry* a-cells after CRISPRa
(dCas9-VP64) modulation. Mean PCSK1 probe intensity per cell is shown for cells transduced with
gRNAs targeting the promoter (positive control), enhancers 5.3108E and 5.3120E, and a negative control
region. The effect of CRISPRa perturbation was analyzed using one-way ANOVA, followed by Dunnett's
multiple comparison test to compare enhancer gRNA targeting conditions to the no gRNA control group.
Asterisks indicate P-value < 0.0001; ns, not significant. n(mCherry* p-cells)= 1215, n(mCherry* a-cells)=
535, results were reproduced with at least two independent donors.

G. Same as D, except the network represents a-cell PCSK2 enhancer tree, and the red highlighted nodes
indicate its EPIC-prioritized enhancers. Also see Supplementary Figure 4.

H. Same as E, except PCSK2 transcript is shown in magenta, and the bottom row shows cells targeted
with gRNAs against the enhancer 20.1000E.

I. Quantification of PCSK2 transcript levels in mCherry* a-cells and mCherry* p-cells after CRISPRa
(dCas9-VP64) targeting. Mean PCSK2 probe intensity per cell is shown for cells transduced with gRNAs
targeting the promoter, enhancers 20.995E, 20.1000E, and 20.973E. The effect of CRISPRa perturbation
was analyzed using one-way ANOVA, followed by Dunnett's multiple comparison test to compare
enhancer gRNA targeting conditions to the no gRNA control group. Asterisks indicate P-value < 0.0001.
n(mCherry* a-cells)= 1602, n(mCherry* B-cells)= 7477, results were reproduced with at least two
independent donors.
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Figure 6. Enhancer-promoter trees and EPIC facilitate annotation of genetic variants linked to
disease risk

A. Heat map represents the enrichment analysis results of risk SNPs associated with pancreas
disorders and negative control traits in cell type-specific enhancer or promoter nodes.

B. Box plots with overlaid data points showing the distribution of effect sizes for acinar cell enhancers
associated with type 2 diabetes (left) and pancreatic ductal adenocarcinoma (PDAC) (right). Enhancers
are grouped by gene, with dark blue points representing enhancers that overlap with a SNP and light
blue points indicating those without an overlapping SNP. The whiskers extend to the most extreme data
points not considered outliers.

C. Network representation of the XBP1 enhancer tree in acinar cells. Nodes represent enhancers, with
the size of each node reflecting the ATAC-seq tag density and the thickness of the lines (edges)
indicating the strength of the enhancer-promoter interactions as detected by HiChIP. The nodes with the
asterisks indicate the SNP enriched enhancers.

D. Combined UCSC genome browser and locus zoom plots displaying the enhancer tree elements at
the XBP1 locus in acinar cells. The upper panel shows the locus zoom plot with GWAS P-values for
SNPs associated with PDAC, highlighting significant SNPs (rs2267131, rs5752810, and rs5752811) in
red. The UCSC genome browser tracks below show the corresponding ATAC-seq peaks and HiChIP
loops detected in acinar cells. Red highlights the nodes enriched with the significant SNPs.

E. Bubble plot depicts the expression specificity (ESS) and the abundance of XBP1 transcripts in human
pancreas cells based on single-cell RNA-seq data. XBP1 is most abundant in acinar cells.

F. Scatter plot displaying the ranked effect sizes of acinar cell XBP1 tree enhancers. The enhancers that
were tested in CRISPR perturbation assays are marked in red.

G. RNA FISH images showing XBP1 transcripts (magenta) in acinar cells (CPA1 probe, green) after
CRISPRI (dCas9-KRAB) modulation. The top row shows cells without gRNA treatment, and the bottom
row shows cells targeted with gRNAs against the enhancer 22.1008E. Scale bar: 50um.

H. Quantification of XBP1 transcript levels in mCherry* acinar cells after CRISPRi (dCas9-KRAB)
perturbation. Mean XBP1 probe intensity per cell is shown for cells transduced with gRNAs targeting the
promoter (positive control), enhancers 22.1008E (top-ranking), 22.1015E (mid-rank), 22.1040 (low-rank).
The effect of CRISPRI perturbation was analyzed using one-way ANOVA, followed by Dunnett's multiple
comparison test to compare enhancer gRNA targeting conditions to the no gRNA control group.

**** P-value < 0.0001; ***, P-value < 0.001; ns, not significant. n(mCherry* acinar cells)= 2319, results
were reproduced by at least two independent donors.
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Supplementary Figure 1 (relates to Figure 1):

A. FACS plots showing the gating strategy to isolate different pancreas cell populations. Also see
Supplementary Table 2.

B. Bar plots showing the enrichment and depletion of marker genes in each purified cell population as
determined by gPCR analysis. Results were normalized to pre-sorted cells.

