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Whole-genome bisulfite sequencing
identifies stage- and subtype-specific DNA
methylation signatures in pancreatic cancer

Sarah S. Wang," Madison L. Hall," EunJung Lee," Soon-Chan Kim,* Neha Ramesh,’ Sang Hyub Lee,?
Jin-Young Jang,?® Richard J. Bold,>¢ Ja-Lok Ku,* and Chang-Il Hwang'-¢/-*

SUMMARY

In pancreatic ductal adenocarcinoma (PDAC), no recurrent metastasis-specific mutation has been found,
suggesting that epigenetic mechanisms, such as DNA methylation, are the major contributors of late-
stage disease progression. Here, we performed the first whole-genome bisulfite sequencing (WGBS) on
mouse and human PDAC organoid models to identify stage-specific and molecular subtype-specific
DNA methylation signatures. With this approach, we identified thousands of differentially methylated re-
gions (DMRs) that can distinguish between the stages and molecular subtypes of PDAC. Stage-specific
DMRs are associated with genes related to nervous system development and cell-cell adhesions, and
are enriched in promoters and bivalent enhancers. Subtype-specific DMRs showed hypermethylation of
GATAS6 foregut endoderm transcriptional networks in the squamous subtype and hypermethylation of
EMT transcriptional networks in the progenitor subtype. These results indicate that aberrant DNA methyl-
ation contributes to both PDAC progression and subtype differentiation, resulting in significant and reoc-
curring DNA methylation patterns with diagnostic and prognostic potential.

INTRODUCTION

Cancer cells accumulate numerous genetic and epigenetic alterations to proliferate and survive. While genetic contributions to cancer initi-
ation and progression have long been studied, it has recently become clear that epigenetic regulation of gene expression is also critical for
malignant transformation. Next-generation sequencing has made it much easier to profile the epigenome of cancer cells and its correlation
with gene expression and patient prognosis. DNA methylation is one such epigenetic mechanism that occurs at cytosines of 5-CG-3' (CpG)
dinucleotides and has been shown to be extensively altered in every cancer type through genome-wide microarray studies.’ Hypermethyla-
tion of promoters and CpG dense regions, called CpG islands, has been especially well studied in cancer and linked to silencing of tumor
suppressor genes and DNA repair genes to promote cancer cell survival and genomic instability, respectively.”* Meanwhile, the mechanisms
by which CpG hypomethylation promotes cancer progression have been largely overlooked even though genome-wide loss of methylation
has been a known characteristic of cancers for over 40 years* While DNA methylation is generally associated with gene downregulation at
promoters and gene upregulation at gene bodies, numerous counterexamples have been observed,”” highlighting a complex relationship
between DNA methylation and gene expression.

Pancreatic ductal adenocarcinoma (PDAC) accounts for over 90% of pancreatic cancer cases and is the 3rd-leading cause of cancer-related
deaths in the United States.” The genetic underpinnings of PDAC progression from normal ductal cells to pancreatic intraepithelial neo-
plasms (PanINs) and primary tumors have been uncovered through the identification of common somatic point mutations and copy number
variants in exome sequencing studies.”'® However, attempts to identify recurrent metastasis-specific genetic mutations have been unsuc-
cessful,'’ suggesting that late-stage disease progression is predominantly driven by epigenetic alterations. In fact, early genome-wide
DNA methylation studies have made it increasingly clear that DNA methylation is an important regulator of PDAC molecular pathobiology
with impacts on clinical phenotypes and patient survival.'*"'” While providing invaluable insights into functional roles of aberrant DNA methyl-
ation in PDAC, these studies were limited due to use of microarrays, which assay less than 5% of CpG sites in the human genome, '® use of
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primary tumor samples with a high stromal content that can interfere with detection of tumor cell-specific DNA methylation changes, and/or a
limited sample size (n < 10).

Recently, Espinet et al. performed whole-genome bisulfite sequencing (WGBS) of fluorescence-activated cell sorting (FACS)-isolated
epithelial cells (EpCAM*/CD45") from resected PDAC specimens, identifying a unique DNA methylation profile associated with interferon
signaling and poor prognosis in a subset of PDAC tumors.'? Analysis of late-stage PDAC was lacking in this study, likely because late-stage
PDAC patients are largely ineligible for surgical resection. Thus, we reasoned that WGBS analysis on PDAC patient-derived organoids (PDOs),
which can be generated from resectable or biopsy-obtained late-stage specimens, would provide additional insight into how the DNA
methylation landscape is altered in aggressive PDAC and throughout PDAC progression.

To assay the PDAC methylome without stromal interference, we performed the first WGBS analysis on PDOs and mouse organoid models
that span each PDAC stage. In this study, over 75% of the CpGs in the human and mouse genome were assayed and used to identify
differentially methylated regions (DMRs) between the stages and two major molecular subtypes of PDAC: progenitor and squamous. Char-
acterization of these DMRs with functional enrichment testing identified pathways, transcriptional networks, and gene regulatory regions
associated with aberrant DNA methylation while integrative transcriptome analysis identified DMRs significantly correlated with gene expres-
sion and poor patient survival. As a result, we have identified several pathways and transcriptional networks whose aberrant methylation may
be impacting PDAC progression and DMRs that may serve as predictors of PDAC aggressiveness and treatment responsiveness.

RESULTS
Global DNA methylation is altered at each stage of PDAC

To assess DNA methylation differences between normal pancreas tissue, precursor lesions, primary tumors, and metastases, we performed
WGBS on 12 mouse organoids derived from each stage of PDAC (normal [mN], PanIN [mP], tumor [mT], and metastasis [mM]). mN organoids
were derived from normal pancreata of C57BL/6J mice, mP organoids were derived from PanIN lesions of the KC (Kras™/5L-G12D. pdx1-Cre)
mouse model of PDAC, and mT and mM organoids were derived from paired tumor and metastatic tissue of the KPC (Kras*/-oL-G12D.
Trp53*/LSER172H. pdx1-Cre) mouse model of PDAC (Figure 1A; Table $1). Principal component analysis (PCA) of the 16,031,225 CpGs assayed
revealed that mN and mP organoids cluster together while mT and mM each form a distinct cluster. mM organoids clustered far away from all
other stages of PDAC (Figure 1B), suggesting that DNA methylation is most dysregulated in distant metastases. Global methylation levels in
mouse organoids were lower in neoplastic samples as mN and mP organoids had greater global methylation (66% and 67%, respectively) than
mT and mM (61% and 63%, respectively) (Figure 1C; Table S1).

To profile genome-wide DNA methylation changes during PDAC progression in the patient setting, we performed WGBS on 35 PDOs
from different stages of disease. 31 primary tumor PDOs (hT) were derived from tumor tissue obtained by surgical resection of patients
with early-stage disease (resectable or borderline) or fine-needle aspiration of patients with late-stage disease (locally advanced or meta-
static). Two normal PDOs (hN) were derived from surgical resection of adjacent normal pancreatic tissues of PDAC patients and an additional
two hN organoids were previously characterized” (Figure 1A; Table S1). PCA of the 21,818,517 CpGs assayed revealed that the global meth-
ylome of hN organoids is distinct from that of hT organoids (Figure 1D). While hT organoids from different stages do not form distinct clusters,
the hT organoids from patients with metastatic disease have the most variable methylome (Figure 1D), suggesting that DNA methylation be-
comes more dysregulated as PDAC progresses. When comparing global methylation levels, hN organoids had the lowest global methylation
(62%) of all PDOs (Figure 1E; Table S1). Global methylation levels tended to decrease with disease aggressiveness as hT organoids from pa-
tients with resectable disease had the greatest global methylation (73%), followed by borderline and locally advanced (67% and 69%, respec-
tively), and lastly, metastatic (62%; Figure 1E; Table S1). Thus, in both mouse organoid models of PDAC and PDOs, aberrant DNA methylation
is observed at each stage of PDAC and average global methylation levels decrease with disease aggressiveness.

DMR analysis of mouse organoids identifies a distinct DNA methylation signature in metastatic organoids

To identify DMRs that distinguish between metastatic tissue and primary tumor or pre-neoplastic tissue, we performed two comparisons: mN/
mP versus mM and mT versus mM. In the mN/mP versus mM comparison, we identified 20,392 significant (q < 0.01) DMRs that completely
distinguished mN/mP organoids from mM organoids in hierarchical clustering analysis (Figure 2A). 75% of the DMRs were hypomethylated in
mM and 25% were hypermethylated (Table S2). In the mT versus mM comparison, we identified 4,116 significant (g < 0.01) DMRs that
completely distinguished mT organoids from mM organoids in hierarchical clustering analysis (Figure 2B). 39% of the DMRs were hypome-
thylated in mM and 61% were hypermethylated (Table S3). Of the mT versus mM DMRs, 82% overlapped with mN/mP versus mM DMRs (Fig-
ure 2C). For both sets of DMRs, mN/mP organoids cluster with mT organoids in hierarchical clustering analysis (Figures S1A and S1B), and
DMRs were evenly distributed throughout the genome (Figures S1C and S1D). In addition, no significant DMRs were detected between
mN/mP and mT organoids. Using machine learning feature selection on the mN/mP versus mM DMRs, we identified a minimal set of 5
DMRs that distinguish mM from mN, mP, and mT organoids (Figure STE). The genes associated with these DMRs (Fam20b,”’ MrpH,”
Rab31,7 Man2a1,”* and Cited2”’) are primarily involved in metabolic signaling and have all been previously implicated in cancer progression
and were all differentially expressed between mN and mM organoids (Figures STF-S1J). Taken together, DMR calling of mouse organoids
identified a DNA methylation signature in mM organoids that separates distant metastases from normal pancreatic tissue, PanINs, and pri-
mary tumors.

To identify the pathways and ontologies impacted by these DNA methylation changes, we performed gene ontology (GO) enrichment
analysis on the genes mapping to both DMR sets. In both sets of DMRs, we observed significant (p < 0.05) enrichment of biological processes

2 iScience 27, 109414, April 19, 2024



iScience ¢? CellPress
OPEN ACCESS

PDAC patient @ hT

- WT mouse "KC" mouse "KPC" mouse
q early Stage Y LSL-KmsG:":,L%-Tmﬁ""’""; K-ras's-620% Pdx-1-Cre
\ / ix-1
~ resectable (n=6) l " l

At borderline (n=6) l 9 9

late stage -
locally advanced (n=6) l

' \\ metastatic (n=13) Q @
adjacent @ hN(n=4) e s =

\

normal tissue

(n=2) (n=2) (n=4) (n=4)
J

¢

Whole Genome Bisfulite
Sequencing (WGBS)

ooty [ UG 01
TP

DMRs mmm m—
genes —

Gene Ontology, HOMER motif, ChromHMM enrichment, Machine learning
B [of

emN @emP @emT @emM OmN COmP OmT OmM
® o °®
0.024
100+
g N,
@ 07 e =
g 2
=  0.014
N 1004 ® o
g |e
-2004 ®
0.004
~300-— T T T .l T T T T T T
-300 -200 -100 0 100 200 0 25 50 75 100
PC 1 (34.74%) Percent Methylation
D 400+ E
® 0.034
[ J
2004 @ : ® PY
9 o ©
o -, 0.02-
] c2a
~ ° ®e i 8
e b ] ® o 0.01
-2004 °
)
e o
o® 0.004
-500 0 500 1000 0 25 50 75 100
PC 1 (49.14%) Percent Methylation
@®hN @ hT (resectable) @hT (borderline) @®hT (locally advanced) @ hT (metastatic)

Figure 1. Global DNA methylation is altered at each stage of PDAC
(A) Experimental design. Created with BioRender.com. FNA, Fine needle aspiration.

(B) Principal component analysis (PCA) of WGBS data from mouse organoids.

(C) Density plot of smoothed single CoG methylation values from mouse organoids.

(D) PCA of WGBS data from patient-derived organoids (PDOs).

(E) Density plot of smoothed single CoG methylation values from PDOs.

related to neurodevelopment and cell migration, cellular components related to cell-cell junctions and actin cytoskeleton, and molecular
functions related to DNA and actin binding (Figures 2D and 2E; Tables S2 and S3). Interestingly, cancer signaling pathways were more signif-
icantly enriched in mN/mP versus mM DMRs as several Ras-associated pathways (Rap1, PI3K/Akt, Hippo) were among the top 10 Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathways and pathways in cancer were the top enriched KEGG term (Figure 2D; Table S2). In mT
versus MM DMRs, the top 10 KEGG terms predominantly related to neuronal signaling, with cAMP signaling being the top enriched term
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Figure 2. DMR analysis of mouse organoids identifies a distinct DNA methylation signature in metastatic organoids
(A) Heatmap of 20,392 significant (g < 0.01) DMRs from mN/mP versus mM comparison.

(B) Heatmap of 4,116 significant (q < 0.01) DMRs from mT versus mM comparison.

(C) Euler diagram of sequence overlaps for DMRs.

(D and E) Top 10 KEGG and GO enrichments for (D) mN/mP versus mM DMRs and (E) mT versus mM DMRs.

(F and G) Top 10 transcription factor motif enrichments for (F) mN/mP versus mM DMRs and (G) mT versus mM DMRs.
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Figure 3. DMR analysis of PDOs identifies a DNA methylation signature associated with late-stage disease
(A) Heatmap of 5,374 significant (g < 0.05) DMRs for early- versus late-stage organoid comparison.

(B) Top 10 KEGG and GO enrichments for early- versus late-stage DMRs.