C. The Principal Component Analysis shows the clustering of ATAC-seq samples based on chromatin
accessibility profiles across different pancreatic cell types. Each point represents a sample, and the
samples are color-coded according to their respective cell type. The number of donors (n) used for each
cell type is indicated.
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Supplementary Figure 2 (relates to Figure 2)

A. Flowchart describing consensus loop development.

B. Schematic detaling enhancer tree construction based on consensus loops.

C-D. Bar graphs depict the distribution of nodes (C) and edges (D) by connectivity level in enhancer
trees before pruning.

E. Interaction frequency stratified by distance of E1 and E2 relative to their corresponding promoters.
Mann-Whitney test, **** P-value < 0.0001; * P-value < 0.05; ns, not significant.

F. Heat maps show the expression specificity (ESS, red) and abundance (blue) of distally looped or
skipped genes. Each row represents a gene pair that are either distally looped to or skipped by the
same enhancer in a-, 8-, acinar or duct cells.

G. Distribution of gene pairs based on their type in distally looping and skipped gene interactions
across different pancreatic cell types (a-, -, 8-, acinar or duct cells.). The dark green bars represent
the percentage of gene pairs where both the distally looping and skipped genes are coding genes
(coding.skip.coding). The light green bars show the percentage of pairs where the distally looping
gene is a coding gene, but the skipped gene is a non-coding gene (coding.skip.noncoding).

H. Fraction of enhancers looping to the nearest gene (dark grey) or a distal gene (light grey) in each
cell type when noncoding genes are excluded from the datasets.

I. Box plots depict the relationship between transcript abundance and the size of enhancer-promoter
trees as measured by the number of enhancers linked to a single promoter. The x-axis represents the
quantiles of expression specificity (ESS) or transcript abundance. The individual data points represent
specific tree sizes for genes within each quantile.
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Supplementary Figure 3 (relates to Figure 3)

A. Bar graph shows fraction of enhancers connecting to one, two, three or more promoters quantified in each
pancreatic cell type.

B. Bar graph shows the proportion of enhancers that connect to multiple promoters in terms of level changes
in each cell type.

C. Table showing the number of trees belonging to a forest, stratified by cell type.
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Supplementary Figure 4 (relates to Figure 5)

A. UCSC genome browser tracks displaying ATAC-seq peaks and HiChlIP loops at the PCSK1 locus
across different pancreas cell types. The top set of tracks shows a broader region around the PCSK1
gene, showing all the enhancer-promoter interactions corresponding to the PCSK1 tree in p-cells. The
bottom set of tracks zooms in on a region around PCSK1, blue highlighted regions indicate the
top-ranking enhancers 5.3108E and 5.3120E, the promoter and the negative control regions.

B. Scatter plots displaying the ranked effect sizes of p-cell PCSK1 tree enhancers (left) and a-cell
PCSK2 tree enhancers (right). Each point represents an enhancer, ordered by effect size. The
enhancers that were tested in CRISPR perturbation assays are marked in red.

C. Quantification of PCSKT transcript levels in mCherry* acinar cells and mCherry* duct cells after
CRISPRa targeting. Mean PCSK1 probe intensity per cell is shown for cells treated with gRNAs

targeting the promoter (positive control), enhancers 5.3108E and 5.3120E, and a negative control
region. No activation was observed in either cell type or perturbation condition. n(mCherry* acinar

cells)= 4714, n(mCherry* duct cells)= 2193, results were reproduced by at least two independent
donors.

D. UCSC genome browser tracks displaying ATAC-seq peaks and HiChlIP loops at the PCSK2 locus
across different pancreas cell types. Blue highlighted regions indicate the promoter and
EPIC-prioritized enhancers regions.
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Supplementary Figure 5 (relates to Figure 6)

A. Network representation of the GATA4 enhancer tree in acinar cells. Nodes represent enhancers, with
the size of each node reflecting the ATAC-seq tag density and the thickness of the lines (edges)
indicating the strength of the enhancer-promoter interactions as detected by HiChIP. The node with the
asterisk indicates the SNP enriched enhancer.

B. Combined UCSC genome browser and locus zoom plots displaying the enhancer tree elements at the
GATA4 locus in acinar cells. The locus zoom plot highlighting significant SNPs in red. The UCSC
genome browser tracks below show the corresponding ATAC-seq peaks and HiChIP loops detected in
acinar cells. Red highlights the node enriched with the significant SNPs.

C. Bubble plot depicts the expression specificity (ESS) and transcript abundance (normalized counts) of
GATA4 transcripts in human pancreas cells based on single-cell RNA-seq data.

D-G. Cumulative Distribution Function (CDF) plots comparing the enhancer ranks based on EPIC’s
prioritization, with and without SNP overlap, for different cell types and GWAS traits. The top-ranking
enhancer has the value of 1, and bottom-ranking enhancer has the value of zero.

(D) The red line represents enhancers that overlap with SNPs associated with type 2 diabetes (T2D) in
B-cells, while the black line represents enhancers without SNP overlap.

(E) The same comparison for enhancers in acinar cells associated with T2D.

(F) Enhancers overlapping with SNPs (red) and those without SNP overlap (black) in ductal cells
associated with pancreatic ductal adenocarcinoma (PDAC).

(G) The same comparison for enhancers in acinar cells associated with PDAC.
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