(C) Top 10 transcription factor motif enrichments for DMRs hypomethylated in late-stage organoids.

(Figure 2E; Table S3). To identify transcriptional networks impacted by DNA methylation changes in PDAC progression, we performed
HOMER motif analysis on DMRs relative to their background regions. DMRs that were hypomethylated in mM organoids of both mN/mP
versus mM DMRs and mT versus mM DMRs were enriched in bZIP transcription factors (TFs) (Figures 2F and 2G; Tables S2 and S3), including
those that form the AP-1 transcription factor complex which controls the expression of genes involved in proliferation, apoptosis, and onco-
genic transformation.”® DMRs that were hypermethylated in mM compared to mT were enriched in bHLH TFs (Figure 2G; Table S3). TFs in this
family included MyoD1, which is involved in suppression of cell migration in gastric cancers,”” and ASCL2, which is associated with immune
infiltration in colorectal cancer.?® Enrichment of bHLH TF-binding motifs was not observed in mN/mP versus mM DMRs (Figure 2E; Table S3),
suggesting that hypermethylation of bHLH TFs occurs late in PDAC progression. Overall, ontology analysis of DMRs revealed enrichment of
neurodevelopment and cancer signaling pathways while HOMER motif analysis revealed that bZIP TF target genes are hypomethylated in
mM organoids.

DMR analysis of PDOs identifies a DNA methylation signature associated with late-stage disease

Due to presence of a distinct DNA methylation signature in mM organoids, we hypothesized that a unique DNA methylation signature of late-
stage PDAC could similarly be identified in PDOs. DMR calling between early-stage organoids and late-stage organoids identified 5,374 sig-
nificant (q < 0.05) DMRs that were nearly all hypomethylated in late-stage organoids (Figure 3A; Table S4). Genes associated with these DMRs
were significantly enriched in biological processes related to cell adhesion, cellular components related to synapse signaling, and molecular
functions related to neurotransmitter activity (Figure 3B; Table S4). In HOMER motif analysis of the regions hypomethylated in late-stage or-
ganoids, several nuclear receptor (NR) TF motifs were enriched, such as NR5A2 and ESRRB (Figure 3C). NR5A2 overexpression has been pre-
viously shown to promote proliferation and migration in pancreatic cancer cells®” while ESRRB promotes stem cell self-renewal by inducing
loss of DNA methylation and recruitment of core pluripotency factors to inactive enhancers.* Expression of these pluripotency factors was
associated with worse survival outcomes and treatment resistance in several cancers,”' and may be performing a similar function in late-stage
PDAC. No TF motifs were enriched in hypermethylated regions due to the small number of DMRs.

To identify differential methylation between normal pancreatic tissue and primary PDAC tumors, we performed DMR calling on hN
compared to hT organoids. This analysis identified 374 significant (g < 0.05) DMRs where 13% of DMRs were hypomethylated in hT and
87% were hypermethylated (Table S5). These DMRs completely separated hN organoids from hT organoids in hierarchical clustering analysis
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Figure 4. Human and mouse DMRs are enriched in promoter regions and bivalent enhancers

(A) CpG annotation enrichments. *FDR < 0.05.

(B) Gene region annotation enrichments. *FDR < 0.05.

(C) Heatmap of log(fold enrichment) for overlaps between DMR sets and Roadmap Epigenomics reference datasets in pancreas cells. *q < 0.05, **q < 0.01,
***q < 0.001.

and were evenly distributed across chromosomes (Figures S2A and S2E). Early- versus late-stage DMRs overlapped minimally with the hN
versus hT DMRs (Figure S2B), suggesting that most of the DNA methylation changes that occur during tumorigenesis differ from those
that occur in the progression from primary tumor to metastasis. GO analysis revealed enrichment of biological processes associated with
transcription, cellular components associated with ion channels and membranes, and molecular functions associated with DNA binding (Fig-
ure S2C; Table S5). Similar to HOMER motif analysis of the mT versus mM DMRs, bHLH TF motifs were enriched in regions that are hyper-
methylated in hT organoids (Figure S2D). No TF motifs were enriched in hypomethylated regions due to the small number of DMRs. Overall,
DMR calling of PDOs identified a DNA methylations signature associated with late-stage disease that is enriched for NR TF-binding motifs in
hypomethylated regions and ontologies related to cell adhesion and neurodevelopment.

Human and mouse DMRs are enriched in promoter regions and bivalent enhancers

To assess the genomic regions most impacted by differential methylation, we tested the DMRs for enrichment of CpG and gene region an-
notations relative to their background regions. For all DMR sets, CpG islands overlapped more with hypermethylated DMRs and open sea
regions overlapped more with hypomethylated DMRs (Figure S3A; Table S6), matching previous evidence that global hypomethylation and
promoter hypermethylation are common events in cancers.”" In addition, each hypermethylated DMR set was most highly enriched in CpG
islands and the hypomethylated early- vs. late-stage DMRs were uniquely depleted in CpG islands, shores, and shelves and enriched in open
seas (Figure 4A). In gene annotation testing, all DMR sets had significant (q < 0.05) enrichment of promoters and depletion of intergenic re-
gions (Figure 4B). Most DMR sets also had significant (g < 0.05) enrichment of 5 UTRs, exons, and 3’ UTRs (Figure 4B) even though less than
15% of DMRs were in exons and less than 5% are in 5 UTRs and 3’ UTRs (Figure S3B). The enrichment of DMRs in CpG islands and promoters
indicates that recurrent DNA methylation changes often affect genetic regions that regulate initiation of transcription.

To understand the epigenetic landscape at these DMRs, we used the chromHMM core 15-state model (based on 127 epigenomes from
the NIH Roadmap Epigenomics Project) to identify pancreas-specific chromatin state enrichments in the DMRs. Apart from the early- vs. late-
stage DMRs, hypermethylated DMRs showed significant (q < 0.01) enrichment in active transcription start sites (TSS), flanking TSS, transcrip-
tion at gene 5" and 3, weak transcription, genic enhancers, enhancers, and ZNF genes. In early- versus late-stage hypomethylated DMRs, the
top enrichment was repressed polycombs (Figure 4C; Table S7). In mT versus mM DMRs, mN/mP versus mM DMRs, and hypermethylated hN
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Figure 5. DNA methylation correlates with gene expression changes that have prognostic value

(A) Percent of DMRs with correlations between DNA methylation and gene expression. RNA-seq of mT and mM organoids (GSE142467)** and RNA-seq of early-
stage and late-stage organoids.

(B) Distribution of gene region annotations in DMRs where DNA methylation levels correlate with expression of the associated gene for mT versus MM DMRs and
early- versus late-stage DMRs.

(C and D) Low methylation in late-stage organoids (left graph) and positive correlation between DNA methylation and normalized gene expression (right graph)
in DMRs associated with glutamatergic synapse-related genes: (C) DLGAP1 and (D) SH3GL2. Normalized gene expression calculated with DESeqg2.*”

(E and F) Kaplan-Meier survival showing poor survival in patients with low mRNA expression of (E) DLGAP1 and (F) SH3GL2 in TCGA-PAAD data.

versus hT DMRs, the top enrichment was either flanking bivalent TSS/enhancer or bivalent enhancer (Figure 4C; Table S7). Previously, it was
reported that bivalent enhancers are closely associated with developmental genes that are poised for activation during development.®” Thus,
the enrichment of hypermethylated regions at enhancers suggests that developmentally poised genes are more prone to methylation in late-
stage PDAC and confer survival benefits and aggressive characteristics.

DNA methylation correlates with gene expression changes that have prognostic value

To estimate the impact of DNA methylation on gene expression in PDAC, we investigated correlations between DNA methylation and gene
expression in mT versus mM DMRs and early- versus late-stage DMRs. 33% of mT versus mM DMRs and 10% of early- vs. late-stage DMRs had
a significant (p < 0.05) correlation between DNA methylation and gene expression (Figure 5A). This smaller proportion of correlated DMRs in
the patient setting is likely due to the greater genetic variation in patients compared to mice as well as the effects of variable environments
and cancer treatments. When investigating the genetic regions associated with significant correlations between DNA methylation and gene
expression, we found that the distribution of gene regions was largely consistent between positive and negative correlations. Exceptions to
this were the enrichment of promoters in negatively correlated mT vs. mM DMRs and the enrichment of introns in positively correlated early-
vs. late-stage DMRs (Figure 5B; Table S8). To assess the relationship between methylation and histone modifications at DMRs, we profiled
active histone marks at mT versus mM DMRs with chromatin immunoprecipitation sequencing (ChIP-seq) (GSE99311).** Regions that were
hypermethylated in mM organoids had reduced occupancy of H3K4me1 and H3K27ac while hypomethylated regions had increased occu-
pancy (Figures S4A-S4D). Together, these results indicate that DMRs have coordinated differences in their epigenetic landscapes that impact
gene expression.
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Figure 6. Progenitor transcriptional networks are hypermethylated in squamous PDOs

(A) Heatmap of 3,751 significant (p < 0.05) DMRs for progenitor versus squamous subtype comparison.

(B) Top 10 KEGG and GO enrichments for subtype DMRs.

(C) HOMER motifs enriched in hypermethylated regions of squamous subtype organoids.

(D) Overlap of subtype DMRs with GATA6 peaks.

(E) GATAG occupancy in hypermethylated DMRs that overlap with GATAé peaks using GATA6 ChlIP-seq data in progenitor subtype, PATU8988S cells
(GSE47535)."

(F) Gene set enrichment analysis (GSEA) of human embryonic stem cell-derived pancreatic progenitor cells with TET1/2/3 triple knockout (TET TKO) compared to
wild-type (WT) RNA-seq (GSE146486)"° using the progenitor subtype gene signature from Bailey et al.*

Given that early- vs. late-stage DMRs are enriched in glutamatergic synapse components (Figure 4B), we sought to discern whether the
associated genes have significant correlation between DNA methylation and gene expression as well as clinical significance. We found that
DMRs associated with DLGAP1 and SH3GL2 were all hypomethylated in late-stage organoids, methylation at these DMRs was positively
correlated with gene expression, and low expression of these glutamatergic synapse-related genes was associated with worse survival out-
comes in The Cancer Genome Atlas data (Figures 5C-5F). Because glutamate is a key substrate of several metabolic pathways, metabolic
reprogramming with adaptations to glutamate metabolism is a common event in cancers, including PDAC, that sustains rapid cell prolifer-
ation.”?” These results highlight a previously underappreciated role of DNA methylation in regulation of glutamate metabolism with a close
correlation to survival outcomes.

Progenitor transcriptional networks are hypermethylated in squamous PDOs

Transcriptional profiling of resected PDAC specimens has identified two main molecular subtypes, called progenitor and squamous, that
have distinct molecular features and prognoses.”®° The progenitor subtype is characterized by a favorable prognosis and the upregula-
tion of transcriptional networks that are crucial for pancreatic endoderm cell-fate determination.””*" The squamous subtype is character-
ized by loss of these endoderm specification TFs, metabolic reprogramming, and a worse prognosis.”” Importantly, changes in gene
expression between the progenitor and squamous subtype are epigenetically regulated as evidenced by chromatin remodeling and
changes in histone modifications.'>*”**%3 To assess the extent of DNA methylation-mediated regulation on the molecular subtypes,
we first stratified PDOs into two major molecular subtypes (progenitor, n = 12 and squamous, n = 6) using RNA sequencing (RNA-seq)
data as described previously (Figure S5A)*” and then performed DMR analysis on the hT organoids. DMR calling identified 3,751 significant
(p < 0.05) DMRs that completely separated the two subtypes in hierarchical clustering analysis (Figures 6A and S5B). Machine learning
identified a minimal set of 17 DMRs that distinguished squamous from progenitor PDOs (Figure S5C). All 17 of the DMRs were hyperme-
thylated in squamous PDOs and 7 of the genes associated with these DMRs (KALRN, LINC00501, EPCAM, ACSL5, ADAP1, PAQRS, and
PRR15L) were downregulated in squamous compared to progenitor patient specimens.’” GO terms enriched in subtype DMRs were asso-
ciated with cell migration, cytoskeleton rearrangement, and signal transduction while pathways in cancer were among the top enriched
KEGG pathways (Figure 6B; Table S9).

The pancreatic progenitor subtype of PDAC is defined by expression of transcription factors involved in pancreatic endoderm identity,
such as HNF4A and GATA6.*7“*** In the squamous subtype, these TFs are epigenetically silenced by DNA methylation, resulting in loss of
endodermal identity and expression of squamous-associated transcriptional profiles.*”*?*%%¢ |n this study, not only did we see hyperme-
thylation of HNF4A and GATAG (Figures 6A and 6B; Table S9), but also hypermethylation of their target genes as evidenced by significant
(P < 1E-150) enrichment of their binding motifs within DMRs that were hypermethylated in the squamous subtype (Figure 6C). The enrich-
ment of GATA6-binding motif in hypermethylated DMRs prompted us to hypothesize that GATAG is critical to maintain hypomethylated
status in the progenitor subtype-associated genes. To this end, we compared the known GATA6-binding sites in the progenitor PDAC cell
line, PATU8988S, with the hypermethylated regions in the squamous subtype. GATA6 peaks were enriched in the hypermethylated regions
while hypomethylated regions showed no enrichment (Figures 6D and 6E). Genes associated with these hypermethylated GATAé peaks
were downregulated in the squamous subtype (Figures S6C-S6E), indicating that GATAG target genes are silenced by DNA methylation.
Recently, GATA6 has been shown to interact with demethylating TET enzymes, resulting in demethylation of its binding sites.”” These re-
sults suggest that interactions with TET enzymes help pancreatic endoderm TFs maintain the progenitor subtype in PDAC by preventing
DNA methylation-mediated silencing of their target genes. To test this hypothesis, we first investigated whether TET enzymes are neces-
sary for progenitor gene expression using publicly available RNA-seq dataset (GSE146486) of pancreatic progenitor cells with triple
knockout of TET1/2/3 (TET TKO).”> Gene set enrichment analysis of this RNA-seq data revealed that TET TKO cells are significantly
depleted in the progenitor gene signature compared to wild-type cells (Figure 6F), indicating that TET enzymes are required to maintain
the progenitor subtype. On the other hand, no significant difference in the squamous gene signature was observed (Figure S6F), indicating
that loss of TET enzymes is not sufficient to induce the squamous subtype. With the ChIP-seq and WGBS data from the same dataset, we
then tested whether TET depletion promotes epigenetic remodeling of GATAb6-regulated progenitor genes to an inactive state. As ex-
pected, the TET TKO resulted in increased DNA methylation, reduced chromatin accessibility, and reduced H3K27ac occupancy
(Figures S6G-S6J). In conclusion, the two main molecular subtypes of PDAC have distinct DNA methylation signatures, progenitor tran-
scriptional networks are hypermethylated in squamous PDOs, and TET enzymes are involved in epigenetic remodeling of GATA6 target
genes to promote the progenitor subtype in PDAC.
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DISCUSSION

Most genome-wide DNA methylation studies of PDAC relied on microarray platforms that assay a very small percentage of CpGs and re-
sected primary tumor specimens that exhibit variable tumor cellularity due to the extensive desmoplastic stroma characteristic of
PDAC."*"" This high stromal content complicates characterization of molecular mechanisms specific to epithelium-derived malignant cells
and reduces the sensitivity of detecting DMRs.'® Recent WGBS studies employed microdissection and FACS of epithelial cells (EpCAM*/
CD45") to achieve high purity of resected primary tumor samples and provide insights into the cell of origin debate in human PDAC and aber-
rant DNA methylation patterns in resectable disease.'”*® However, the role of DNA methylation in late-stage disease progression is poorly
understood as most patients with late-stage disease are not eligible for tumor resection. Use of PDAC organoids provides a unique oppor-
tunity to investigate DNA methylation changes across all stages of PDAC as they can be derived from resectable tissue as well as fine-needle
biopsy. Furthermore, PDAC organoids preserve tumor heterogeneity, exhibit disease stage-specific characteristics, and are derived from
neoplastic ductal cells, eliminating the cellularity issues posed by primary specimens.”” Thus, we provide novel insight into the role of
DNA methylation in PDAC progression and subtype transition with the first comprehensive genome-wide DNA methylation study using
PDAC organoids. First, we uncovered DMRs that distinguish metastases from primary tumors and preneoplastic tissue, early-stage primary
tumors from late-stage primary tumors, and primary tumors from normal pancreata. Second, we showed that that these DMRs mapped to
genes that are enriched for neurodevelopment, focal adhesion, and glutamatergic signaling processes. Third, we identified DMRs whose
DNA methylation correlates with expression of genes with prognostic value. Lastly, we demonstrated that squamous and progenitor core
gene programs are differentially methylated and separate the two subtypes based on their DNA methylation profiles.

The DMRs identified in this study validate previously observed impacts of DNA methylation on gene expression and signaling pathways
while also providing new insights. Pathways that were enriched in differentially methylated genes of previous studies as well as this study

. . . 14 .
5 '3 circadian entrainment,'* and many critical cancer-

include axon guiolance,1 neuroactive ligand-receptor interaction,'>'* focal adhesion,
related pathways.'> "> To our knowledge, differential methylation of glutamate signaling has not been previously highlighted but was signif-
icantly enriched in hypomethylated early- vs. late-stage DMRs in this study. Glutamate signaling components have previously been shown to
regulate PDAC metabolic reprogramming, growth, and metastasis.***? In addition, we found that hypomethylation was associated with low
gene expression and poor survival outcomes, suggesting that DNA methylation-mediated glutamate adaptations promote PDAC progres-
sion and contribute to poor prognosis.

While TP63 expression is sufficient to induce squamous subtype transition, not all squamous subtype PDOs express TP63, suggesting that
p63 is not required for the squamous identity.*® Likewise, we did not see significant enriched TP63-binding motif in the hypomethylated re-
gions, while the significant enrichments in GATA6 and other endoderm lineage TFs were found in the hypermethylated regions. Instead, we
found that the binding motifs of Snail1 and Slug are enriched in DMRs that are hypomethylated in the squamous subtype (Figure S5D). Over-
expression of Snaill in PDAC has been shown to promote many of the characteristics associated with the squamous subtype, including
epithelial-to-mesenchymal transition (EMT), metabolic reprogramming, and chemoresistance.”>" This suggests that the loss of endoderm
lineage TFs (e.g., GATA6, HNF4A) is a prerequisite for squamous subtype transition and other contributing factors such as TP63 and EMT TFs
can further promote squamous identity. Nonetheless, our data suggest that GATAé-mediated recruitment of TET enzymes allows PDAC cells
to maintain the hypomethylated status of endodermal lineage-related genes. HNF4A may also play a role in this progenitor subtype main-
tenance as we found that HNF4A ChlIP-seq peaks overlap with GATA6 peaks in progenitor PDAC cell lines (Figure S6K). However, it remains to
be determined whether DNA methylation actively evicts GATA6 binding or GATAS loss passively allows DNA methylation in these regions.

Taken together, our study provides analysis of the global DNA methylation landscape in murine models and PDOs for PDAC progression,
revealing stage- and subtype-specific DMRs in PDAC. The identification of these DMRs indicates that recurrent DNA methylation changes
underlie the disease stages and molecular subtypes of PDAC. Furthermore, these DNA methylation alterations can be utilized as functional
biomarkers for PDAC progression and molecular subtyping.

Limitations of the study

One limitation in this study is the absence of human metastasis-derived organoids for stage-specific DMR analysis. Consequently, this study
may be missing DNA methylation changes that occur in metastatic disease. In addition, the PDAC organoid model may have epigenetic dif-
ferences from primary tumor specimens that have yet to be explored. This may especially be the case for hN organoids which had unexpect-
edly low DNA methylation levels relative to hT organoids. We hypothesize that this global hypomethylation of hN organoids may be the result
of epigenetic changes that enable human normal samples to proliferate in cell culture conditions. Thus, the hN versus hT DMR analysis may be
reflective of proliferation-independent differences between neoplastic and non-neoplastic cells, but will require further investigation.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Human normal pancreas University of California, Davis N/A
Comprehensive Cancer Center

Critical commercial assays

Qiagen DNEasy Blood and Tissue Kit Qiagen Cat#69504

Accel-NGS Methyl-Seq DNA Library Kit Swift Biosciences Cat#30096

Deposited data

WGBS raw data and processed bedgraph files

Custom code

Mouse reference genome NCBI37/mm9

Human reference genome GRCh38/hg38

mT and mM organoid RNA-seq data

mT and mM H3K4me1 and H3K27ac ChiP-seq data
GATAG ChiP in PATU8988S cells

TET TKO WGBS, ATAC-seq, RNA-seq, and ChIP-seq data
HNF4A ChIP in PDAC cells

This paper
This paper
Genome Reference Consortium
Genome Reference Consortium

Oni et al.**

Roe et al.**

Kloesch et al.**

Lietal.”

Camolotto et al.””

GEO: GSE243528

https://github.com/swang52/pdac_wgbs.git

https://www.ncbi.nlm.nih.gov/grc/mouse

https://www.ncbi.nlm.nih.gov/grc/human

GEO: GSE142467
GEO: GSE99311
GEO: GSE47535
GEO: GSE146486
GEO: GSE138452

Biological samples

Mouse: mN5 Normal pancreatic organoid

Mouse: mN11 Normal pancreatic organoid

Mouse: mP1 PanIN organoid

Mouse: mP2 PanIN organoid

Mouse: mT3 Tumor organoid

Mouse: mTé Tumor organoid

Mouse: mT19 Tumor organoid

Mouse: mT23 Tumor organoid

Mouse: mM1 Metastatic organoid (liver, paired tumor is mT3)

Mouse: mM3P Metastatic organoid (peritoneum,

paired tumor is mTé)

Mouse: mMé Metastatic organoid (peritoneum,
paired tumor is mT19)

Mouse: mM10 Metastatic organoid (peritoneum,

paired tumor is mT23)

Human: hN1 Normal pancreatic organoid
(female, 59 years old)

Human: hN4 Normal pancreatic organoid

(female, unknown age)

Human: hN9 Normal pancreatic organoid

(female, unknown age)

Human: hN18 Normal pancreatic organoid (male, 69 years old)
Human: SNU-3898-TO Tumor organoid (female, 61 years old)
Human: SNU-3912-TO Tumor organoid (female, 58 years old)
Human: SNU-3926-TO Tumor organoid (female, 52 years old)
Human: SNU-3947-TO Tumor organoid (female, 64 years old)
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Tuveson Laboratory, Boj et al.””
Tuveson Laboratory, Boj et al.”
Tuveson Laboratory, Boj et al.”°
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Tuveson Laboratory, Boj et al.?
Tuveson Laboratory, Roe et al.*?
Tuveson Laboratory, Roe et al.**
Tuveson Laboratory, Boj et al.”

Tuveson Laboratory, Boj et al.?°

Tuveson Laboratory, Roe et al.**

Tuveson Laboratory, Roe et al.*®

This paper

Tuveson Laboratory, Boj et al.””

Tuveson Laboratory, Boj et al.”
This paper

Korean Cell Line Bank

Korean Cell Line Bank

Korean Cell Line Bank

Lee et al.”®

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA

NA

NA

NA

NA

NA

NA
NA
NA
NA
NA
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Continued
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Human: SNU-3997-TO Tumor organoid (male, 54 years old)
Human: SNU-4158-TO Tumor organoid (female, 54 years old)
Human: SNU-4192-TO Tumor organoid (female, 56 years old)
Human: SNU-4206-TO Tumor organoid (female, 81 years old)
Human: SNU-4208-TO Tumor organoid (male, 45 years old)
Human: SNU-4242-TO Tumor organoid (male, 74 years old)
Human: SNU-4243-TO Tumor organoid (male, 63 years old)
Human: SNU-4305-TO Tumor organoid (female, 65 years old)
Human: SNU-4340-TO Tumor organoid (male, 66 years old)
Human: SNU-4354-TO Tumor organoid (female, 64 years old)
Human: SNU-4365-TO Tumor organoid (female, 55 years old)
Human: SNU-4378-TO Tumor organoid (female, 69 years old)
Human: SNU-4425-TO Tumor organoid (female, 60 years old)
Human: SNU-4457-TO Tumor organoid (female, 58 years old)
Human: SNU-4461-TO Tumor organoid (female, 67 years old)
Human: SNU-4482-TO Tumor organoid (female, 65 years old)
Human: SNU-4525-TO Tumor organoid (male, 56 years old)
Human: SNU-4557-TO Tumor organoid (female, 63 years old)
Human: SNU-4779-TO Tumor organoid (female, 62 years old)
Human: SNU-4837-TO Tumor organoid (male, 67 years old)
Human: SNU-4863-TO Tumor organoid (female, 69 years old)
Human: SNU-4871-TO Tumor organoid (female, 58 years old)
Human: SNU-4874-TO Tumor organoid (female, 54 years old)
Human: SNU-4893-TO Tumor organoid (male, 69 years old)
Human: SNU-4894-TO Tumor organoid (male, 61 years old)
Human: SNU-5177-TO Tumor organoid (female, 57 years old)
Human: SNU-5345-TO Tumor organoid (male, 54 years old)

Korean Cell Line Bank

Lee et al.”®

Lee et al.”®

Lee et al.”®

Lee et al.”®
Korean Cell Line Bank
Korean Cell Line Bank

Lee et al.”®

Lee et al.”®

Lee et al.”®

Lee et al.””

Korean Cell Line Bank
Lee et al.””

Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank
Korean Cell Line Bank

Korean Cell Line Bank

Korean Cell Line Bank

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA

Software and algorithms

CpG_Me

Trim Galore

Cutadapt
FastQ Screen

Bismark

Bowtie 2

SAMtools
Picard
MultiQC
R
DMRichR

Dmrseq

Laufer et al.>*

Babraham Bioinformatics

Martin®®

Wingett et al.”®

Krueger and Andrews®’

Langmead and Salzberg™®

Lietal.”’

Broad Institute

Ewels et al.°

Laufer et al.>*

Korthauer et al.®’

https://github.com/ben-laufer/CpG_Me
https://www.bioinformatics.babraham.

ac.uk/projects/trim_galore/
https://cutadapt.readthedocs.io/en/stable/

https://www.biocinfromatics.babraham.

ac.uk/projects/fastq_screen/

https://www.biocinformatics.babraham.

ac.uk/projects/Bismark

https://bowtie-bio.sourceforge.
net/bowtie2/index.shtml

https://www.htslib.org
https://broadinstitute.github.io/picard/
https://multigc.info
https://www.r-project.org/
https://github.com/ben-laufer/DMRichR
https://bioconductor.org/packages/

release/bioc/html/dmrseq.html
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Bsseq

ComplexHeatmap

Hansen et al.%?

Gu et al.®

https://bioconductor.org/packages/
release/bioc/html/bsseq.html
https://jokergood.github.io/

ComplexHeatmap-reference/book/

enrichR Chen et al.®* https://cran.r-project.org/web/
packages/enrichR/index.html

HOMER Heinz et al.*® htttps://homer.ucsd.edu/homer

LOLA Sheffield and Bock®® https://bioconductor.org/packages/
release/bioc/html/LOLA.html

liftOver Ucsc https://genome.ucsc.edu/cgi-bin/hgLiftOver

Boruta Kursa and Rudnicki®” https://cran.r-project.org/web/
packages/Boruta/index.html

sigFeature Das et al.® https://www.bioconductor.org/packages/
release/bioc/html/sigFeature.html

DESeq2 Love et al.” https://bioconductor.org/packages/
release/bioc/html/DESeq2.html

ggplot2 Wickham®? https://cran.r-project.org/web/
packages/ggplot2/index.html

Graphpad Prism GraphPad Software https://www.graphpad.com/features

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Dr. Chang-il
Hwang (cihwang@ucdavis.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability
e Raw and processed sequencing data has been deposited at GEO and is publicly available as of the date of publication under accession
number GSE243528. The accession number is also listed in the key resources table.
e All original code has been deposited at GitHub and is publicly available as of the date of publication at https://github.com/swang52/
pdac_wgbs.git. The URL is also listed in the key resources table.
e Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human specimens

Specimens used to generate two normal organoids (N4 and hN9) and specimens used to generate ten late-stage primary tumor organoids
(SNU-3947-TO, SNU-4158-TO, SNU-4192-TO, SNU-4206-TO, SNU-4208-TO, SNU-4305-TO, SNU-4340-TO, SNU-4354-TO, and SNU-4365-
TO, SNU-4425-TO) were obtained and characterized previously.”>* An additional two normal organoids (hN1 and hN18) were derived
from the adjacent normal tissue of patients undergoing surgical resection at University of California, Davis Medical Center (UCDMC). An addi-
tional twenty-one primary tumor specimens were obtained from surgical resection of PDAC patients with early-stage disease or fine-needle
aspiration of PDAC patients with late-stage disease at Seoul National University Hospital. All tissue donations and experiments were reviewed
and approved by the Internal Review Boards of each participating institution in compliance with the Declaration of Helsinki. Written informed
consent was received from each donor and/or their legal representative prior to specimen acquisition. Samples were confirmed to be tumor
or normal based on pathologic assessment. For patients included in this study, 31% were male and 69% were female and the median age was
61 years old. There was no significant difference in median age of early- versus late-stage patients or progenitor versus squamous subtype
patients as determined by t-test. Information on sex, age, and treatment for each sample can be found in Table S1.

16 iScience 27, 109414, April 19, 2024


mailto:cihwang@ucdavis.edu
https://github.com/swang52/pdac_wgbs.git
https://github.com/swang52/pdac_wgbs.git
https://bioconductor.org/packages/release/bioc/html/bsseq.html
https://bioconductor.org/packages/release/bioc/html/bsseq.html
https://jokergood.github.io/ComplexHeatmap-reference/book/
https://jokergood.github.io/ComplexHeatmap-reference/book/
https://cran.r-project.org/web/packages/enrichR/index.html
https://cran.r-project.org/web/packages/enrichR/index.html
http://htttps://homer.ucsd.edu/homer
https://bioconductor.org/packages/release/bioc/html/LOLA.html
https://bioconductor.org/packages/release/bioc/html/LOLA.html
https://genome.ucsc.edu/cgi-bin/hgLiftOver
https://cran.r-project.org/web/packages/Boruta/index.html
https://cran.r-project.org/web/packages/Boruta/index.html
https://www.bioconductor.org/packages/release/bioc/html/sigFeature.html
https://www.bioconductor.org/packages/release/bioc/html/sigFeature.html
https://bioconductor.org/packages/release/bioc/html/DESeq2.html
https://bioconductor.org/packages/release/bioc/html/DESeq2.html
https://cran.r-project.org/web/packages/ggplot2/index.html
https://cran.r-project.org/web/packages/ggplot2/index.html
https://www.graphpad.com/features

iScience ¢? CellPress
OPEN ACCESS

Organoid culture

All murine organoids were established and characterized previously.”” In brief, normal pancreatic ductal organoids (mN) were derived from
C57BL/6 mice. Low-grade murine PanIN organoids (mP) were derived from KC mice (Kras™/tS-G12P. pdx1-Cre) while murine primary tumor
organoids (mP) and metastatic organoids (mM) were derived from tumor-bearing KPC mice (Kras™/"5-C12P; Trp53+/LSLR172H - pyy1_Cre). Mu-
rine pancreatic cancer organoids were cultured in Matrigel with murine organoid culture media: advanced DMEM/F12, HEPES 10 mM,
GlutaMAX 1X, A83-01 500 nM, mEGF 50 ng/ul, mNoggin 100 ng/ul, hFGF10 100 ng/ul, hGastrin | 10 nM, N-acetylcysteine 1.25 mM, nicotin-
amide 10 mM, B27 supplement (2% final), and R-spondin conditioned media (10% final). Primary tumor organoids derived from surgically re-
sected tissue and FNA of PDAC patients as well as normal organoids derived from adjacent normal tissue of surgically resected tissue of
PDAC patients were established and cultured as previously described.””>* PDOs were cultured in Matrigel with human organoid culture me-
dia: advanced DMEM/F12, HEPES 10mM, Glutamax 1X, A83-01 500 nM, hEGF 50 ng/ml, mNoggin 100ng/mL, hFGF10 100 ng/mL, hGastrin |
10 nM, N-acetylcysteine 1.25 mM, nicotinamide 10 mM, PGE2 1uM, Primocin 100 ug/mL B27 supplement 1X, R-spondin1 conditioned media
(10% final), Afamin/Wnt3A conditioned media (50% final).

METHOD DETAILS
DNA isolation and WGBS library preparation

Genomic DNA was extracted from murine organoids and hN organoids using the DNeasy Blood and Tissue Kit (Qiagen) with RNaseA to
digest RNA. Genomic DNA from EUS-FNA-derived human organoids (SNU-) were obtained from the Korean Cell Line Bank and extracted
as previously described.®® Digestion of RNA was confirmed with a 1% agarose gel and genomic DNA was quantified using a Nanodrop
2000 Spectrophotometer (Thermo Scientific). For each sample, 200 ng of genomic DNA was bisulfite converted using the EZ DNA
Methylation-Lightning kit (Zymo). WBGS sequencing libraries were constructed from 50 ng of converted DNA per sample using the
TruSeq DNA Methylation Kit (lllumina). Library quality was checked with Bioanalyzer (Agilent), quantified, indexed, and pooled prior to
150 bp paired-end sequencing for ~5X coverage. All murine samples were sequenced on one lane of a single NovaSeq 6000 flow cell (llu-
mina) and all human samples were sequenced on two lanes of a single NovaSeq 6000 flow cell.

WGBS data processing

Raw WGBS fastq files were aligned using the CoG_Me pipeline.>* Briefly, reads were chastity filtered and trimmed to remove adapters and
sequences with methylation bias using Trim Galore (https://www.bioinformatics.babraham.ac.uk/projects/trim_galore) and Cutadapt.” Bis-
mark,”” Bowtie 2,°° and SAMtools®” were then used to align reads to the mouse genome (mm9) for murine samples and the human genome
(hg38) for human samples, remove PCR duplicates, extract CpG methylation, generate CpG count matrices, and calculate coverage. Insert
size metrics were calculated using Picard (https://broadinstitute.github.io/picard). Quality control and assurance was performed using Trim
Galore, Bismark, FastQ Screen,”® and MultiQC.%°

Differential methylation analysis

DMR calling and most downstream analyses were performed using the DMRichR R package.” DMRichR uses dmrseq®' and bsseq® algo-
rithms to perform local likelihood smoothing, which infers methylation levels from CpG count matrices where CpGs with higher coverage
are given greater weight. Thus, the statistical approaches benefit from more biological replicates rather than deeper sequencing and reduces
the coverage needed to achieve accurate results from 30X coverage or deeper to as little as 4X. Briefly, symmetric CpG sites were merged
across strands and CpGs were filtered for at least 1X coverage in 100% of murine samples or at least 75% of human samples with sex adjust-
ment. CpGs from chromosome X and Y were removed from analysis to eliminate sex-dependent DMRs. Candidate background regions with
greater than 10% methylation difference were assembled and subject to permutation testing (8 permutations for murine samples and 10
permutations for human samples) to find DMRs with at least 5 CpGs and FDR corrected g-value < 0.01 for mouse organoid comparisons,
FDR corrected g-value < 0.05 for stage-stratified PDO comparisons, and empirical p-value < 0.05 for the subtype-stratified PDO comparison.
Individual smoothened methylation values for DMRs were generated with bsseq® and used for heatmap visualizations with ComplexHeat-
map®® and principle component analysis (PCA). Annotatr’® and ChiPseeker’' packages were used for gene region, gene symbol, and CpG
annotations where promoters were defined as regions within 3 Kb of the TSS and DMRs were annotated with the following prioritization order:
Promoter > 5'UTR > 3'UTR > Exon > Intron > Downstream > Intergenic.

Enrichment testing

enrichR®" was used for gene ontology (GO) and KEGG pathway enrichment testing of DMRs between 3Kb upstream of a TSS and 3 Kb down-
stream of a 3' UTR. HOMER® was used to identify transcription factor binding motifs enriched in DMRs through the findMotifsGenome.pl
script with CpG% normalization (-cpg) and given region size (-size given). Annotation based enrichment was performed using two-sided
Fisher's exact tests. Locus Overlap Analysis (LOLA)*® was used to identify chromatin enrichments in pancreas cells from the ChromHMM
15-state model.”? All enrichment testing was done relative to the background regions assembled for DMR calling and odds ratios were con-
verted to fold enrichment for data visualization. For all genes annotated to DMRs, Pearson’s correlation coefficient was calculated to identify
genes whose methylation changes significantly correlate to gene expression (p < 0.05).
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Machine learning

The random forest algorithm in Boruta®” and the support vector machine algorithm in sigFeature®® were used to build binary classification
models and create two lists of DMRs ranked by variable importance for mN/mP vs mM DMRs and subtype DMRs. Common DMRs in the
top 1% of each list were selected as minimal DMRs. Machine learning analyses were then performed to predict PDAC stage (tumor or met-
astatic) and PDAC subtype (progenitor or squamous) from the identified set of minimal DMRs. The ntree parameter (number of trees) was set
to 500 and the mtry (number of predictors sampled at each tree split) parameter was set to 2.

Analyses of public datasets

Normalized RNA-seq expression data for mouse organoids were downloaded from the NCBI Gene Expression Omnibus (GEO) with acces-
sion number GSE142467 °** The Cancer Genome Atlas (TCGA) normalized samples from PDAC samples were downloaded from the TCGA
database and used to calculate Kaplan-Meier survival curves with GraphPad Prism. H3K4me1 and H3K27ac for mT and mM organoids were
obtained from accession number GSE99311 ** and used to generate mean signal plots at DMRs with deepTools’” functions computeMatrix
and plotProfile. Similarly, mean signal plots at DMRs with GATAb occupancy were generated from WGBS, ATAC-seq, H3K4me1 ChiP-seq,
and H3K27ac ChlIP-seq data in TET1/2/3 triple knockout pancreatic progenitor cells (TET TKO) obtained from accession number
GSE146486."> GATA6 occupancy was determined from GATA6 ChIP-seq in PATU8988S cells (progenitor subtype) from GSE47535.%
HNF4A occupancy was determined from HNF4A ChIP-seq in HC594a8 and HC800a8 PDAC cell lines (progenitor subtype) from GSE138452.%

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical details of experiments can be found in the figure legends. Statistical analysis of gene expression data was conducted using Dun-
nett's multiple comparison test when comparing three or more groups or student t-test when comparing two groups in Graphpad Prism. All
other statistical analysis was conducted in R and described above. In all figures *P < 0.05; **P < 0.01; ***P < 0.001. Graphs were drawn with
ggplot2,*” Graphpad Prism, or ComplexHeatmap.®*

18 iScience 27, 109414, April 19, 2024



	ISCI109414_proof_v27i4.pdf
	Whole-genome bisulfite sequencing identifies stage- and subtype-specific DNA methylation signatures in pancreatic cancer
	Introduction
	Results
	Global DNA methylation is altered at each stage of PDAC
	DMR analysis of mouse organoids identifies a distinct DNA methylation signature in metastatic organoids
	DMR analysis of PDOs identifies a DNA methylation signature associated with late-stage disease
	Human and mouse DMRs are enriched in promoter regions and bivalent enhancers
	DNA methylation correlates with gene expression changes that have prognostic value
	Progenitor transcriptional networks are hypermethylated in squamous PDOs

	Discussion
	Limitations of the study

	Supplemental information
	Acknowledgments
	Author contributions
	Declaration of interests
	References
	STAR★Methods
	Key resources table
	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Experimental model and study participant details
	Human specimens
	Organoid culture

	Method details
	DNA isolation and WGBS library preparation
	WGBS data processing
	Differential methylation analysis
	Enrichment testing
	Machine learning
	Analyses of public datasets

	Quantification and statistical analysis




